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ABSTRACT
Reconstructing the topology of a complex network from partial or aggregate information, such as node-level degree
sequences alone, without access to the full edge list, is a common inference problem in economics, ecology, and
systems biology, and maximum entropy methods provide a principled statistical framework for this task, but their
reconstruction accuracy across differing network structures and levels of missing information has not been
systematically benchmarked. We applied maximum entropy network reconstruction, using the exponential random
graph formulation that maximizes Shannon entropy subject to observed degree-sequence constraints, to
reconstruct 180 synthetic networks spanning three topology classes (Erdos-Renyi random, Barabasi-Albert
scale-free, and Watts-Strogatz small-world), three network sizes (200, 500, and 1,000 nodes), and four levels of
available information (full degree sequence, degree sequence with 20% node-level noise, degree sequence only for
a random 70% node subsample, and total edge count only). Using only the exact full degree sequence, maximum
entropy reconstruction recovered network density to within 2.1% (mean absolute percentage error) across all
topology classes and sizes, but individual-edge-level reconstruction accuracy, measured by area under the ROC
curve for predicting true edges, varied sharply by topology, from 0.91 for Erdos-Renyi networks to 0.68 for
Barabasi-Albert scale-free networks, a 0.23 AUC gap attributable to the maximum entropy method's implicit
assumption of degree-uncorrelated edge placement, which is violated by the hub structure of scale-free networks.
Introducing 20% node-level degree noise reduced density reconstruction accuracy modestly (MAPE rising to 4.8%)
but degraded edge-level AUC more severely, by 0.09-0.15 across topology classes, while reconstruction from a
70% node subsample preserved edge-level AUC within 0.03 of the full-information case for Erdos-Renyi and
small-world networks but degraded scale-free reconstruction AUC by a further 0.11, compounding its already-lower
baseline accuracy. Reconstruction using total edge count alone, the minimal information case, produced density
estimates accurate to within 3.5% MAPE by construction but edge-level AUC indistinguishable from random
guessing (0.50-0.52) across all topology classes, as expected since no node-level information was available to
inform individual edge placement. These results quantify a specific and actionable limitation of maximum entropy
network reconstruction, that its accuracy for the topologically most consequential edges, those involving
high-degree hub nodes, is substantially lower than its accuracy on aggregate network statistics, a distinction that
matters directly for applications such as systemic-risk estimation in financial networks where accurate identification
of highly connected nodes is the primary goal.
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1. INTRODUCTION

Complete edge-level data for many real-world networks,
financial interbank lending networks, ecological food
webs, or gene regulatory networks, is frequently
unavailable due to confidentiality, measurement cost, or
fundamental observational limits, while aggregate or
node-level summary statistics such as each node's total
number of connections are comparatively easy to obtain
[1,2,3]. This has motivated a substantial body of work on
network reconstruction, inferring the most likely
underlying topology consistent with available partial
information [4,5].
Maximum entropy methods provide a statistically
principled approach to this problem: among all networks
consistent with the observed constraints, such as a given
degree sequence, the maximum entropy method selects
the probability distribution over networks that is
maximally non-committal about any structure beyond
what the constraints require, formalized through the
exponential random graph model framework [6,7,8]. This
approach has been applied extensively to reconstruct
financial exposure networks from aggregate
balance-sheet data and to infer ecological interaction
networks from abundance data, and its
aggregate-statistic reconstruction accuracy, such as
recovering total network density, has generally been
reported as good [9,10,11].
What has received comparatively less systematic
attention is whether maximum entropy reconstruction
accuracy at the level of individual edges, rather than
aggregate statistics, depends on the underlying
network's topology class, and specifically whether the
method's inherent assumption of conditional edge
independence given the degree sequence, an
assumption known to be violated in networks with strong
degree heterogeneity or hub structure, translates into
systematically degraded reconstruction of the most
highly connected, and often most consequential, nodes
[12,13,14]. This matters because many applications,
particularly systemic-risk assessment in financial
networks, care specifically about correctly identifying
highly connected hub nodes rather than about aggregate
density alone.
This study systematically benchmarks maximum entropy
network reconstruction accuracy across three canonical
network topology classes, three network sizes, and four
levels of available information, ranging from a complete
degree sequence to total edge count alone, evaluating
both aggregate (density) and edge-level (ROC-AUC)
reconstruction accuracy to quantify how topology class
and information completeness jointly determine the
reliability of maximum entropy network reconstruction.

2. MATERIALS AND METHODS

We generated synthetic networks from three canonical
topology classes at three sizes, applied maximum
entropy network reconstruction under four levels of

available information ranging from a complete degree
sequence to total edge count alone, and evaluated
reconstruction accuracy against the known ground-truth
network at both the aggregate density level and the
individual-edge level.

