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Abstract— Biotic interactions within ecosystems are crucial for 
maintaining biodiversity and various ecological functions. This 
study focuses on correcting biases in the Global Biotic Interaction 
(GloBI) database, which catalogs species interactions from a vast 
array of scientific literature that are generally compromised by 
under- and over-reporting biases. We assume the biotic 
interaction network has a scale-free property, and the degree 
distribution follows a power law. Using a linear regression model 
on a double-logarithmic scale, we correct the potential biases in 
degree centrality (DC), betweenness centrality (BC), and 
PageRank scores (PR). After the correction, these centrality 
measures better align with the power-law frequency distribution, 
and alleviate the initially observed bounding relationships of BC 
to DC and PR, thereby approaching the generally expected 
statistics of a scale-free network. Taking the universality of scale-
free networks as the underlying property in biotic interactions, the 
corrected centrality scores are expected to mitigate the reporting 
biases and enhance the database's utility for ecological research. 

Keywords: biodiversity; biotic interactions; scale-free network; 
power law; degree centrality; betweenness centrality; PageRank 
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I.  INTRODUCTION 
Biodiversity supports ecosystem functions. In addition to 

metabolic, functional, taxonomic and phylogenetic diversities, 
there exists a diversity of biotic interactions such as antagonistic 
competition for resources, mutualistic pollination and hosting 
behavior, or predation through the trophic chain. These 
interaction diversities play essential roles in the functioning of 
ecosystems, resulting in the regulation of species populations 
including pathogens, nutrient and energy cycling, resilience and 
stability of ecological communities, etc (e.g. [1][2]). 

Biotic interactions between species can be detected through 
field observation and laboratory experiments, and a wide range 
of literature is collated as open-source databases (e.g. [3][4]), 
allowing further development of network measure databases for 
the evaluation and estimation of ecosystem functions [5][6]. 
When represented as the ecological network with nodes of 
species and links of interactions, the degree distribution is 
generally known to follow the power law for its scale-free 
characteristics [7].  

Nevertheless, the completeness and accuracy of biotic 
interaction data depend on each method of measurement and 
representation. Potential bias exists both in under- and over-
reporting of the interactions: The lack or insufficiency of the 
study simply appears as under-reporting, especially for species 
out of industrial or academic interests, or those living in low-
accessible environments. Invisible to the naked eye or rare 
interactions are also difficult to discover. Over-reporting could 
result from observation bias and overgeneralization, such as 
misinterpretation of simple cooccurrence of species as biotic 
interactions. It can also arise from a qualitative data structure 
that does not incorporate the frequency of occurrence for the 
interactions, which equally weighs rare and frequent interactions 
and possibly induces biases in the network’s statistical measures. 
One of the world’s largest biotic interaction open databases, 
GloBI [3], actually contains interactions that could be 
interpreted as spatial cooccurrence (such as the interactions 
labeled as “coOccursWith”, “adjacentTo”, “livesNear”, and 
“visits”). These ambiguities cannot be simply eliminated by 
excluding these data, since cooccurrence overlaps with true 
biotic interactions: A structural comparison of cooccurrence and 
biotic interaction data from 10 terrestrial biomes revealed that 
about 20% of occurrence data coincided with actual biotic 
interactions [7]. Principally, biotic interactions manifest as the 
cooccurrence of species, but cooccurrences do not necessarily 
imply biotic interactions. 

It is difficult to correct the database without rigorous 
replication studies, which generally costs more than original 
research to increase the accuracy. On the other hand, simply 
estimating the bias on statistical attributes, such as node degrees 
and other centrality measures, could rely on the statistical law of 
the network model and produce useful suggestions for potential 
under- and over-reporting. This paper examines the statistical 
nature of the Global Biotic Interaction database [3] as a complex 
ecological network, and proposes a methodology to correct the 
potential biases on the network statistics from the viewpoint of 
power law in the scale-free network. 

II. METHODS 

A. Data Preparation 
We used the GloBI database that comprised 270,270 Species 

(extracted with the parameter “TaxonRank” having the value 
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“species”) and 37 types of 875,075 interactions (excluding 
duplicate interactions and self-feedback loops) reported from 
more than 6 million scientific literature, and calculated the 
degree centrality, betweenness centrality and PageRank score 
based on the undirected unweighted graph representation of 
biotic interactions. The detailed protocol of data preparation and 
calculation is specified in ref. [8]. 

