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Abstract 

Link prediction is an iconic problem in complex networks because deals with the ability 

to predict nonobserved existing or future parts of the network structure. The impact of 

this prediction on real applications can be disruptive: from prediction of covert links 

between terrorists in their social networks to repositioning of drugs in molecular 

diseasome networks.  

Here we compare: (1) an ensemble meta-learning method (Ghasemian et al.), which 

uses an artificial intelligence (AI) stacking strategy to create a single meta-model 

from hundreds of other models; (2) a structural predictability method (SPM, Lü et al.), 

which relies on a theory derived from quantum mechanics and does not assume any 

model; (3) a modelling rule named Cannistraci-Hebb (CH, Muscoloni et al.), which 

relies on one brain-bioinspired model adapting to the intrinsic network structure. 

We conclude that brute-force stacking of algorithms by AI does not perform better 

than (and is often significantly outperformed by) SPM and one simple brain-

bioinspired rule such as CH. This agrees with the Gödel incompleteness: stacking is 

optimal but incomplete, you cannot squeeze out more than what is already in your 

features. Hence, we should also pursue AI that resembles human-like physical 

‘understanding’ of simple generalized rules associated to complexity. The future 

might be populated by AI that ‘steals for us the fire from Gods’, towards machine 

intelligence that creates new rules rather than stacking the ones already known. 

 

 

Short Note 

From nests to nets intricate wiring diagrams surround the birth and death of life and 

we, as humans, wonder what the secret rules behind such elegant network 

architectures are. If nature adopts connectivity to shape complexity, humans might 

adopt their intelligence, or an artificial one, to make sense of it. To predict structural 

complexity in a network: should we act as small Prometheans, exploiting creativity to 

‘steal the fire from Gods’ and search, as physicists aim, for that accurate but simple, 
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elegant unique rule that makes sense of ‘everything’? Or should we ask an artificial 

intelligence (AI) to stack for us hundreds of inaccurate human-made rules to make a 

new one that optimally summarizes them together? Perhaps, none of these two 

solutions is what the future holds for us. Nevertheless, Ghasemian et al.1 embrace 

the second option and propose a stacking model: a machine learning method for link 

prediction based on ensemble meta-learning, using artificial intelligence to create a 

single meta-model from hundreds of other models. Analysing the results on 550 real-

world networks, Ghasemian et al. conclude that they obtain a state-of-the-art algorithm 

achieving nearly optimal prediction1. 

Here, we suggest that the scientific community might benefit to interpret the results of 

Ghasemian et al. when their algorithm is compared with other state-of-the-art 

algorithms which largely differ from ensemble meta-learning. One is structural 

predictability method (SPM)2, which relies on a theory derived from quantum 

mechanics that exploits the first-order perturbation of the graph adjacency matrix. SPM 

takes a way opposite to that of stacking: it simply does not assume any model. 

Interestingly, also brain and life science theories contribute to inspire revolutionary 

algorithms for link prediction3. After Daminelli et al.4 and Kovács et al.5 elucidated the 

importance to build models that rely on paths of length 3 inducing quadrangular 

closure4, Muscoloni et al.6 proposed a general theory of adaptive network automata 

that includes a simple modelling rule named Cannistraci-Hebb (CH). CH is inspired by 

neuro-plasticity concepts and scales adaptively on paths of different length, in relation 

with the intrinsic network structure6. 

It might be enlightening to compare a method that stacks multiple models versus SPM, 

which is model-free, and CH-adaptive (CHA), which relies on one model adapting to 

the intrinsic network structure. Using the 550 networks of Ghasemian et al.1, we report 

the results according to mean performance (Figure 1) and win rate (Figure 2) for 

Precision, AUC-PR and AUC-ROC, following evaluation strategies previously 

employed2,7. 

Brute-force stacking of algorithms by AI does not perform better than (and is often 

significantly outperformed by) SPM and one simple brain-bioinspired rule such as 

CH. This agrees with the Gödel incompleteness: stacking is optimal but incomplete, 

you cannot squeeze out more than what is already in your features. Hence, we 

should also pursue AI that resembles human-like physical ‘understanding’ of simple 

generalized rules associated to complexity8. The future might be populated by AI that 

‘steals for us the fire from Gods’, towards machine intelligence that creates new rules 

rather than stacking the ones already known. 
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Figure 1. 550 real-world networks of Ghasemian et al. 1 are considered. Given a network X, 10% 
of links are removed uniformly at random (keeping the network as one connected component), 
obtaining a reduced network X’ = X - R, where R is the set of removed links. For evaluating each 
algorithm, the reduced network X’ is given in input, obtaining in output a ranking of the non-
observed links in X’ by decreasing likelihood scores. The prediction performance is evaluated 
using Precision, AUC-PR and AUC-ROC, considering as positive samples the set R of links 
previously removed. This procedure is repeated 10 times and the mean value indicates the 
performance of the algorithm on the network X. The barplots report, for each network domain 
(biological, economic, informational, social, technological, transportation) and for each 
evaluation measure, the mean performance over the networks (whose number is indicated in 
brackets) of that domain for CHA, SPM and stacking. The arrows highlight the percentage of 

improvement of CHA with respect to stacking as 
𝐶𝐻𝐴−𝑠𝑡𝑎𝑐𝑘𝑖𝑛𝑔

𝑠𝑡𝑎𝑐𝑘𝑖𝑛𝑔
∙ 100. The asterisks represent the 

p-value significance of the permutation test for the mean, comparing the performances of CHA 
and stacking on the networks of that domain. AUC-ROC is included for completeness, although 
studies showed that this measure is misleading for unbalanced prediction tasks9 such as link 
prediction and that in its lieu AUC-PR should be preferred10. 
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Figure 2. The barplots report, for each network domain (biological, economic, informational, 
social, technological, transportation) and for each evaluation measure, the win rate over the 
networks (whose number is indicated in brackets) of that domain for CHA, SPM and stacking. 
The arrows highlight the percentage of improvement of CHA with respect to stacking as 
𝐶𝐻𝐴−𝑠𝑡𝑎𝑐𝑘𝑖𝑛𝑔

𝑠𝑡𝑎𝑐𝑘𝑖𝑛𝑔
∙ 100 . The asterisks represent the p-value significance of the binomial test, 

comparing the number of wins of CHA and stacking on the networks of that domain. Networks 
and code for stacking has been released by Ghasemian et al. 1 at: 
https://github.com/Aghasemian/OptimalLinkPrediction. 
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