2.1 Synthetic network generation

Networks were generated from three topology classes:
Erdos-Renyi random graphs with uniform edge
probability, Barabasi-Albert scale-free graphs generated
by preferential attachment, and Watts-Strogatz
small-world graphs generated by random rewiring of a
ring lattice. For each topology class, networks were
generated at three sizes (N = 200, 500, and 1,000
nodes), with mean degree held approximately constant
across topology classes at each size (target mean
degree 8) to isolate the effect of degree-distribution
shape from mean connectivity, and 20 independent
replicate networks were generated per topology-size
combination, giving 180 networks in total.

2.2 Maximum entropy reconstruction model

Network reconstruction was performed using the
exponential random graph formulation that maximizes
Shannon entropy over the space of possible networks
subject to expectation constraints matching the observed
degree sequence (or, in the total-edge-count-only
condition, the observed total edge count alone), solved
via iterative proportional fitting to obtain
maximum-likelihood Lagrange multipliers for each node,
which in turn determine each node pair's edge probability
under the fitted model.

2.3 Information-availability conditions

Four levels of available information were tested for each
generated network: (1) the exact, full degree sequence
for all nodes; (2) the degree sequence with independent
Gaussian noise added to each node's reported degree at
a standard deviation of 20% of that node's true degree,
rounded to the nearest integer and truncated at zero; (3)
the exact degree sequence observed for only a random
70% subsample of nodes, with the remaining 30% of
nodes' degrees unknown and marginalized over; and (4)
only the total edge count for the entire network, with no
node-level information.

2.4 Reconstruction evaluation metrics

Aggregate reconstruction accuracy was assessed as the
mean absolute percentage error (MAPE) between the
expected network density under the fitted maximum
entropy model and the true network density. Edge-level
reconstruction accuracy was assessed by using each
node pair's fitted maximum entropy edge probability as a
classifier score for predicting the presence of a true
edge, with performance summarized as the area under
the receiver operating characteristic curve (AUC),
computed against the complete set of true and absent
edges in the ground-truth network.
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2.5 Sensitivity checks

To confirm that observed topology-dependent AUC
differences were not an artifact of mean-degree
differences between topology classes, a secondary set of
networks was generated with mean degree matched to
within 2% across all three topology classes at each
network size, and the full reconstruction and evaluation
pipeline was repeated on this matched-degree set as a
robustness check.

2.6 Statistical analysis

MAPE and AUC values were summarized as means and
standard deviations across the 20 replicate networks per
topology-size-information combination. Differences in
edge-level AUC between topology classes were
assessed using two-sided Mann-Whitney U tests on the
replicate-level AUC distributions, with significance
evaluated at alpha = 0.05 after Bonferroni correction for
the three pairwise topology comparisons.

3. RESULTS

Using the exact, full degree sequence, maximum entropy
reconstruction recovered network density to within 2.1%
mean absolute percentage error, averaged across all
three topology classes and three network sizes,
confirming that the method performs well at the
aggregate-statistic level regardless of underlying
topology, as expected given that density is directly
constrained by the degree sequence used to fit the
model.
Table 1. Edge-level reconstruction accuracy (AUC) by
topology class and network size, full degree-sequence
condition.

Topology class
N =
200

N =
500

N =
1000

Mean
AUC (all
sizes)

Density
MAPE (%)

Erdos-Renyi
0.90 ±
0.02

0.91 ±
0.02

0.92 ±
0.01

0.91 ±
0.02

1.8

Watts-Strogatz
0.82 ±
0.03

0.83 ±
0.03

0.84 ±
0.02

0.83 ±
0.03

2.0

Barabasi-Albert
0.66 ±
0.04

0.68 ±
0.04

0.69 ±
0.03

0.68 ±
0.04

2.4

AUC = area under the ROC curve for edge-presence prediction;
MAPE = mean absolute percentage error in reconstructed
network density. Values are means ± SD across 20 replicate
networks per cell.

Individual-edge-level reconstruction accuracy, however,
varied sharply by topology class. Table 1 summarizes
edge-level AUC under the full-degree-sequence
condition across topology classes and network sizes.
Erdos-Renyi networks achieved the highest
reconstruction accuracy (mean AUC 0.91 ± 0.02),
Watts-Strogatz small-world networks were intermediate
(mean AUC 0.83 ± 0.03), and Barabasi-Albert scale-free
networks showed markedly lower accuracy (mean AUC
0.68 ± 0.04), a 0.23 AUC gap relative to Erdos-Renyi
networks that was statistically significant (Mann-Whitney
U test, p < 0.001 after Bonferroni correction) and
consistent across all three network sizes tested.

Figure 1. Edge-level reconstruction accuracy (AUC) by topology
class under the full degree-sequence condition, pooled across
network sizes, showing the systematic accuracy gap between
Erdos-Renyi, Watts-Strogatz, and Barabasi-Albert scale-free
networks.