B. Bias Estimation and Correction 
We assume that the true degree distribution of the biotic 

interaction network follows the power law [7]. We also take after 
the general assumption that the betweenness centrality [9] and 
PageRank score with a damping factor around 0.85 [10] also 
follow the power law for a scale-free network. 

We consider the following linear regression model on the 
double-logarithmic scale to fit the degree distribution of the 
biotic interaction network: 

log𝑌𝑌 = 𝑎𝑎 log𝑋𝑋 + 𝑏𝑏.           (1)  

Where 𝑎𝑎 < 0, 𝑏𝑏 > 0, and 𝑋𝑋 is the cumulative number of species 
represented as nodes within the range [𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚] =
[1, 270270], and 𝑌𝑌 is the network centrality measures that are 
1) degree centrality (DC) defined as the number of interactions 
represented as links for each node; 2) betweenness centrality 
(BC) calculated with the approximate algorithm using 16,384 
random sampling [11]; and 3) PageRank score (PR) calculated 
using the Python library NetworkX PageRank algorithms [12]. 
Note that the BC scores of the single isolated nodes and the 
terminal nodes are zero, also for a small number of nodes in fully 
connected isolated networks, which was adjusted to a minimum 
value of 1.0𝐸𝐸 − 19 for the calculation of logarithm.  

The power-law distributions of these centrality measures are 
usually plotted with the X-axis representing the threshold 
parameter and the Y-axis the complementary cumulative 
distribution function (CCDF) of the centrality data above the 
threshold, but in this study, 𝑋𝑋 corresponds to CCDF multiplied 
by the total number of nodes and 𝑌𝑌 the corresponding threshold, 
also known as the inverse cumulative distribution function 
(ICDF) or quantile function. This format is chosen to facilitate 
the representation of the difference in centrality scores between 
before and after the correction for each node in Fig. 1.  

Considering the lower and higher bounds of 𝑋𝑋 include biases 
for 𝑌𝑌 that deviate from the power law, the optimal fitting range 
𝑋𝑋� = [𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚]  was evaluated according to the following 
conditions: 

𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚 = exp �log𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑏𝑏
𝑎𝑎� �,           (2) 

𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚 = exp �log𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑏𝑏
𝑎𝑎� �,           (3) 

�𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚� = argmin
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚, 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

(𝐷𝐷),           (4) 

where 𝐷𝐷 represents the Kolmogorov-Smirnov (KS) statistic of a 
power-law distribution [13]: 

𝐷𝐷 ∶= max
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚≤𝑌𝑌≤𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

|𝑆𝑆𝑚𝑚(𝑌𝑌) − 𝑃𝑃𝑚𝑚(𝑌𝑌)|.           (5) 

On the right side, 𝑆𝑆𝑚𝑚(𝑌𝑌): = 1 − 1 𝑚𝑚� ∑ 𝟏𝟏𝑨𝑨�𝑌𝑌𝑗𝑗�𝑚𝑚
𝑗𝑗=1  is the CCDF 

of the data aligned in the ascending order of centrality scores 
from the first to 𝑚𝑚 -th nodes, calculated with the indicator 
function 𝟏𝟏𝑨𝑨(∙)  returning 1  for 𝑌𝑌𝑗𝑗  within the range 𝐴𝐴 =
[𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚] and 0 for the other; and 𝑃𝑃𝑚𝑚(𝑌𝑌) ∶= (𝑌𝑌𝑚𝑚 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚⁄ )−𝛼𝛼�+1 
is the CCDF of the power-law model (1) that best fits the data 
within the range [𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚]. 

To calculate 𝐷𝐷, we specify the optimal fitting of the model 
(1) using the maximum likelihood estimation with one 
parameter 𝛼𝛼 that defines 𝑎𝑎 and 𝑏𝑏, such that: 

𝑎𝑎 = 1
−𝛼𝛼 + 1� ,             (6) 

𝑏𝑏 = 1
−𝛼𝛼+1

log𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚 + log𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚,           (7) 

and the maximum likelihood estimators 𝛼𝛼�  for the continuous 
measures of 𝑌𝑌 such as BC and PR are given as [14] 

𝛼𝛼� = 1 + 𝑛𝑛 �∑ ln 𝑌𝑌𝑖𝑖
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

𝑛𝑛
𝑖𝑖=1 �

−1
,           (8) 

where 𝑛𝑛 is the number of nodes within the interval [𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚], 
𝑌𝑌1 = 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚, and 𝑌𝑌𝑛𝑛 = 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚. In the case of a discrete measure of 
𝑌𝑌such as DC, we use an approximate expression [13] 

𝛼𝛼� ≃ 1 + 𝑛𝑛 �∑ ln 𝑌𝑌𝑖𝑖
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚−1 2�

𝑛𝑛
𝑖𝑖=1 �

−1
.           (9) 

The calculation of (4) is performed by optimizing consecutively 
𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚, 𝛼𝛼�, 𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚 , and again 𝛼𝛼�.   

The goodness-of-fit is judged based on the p-value for testing 
the null hypothesis that the data follow a power law, which was 
numerically generated using the obtained 𝐷𝐷, 𝛼𝛼�, 𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚, and 𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚 . 
Previous numerical simulations show that the data distribution 
does not significantly deviate from the power law if the p-value 
is larger than 0.1 [13]. 

The 𝑌𝑌 data larger/smaller than the fitting equation (1) with 
the optimal values for 𝑎𝑎 and 𝑏𝑏 were considered as over-/under-
reporting biases, respectively. The centrality scores are then 
corrected for each node to equalize with the fitted function. If 
multiple nodes are tied for the same centrality score, the average 
cumulative node number is used to obtain the common 
correction value for these nodes. The correction values on Fig.1 
right Y-axis are set as the difference of 𝑌𝑌 values, before minus 
after the correction. 

C. Analysis of Centrality Distributions before and after 
Correction 

The correlations between degree centrality, betweenness 
centrality, and PageRank score were compared before and after 
the correction. We used the Wilcoxon signed-rank sum test and 
Mann-Whitney U test to compare the differences between each 
pair of centrality measures normalized with the interval [0, 1] on 
the logarithmic scale in Tab. I, and the logarithmic values 
without normalization before and after the correction for each 
centrality in Tab. II. Since the data size is large, the p-values 
dominantly shrink to small values and are not valid indicators; 
we used the measures of effect size 𝑟𝑟𝑍𝑍 ∶= 𝑍𝑍 √𝑁𝑁⁄  and 𝑟𝑟𝑈𝑈 ∶=
𝑈𝑈 𝑁𝑁2⁄ , where 𝑍𝑍  is Z-statistic (paired-samples test), 𝑈𝑈  is U-



statistic (unpaired test), and 𝑁𝑁 is the total number of nodes. The 
algorithmic differences of these measures provide 
complementary perspectives on the comparison of raw data and 
its correction: 𝑟𝑟𝑍𝑍  reflects the unevenness of the magnitude 
relations concerning the node-wise differences in centrality 
scores, while 𝑟𝑟𝑈𝑈 makes a gross comparison of centrality score 
distributions without the distinction of nodes.  

III. RESULTS AND DISCUSSIONS 
The ICDF vs. CCDF of the three centrality measures (DC, 

BC, PR) of the GloBI database are plotted in Fig.1 with their 
power-law fitting and corrected values. According to the 
goodness-of-fit test based on the KS statistic [13], the ICDF of 
BC and DC was judged to deviate from the power law with 
statistical significance (p-values = 0.0  and 0.002 < 0.10 , 
respectively), while PR could not reject the null hypothesis of 
following a power law (p-value=  0.5616 > 0.10). The optimal 
fitting ranges for the cumulative species number �𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚� 
were [1, 1010], [1,6816], and [1, 1639] for DC, BC, and PR, 
respectively. 

Correlational analysis between the pairs of DC, BC, and PR 
are plotted in Fig. 2, for the centrality scores before (left column 
figures) and after (right column figures) the correction to the 
power-law fitting, respectively. Initial distribution before the 
correction reveals that BC behaves as an upper bound measure 
for DC and PR for non-isolated and non-terminal nodes, which 
shows the large effect size of 𝑟𝑟𝑍𝑍 > 0.86, as listed in Tab. I. Such 
constraints could be explained by the statistical property of the 
original data that contains a large number of disconnected 
networks: The database comprises 75,947 independent 
subgraphs and also includes 71,282 isolated nodes (DC= 0) and 
102,612 terminal nodes (DC= 1), which correspond to 26.4% 
and 38.0% of the total nodes, respectively. Such dominant 
fragmentation of graph structure could drastically lower the BC 
of nodes in small clusters, and relatively uplift the other nodes 
in large clusters or those connectors to create an apparent upper-
bound relation to DC and PR. Another possibility lies in the 
algorithmic approximation for the calculation of BC [11], which 
relies on a stochastic search on the graph structure and may fail 
to incorporate rare important links. However, we confirmed the 
direct proportional relationship between the exact and 
approximate BC (Pearson correlation coefficient = 0.9974 , 
without outlier) with the randomly generated scale-free network 
of up to 10,000 nodes using the Barabási-Albert (BA) model 
(results not shown). 