The matched-mean-degree robustness check confirmed
this topology-dependent gap was not an artifact of
differing mean connectivity: with mean degree held within
2% across topology classes, the Erdos-Renyi versus
Barabasi-Albert AUC gap remained 0.21, essentially
unchanged from the unmatched comparison, supporting
the interpretation that scale-free degree heterogeneity
itself, rather than mean degree, drives the reduced
reconstruction accuracy (Figure 1).
Table 2. Edge-level reconstruction AUC across topology
class and information-availability condition.

Information
condition

Erdos-Reny
i

Watts-Strogatz Barabasi-Albert

Full degree
sequence

0.91 ± 0.02 0.83 ± 0.03 0.68 ± 0.04

Degree sequence +
20% noise

0.80 ± 0.03 0.71 ± 0.04 0.53 ± 0.04

70% node
subsample

0.88 ± 0.03 0.81 ± 0.03 0.57 ± 0.05

Total edge count only 0.51 ± 0.02 0.52 ± 0.02 0.50 ± 0.02

Introducing 20% node-level degree noise degraded
density reconstruction only modestly, with MAPE rising
from 2.1% to 4.8% pooled across topology classes, but
degraded edge-level AUC more substantially, by
0.09-0.15 depending on topology class, with
Barabasi-Albert networks again showing the largest
absolute AUC drop (0.15, to a mean AUC of 0.53, close
to random-guessing performance). Reconstruction from
a 70% node subsample preserved edge-level AUC within
0.03 of the full-information case for Erdos-Renyi (0.88)
and small-world (0.81) networks, but degraded scale-free
reconstruction AUC by a further 0.11 relative to its
already-lower full-information baseline, to a mean AUC of
0.57.

4. DISCUSSION

These results confirm the established finding that
maximum entropy network reconstruction recovers
aggregate statistics such as density with good accuracy
across network types [9,10,11], while extending that
literature by showing that edge-level reconstruction
accuracy, the metric most relevant to applications
concerned with specific node connections rather than
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network-wide averages, depends strongly and
systematically on topology class, with a 0.23 AUC gap
between the best- and worst-performing topology
classes tested here [12,13].
The concentration of reconstruction error in scale-free
networks specifically, rather than a uniform degradation
across all heterogeneous-degree networks, is consistent
with the theoretical expectation that the maximum
entropy method's implicit conditional edge-independence
assumption is most severely violated precisely where
hub nodes create strong, non-independent correlations
in edge placement around high-degree nodes [14,15,18],
and the matched-mean-degree robustness check
strengthens the case that this is a structural effect of
degree heterogeneity itself rather than a confound of
differing connectivity levels across the tested topology
classes.
These findings carry a direct practical implication for the
systemic-risk estimation literature, where maximum
entropy reconstruction of interbank lending networks
from aggregate balance-sheet data is a standard
technique [9,19,20]: if real financial networks have
scale-free or near-scale-free degree distributions, as is
commonly reported, the present results suggest that
maximum entropy reconstruction may be least reliable
precisely for identifying the highly connected hub
institutions whose failure poses the greatest systemic
risk, even though the same reconstruction would appear
to perform well by aggregate density-based validation
metrics alone.
Several limitations should be noted. First, all networks
tested were undirected and unweighted; real financial
and biological networks are frequently directed and
weighted, and reconstruction accuracy for those richer
network representations was not evaluated here and
may differ from the unweighted case. Second, the
synthetic scale-free networks used pure preferential
attachment without additional structural features, such as
community structure or degree-degree correlations
beyond those inherent to preferential attachment, that
are present in many real-world scale-free networks and
could further affect reconstruction accuracy. Third, the
node-subsample and noise conditions used
comparatively simple, uniform-random and
homoscedastic-noise missingness mechanisms;
real-world missing-data patterns are often structured or
degree-dependent, and reconstruction accuracy under
such structured missingness was not assessed in this
study.

5. CONCLUSION

Benchmarking maximum entropy network reconstruction
across three topology classes, three network sizes, and
four levels of available information showed that while
aggregate density is recovered accurately (within 2.1%
MAPE using the full degree sequence) regardless of
topology, individual-edge reconstruction accuracy varies
sharply by topology class, from AUC 0.91 for

Erdos-Renyi networks to AUC 0.68 for scale-free
networks, a gap that widened further under realistic
information degradation such as degree noise or node
subsampling. These results identify a specific and
actionable limitation of maximum entropy network
reconstruction: its accuracy for the hub nodes most
consequential to applications such as systemic-risk
estimation is substantially lower than its accuracy on
aggregate network statistics, a distinction that validation
based on aggregate metrics alone would fail to reveal.
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