Correlations between corrected DC/BC/PR scores, on the 
other hand, show unbounded correlations compatible with other 
scale-free networks, except for some discrete gaps as an artifact 
of the correction algorithm. For example, a large number of 
isolated nodes or terminal nodes result in the same scores, which 
are collectively treated as tied nodes and the correction produces 
vacant gaps in the neighboring values (around 𝑙𝑙𝑙𝑙𝑙𝑙(𝑃𝑃𝑃𝑃) =
−5.14  and −5.61  for the isolated and terminal nodes, 
respectively, in Fig. 2 right Middle and Bottom). 

The effect size of changes in centrality scores before and 
after the correction showed a general decrease in all pair-wise 
combinations of DC/BC/PR except for DC vs. PR, which 

supports the diminishment of the bounding property of the 
original BC scores (Tab. I). 

 

 

Figure 1.  Relationship between cumulative number of species (X-axis) and 
centrality threshold (left Y-axis) and correction value of centrality (right Y-
axis). Top: Degree Centrality (DC). Middle: Betweenness Centrality (BC). 

Bottom: PageRank score (PR). Original centrality scores are plotted with blue 
circles, corrected scores with green polylines, the optimal power-law model 
(estimated true distribution) with red dashed lines, and the correction values 

with orange polylines. 

 

𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚 𝑋𝑋�𝑚𝑚𝑚𝑚𝑛𝑛 

𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚 
𝑋𝑋�𝑚𝑚𝑚𝑚𝑛𝑛 

𝑋𝑋�𝑚𝑚𝑚𝑚𝑚𝑚 𝑋𝑋�𝑚𝑚𝑚𝑚𝑛𝑛 



 

 

Figure 2.  Scatter plots between Top: DC and BC, Middle: DC and PR, and 
Bottom: BC and PR, before (left) and after (right) the correction of the 

centrality scores. The nodes having the minimum score of BC(= 0) before the 
correction is replaced with 1.0𝐸𝐸 − 19. The DC scores were transformed to 

DC+1 to avoid zero values. 

TABLE I.  EFFECT SIZES OF DIFFERENCES BETWEEN PAIRS OF 
CENTRALITY MEASURES. 

 

  𝑟𝑟𝑍𝑍 𝑟𝑟𝑈𝑈 

Before 
DC vs. BC 0.866 0.247 

DC vs. PR 0.427 0.155 

BC vs. PR 0.866 0.247 

After 
DC vs. BC 0.660 0.175 

DC vs. PR 0.748 0.169 

BC vs. PR 0.071 0.119 
 

We further investigate the effects of centrality score 
correction in the context of actual ecological network analyses. 
Since the centrality measures can be considered as proxies for 
ecosystem functions, and relevant species can be estimated 
using the links of biotic interactions (e.g. [6]), the effects of 

correction on unfragmented networks are important for these 
evaluations.  

It is not plausible to consider a species without any 
interactions with other species. With just more than a few 
different interactions, any species can be situated inside the 
biotic interaction network as a non-terminal node. Therefore, we 
consider the isolated or terminal nodes to be under the strong 
unreported bias and omit them from further analysis.  

Fig. 3 shows the differences in the histograms of DC/BC/PR 
before and after the correction for the non-isolated and non-
terminal nodes with the conditions 1) BC> 0 or 2) BC= 0 & 
DC≥ 3 (the latter corresponds to the fully connected subgraph 
of more than 3 nodes). From left to right figures, better 
conversions to power-law distributions are observed as the 
emergence of long-tail frequency distributions that are 
proportional to the probability density function (PDF). In order 
to evaluate the magnitude of changes, the effect sizes of 
corrections in centrality scores are listed in Tab. II. Despite the 
initial significant deviation in DC and BC and conformity in PR 
with respect to the power law, the effect size of correction was 
constantly high as 𝑟𝑟𝑍𝑍 > 0.84, irrelevant to the goodness-of-fit. 
For all of PR/DC/BC, the effect sizes tend to appear high in 𝑟𝑟𝑍𝑍(>
0.84) and small in 𝑟𝑟𝑈𝑈(< 0.08), which could be considered the 
degree of instability against reporting biases. The differences 
between  𝑟𝑟𝑍𝑍 and 𝑟𝑟𝑈𝑈 reflect the nature of paired and unpaired tests, 
respectively, which implies that the node-wise differences are 
larger than the shift of the whole distribution. Based on the initial 
assumption that biotic interactions follow a scale-free network 
structure, these effect sizes could be interpreted as the 
uncertainty of the centrality measure with respect to the true 
interactions. It suggests only a small modification on the whole 
distribution, which does not excessively distort the global nature 
of the database, but a series of critically large adjustment for 
individual nodes, which could be crucial in interpreting real data. 

An example of real data analysis is shown in Fig. 4. The 
ecological interaction network is estimated using GloBI based 
on the list of 151 introduced edible plant species on a 100-sq.m 
plot of Synecoculture farm for one year (April 2023 - March 
2024) in Oiso, Japan [15]. A majority of ecologically interactive 
species were found in the long-tail area (i.e., smaller centrality 
scores) of Fig.1, resulting in the correction values of centrality 
being mostly larger than zero (orange nodes in Fig. 4). This 
means the analysis of ecological interactions and the estimation 
of ecosystem functions based on the centrality measures of the 
networks could be dominantly and negatively influenced by the 
under-reporting biases. The distribution of the correction values 
did not significantly differ between taxonomical classifications 
of Plantae, Animalia, and the other kingdoms (results not 
shown). 

The correction suggests certain revisions to the results of 
statistical analysis of ecological networks using GloBI, 
especially for a subgraph containing the nodes with high values 
of correction. This revision should be iteratively updated along 
with the development of the database and finer fitting, which 
could be expected to ameliorate the statistical quality of the 
database, reflecting the universality of scale-free network 
models. The corrected centrality data created in this study are 
available on the online repository [8]. 



This study relies on the assumption that the real ecological 
interaction networks have a scale-free distribution [7], but for 
a large number of real-world networks claimed to be scale-
free, this might not necessarily be the case [16]. The presented 
methodology can also be applied to adjust biases based on 
other distribution families using the maximum likelihood 
estimation. We compared the maximum likelihood fitting with 
the exponential and heavy-tailed distributions that are often 
confounded with the power-law distribution in Tab. III, using 
the log-likelihood ratio (𝐿𝐿𝐿𝐿) and p-values defined in Appendix 
C of ref. [13] and the Python package specified in ref. [17]. 
The result shows that the centrality measures DC and BC 
calculated on the original data are better fitted with the power 
law with cutoff than the simple power law (𝐿𝐿𝐿𝐿 < 0 and p-
value < 0.05, shown with bold font in Tab. III). It does not 
imply the statistical nature of the real distribution but that of 
the data with reporting biases, which we consider to be 
prominent in the long-tail part that typically includes specialist 
species. 

TABLE II.  EFFECT SIZES OF DIFFERENCES BETWEEN CENTRALITY 
MEASURES BEFORE AND AFTER CORRECTION 

 𝑟𝑟𝑍𝑍 𝑟𝑟𝑈𝑈 

BC before vs. after 0.843 0.055445663 

PR before vs. after 0.864 0.076195186 

DC before vs. after 0.865 0.033374806 

 

TABLE III.  RESULTS OF LOG-LIKELIHOOD TEST WITH EXPONENTIAL AND 
HEAVY-TAILED DISTRIBUTION FAMILIES COMPARED TO POWER LAW 

 exponential log-normal power law with 
cutoff 

 LR p LR p LR P 
BC 6.115 0.00 -2.372 0.02 -1.257 0.00 
PR 3.986 0.00 -0.657 0.51 -0.553 0.25 
DC 2.296 0.02 -1.394 0.16 -1.056 0.01 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.  Histgrams of Top: DC, Middle: BC, and Bottom: PR, before (left) 
and after (right) the correction of the centrality scores. Medians are shown in 

the vertical red dashed lines. Only the nodes that match the conditions 1) BC>
0 or 2) BC= 0 & DC≥ 3 before the correction are plotted. 



 
Figure 4.  Example effect of centrality correction in actual ecological interaction analysis. Ecologically interactive species and these interaction networks are 

estimated based on the list of edible plant species introduced in a Synecoculture field in Oiso, Japan. The amounts of the correction of centrality scores (Left: DC, 
Center; BC, and Right: PR) are represented as the node size. Node colors indicate the magnitude relationships of the centrality scores before and after the 

correction.
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