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A tool that could suggest new personalized research directions and ideas by taking insights from
the scientific literature could significantly accelerate the progress of science. A field that might
benefit from such an approach is artificial intelligence (AI) research, where the number of scientific
publications has been growing exponentially over the last years, making it challenging for human
researchers to keep track of the progress. Here, we use AI techniques to predict the future research
directions of AI itself. We develop a new graph-based benchmark based on real-world data – the
Science4Cast benchmark, which aims to predict the future state of an evolving semantic network
of AI. For that, we use more than 100,000 research papers and build up a knowledge network with
more than 64,000 concept nodes. We then present ten diverse methods to tackle this task, ranging
from pure statistical to pure learning methods. Surprisingly, the most powerful methods use a
carefully curated set of network features, rather than an end-to-end AI approach. It indicates a great
potential that can be unleashed for purely ML approaches without human knowledge. Ultimately,
better predictions of new future research directions will be a crucial component of more advanced
research suggestion tools.

I. INTRODUCTION AND MOTIVATION

The corpus of scientific literature grows at an ever-
increasing speed. Specifically, in the field of Artifi-
cial Intelligence (AI) and Machine Learning (ML),
the number of papers every month grows exponen-
tially with a doubling rate of roughly 23 months
(see Fig. 1). Simultaneously, the AI community is
embracing diverse ideas from many disciplines such
as mathematics, statistics, and physics, making it
challenging to organize different ideas and uncover
new scientific connections. We envision a computer
program that can automatically read, comprehend
and act on AI literature. It can predict and suggest
meaningful research ideas that transcend individual
knowledge and cross-domain boundaries. If success-
ful, it could significantly improve the productivity
of AI researchers, open up new avenues of research,
and help drive progress in the field.
Here, we address this important and challenging
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vision. New research ideas often result from drawing
novel connections between seemingly unrelated con-
cepts [1–3]. Therefore, we formulate the evolution of
AI literature as a temporal network modelling task.
We created an evolving semantic network character-
izing the content and evolution of the scientific liter-
ature in the field of AI since 1994. The network con-
tains about 64,000 nodes (each representing a con-
cept used in an AI paper) and 18 million edges that
connect two concepts when they were investigated
jointly in a scientific paper.
We use the semantic network as an input to 10

diverse statistical and machine-learning methods to
predict the future evolution of the semantic network
with high accuracy. That is, we can predict which
combinations of concepts AI researchers will investi-
gate in the future. Being able to predict what scien-
tists will work on is a first crucial step for suggesting
new topics that might have a high impact.
Several of the methods presented in this paper

have been contributions to the Science4Cast com-
petition hosted by IEEE BigData 2021, which ran
from August to November 2021. Broadly, we can
divide the methods into two classes: methods that
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[31] and applies heavy regularization to combat over-
fitting due to the scarcity of positive samples. The
graph neural network approach employs a time-
aware graph neural network to learn node represen-
tations on dynamic semantic networks.

B. M2: Features+ML

The method proposed by Team HashBrown as-
sumes that the probability that nodes u and v form
an edge in the future is a function of the node fea-
tures f(u), f(v), and some edge feature h(u, v). We
chose node features f that capture popularity at the
current time t0 (such as degree, clustering coefficient
[32, 33], and PageRank [30]). We also use these fea-
tures’ first and second time-derivatives to capture
the evolution of the node’s popularity over time. Af-
ter variable selection during training, we chose h to
consist of the HOP-rec score [34, 35] and a variation
of the Dice similarity score [36] as a measure of sim-
ilarity between nodes. In summary, we use 31 node
features for each node, and two edge features, which
gives 31 × 2 + 2 = 64 features in total. These fea-
tures are then fed into a small multilayer perceptron
(MLP) (5 layers, each with 13 neurons) with ReLU
activation.
Cold start is the problem that some nodes in the

test set do not appear in the training set. Our strat-
egy for a cold start is imputation. We say a node v
is seen if it appeared in the training data, and un-
seen otherwise; similarly, we say that a node is born
at time t if t is the first time stamp where an edge
linking this node has appeared. The idea is that an
unseen node is simply a node born in the future, so
its features should look like a recently born node in
the training set. If a node is unseen, then we im-
pute its features as the average of the features of
the nodes born recently. We found that with impu-
tation during training, the test AUC scores across
all models consistently increased by about 0.02. For
a complete description of this method, we refer the
reader to [37].

C. M3: Features+ML

This approach, detailed in [38], uses hand-crafted
node features that have been captured in multiple
time snapshots (e.g. every year) and then uses an
LSTM to benefit from learning the time dependen-
cies of these features. The final configuration uses
two main types of features: node features includ-
ing degree and degree of neighbours, and edge fea-
tures including common neighbours. And to balance
the training data the same number of positive and

negative instances have been randomly sampled and
combined.
One of the goals was to identify features that are

very informative with a very low computational cost.
We found that the degree centrality of the nodes
is the most important feature, and the degree cen-
trality of the neighbouring nodes and the degree of
mutual neighbours gave us the best tradeoff. As
all of the extracted features distributions are highly
skewed to the right, meaning most of the features
take near zero values, using a power transform like
Yeo-Johnson [39] helps to make the distributions
more Gaussian which boosts the learning. Finally,
for the link prediction task, we saw that LSTMs per-
form better than fully connected neural networks.

D. M4: pure Features

The following two methods are based on a purely
statistical analysis of the test data and are explained
in detail in [40].

Preferential Attachment – In the network
analysis we concluded that the growth of this dataset
tends to maintain a heavy-tailed degree distribu-
tion, often associated with scale-free networks. As
mentioned before the γ-value of the degree distribu-
tion is very close to 2, suggesting that preferential-
attachment [41] is likely the main organizational
principle of the network. As such, we implemented
a simple prediction model following this procedure.
Preferential-attachment scores in link prediction are
often quantified as

sPAij = ki · kj . (1)

with ki,j the degree of nodes i and j. However, this
assumes the scoring of links between nodes that are
already connected to the network, that is ki,j > 0,
which is not the case for all the links we must score
in the dataset. As a result, we define our preferential
attachment model as

sPAij = ki + kj . (2)

Using this simple model with no free parameters we
could score new links and compare them with the
other models. Immediately we note that preferential
attachment outperforms some learning-based mod-
els, even if it never manages to reach the top AUC,
but it is extremely simple and with negligible com-
putational cost.
Common Neighbours – We explore another

network-based approach to score the links. Indeed,
while the preferential attachment model we derived
performed well, it uses no information about the dis-
tance between i and j, which is a popular feature
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used in link prediction methods [22]. As such we
decided to test a method known as Common Neigh-
bours [13]. If we define Γ(i) ∩ Γ(j) as the set of
common neighbours between nodes i and j. We can
easily score the nodes with

sCN
ij = |Γ(i) ∩ Γ(j)| (3)

the intuition being that nodes which share a larger
number of neighbours are more likely to be con-
nected than distant nodes that do not share any.
Evaluating this score for each pair (i, j) on the

dataset of unconnected pairs, which can be com-
puted as the second power of the adjacency matrix,
A2, we obtained an AUC which is sometimes higher
than preferential attachment and sometimes lower
than it but is still consistently quite close with the
best learning-based models.

E. M5: Features + ML

This method is based on [42] with a modifica-
tion disclosed in the VIC. First, 10 groups of first-
order graph features are extracted to get some neigh-
bourhood and similarity properties from each pair
of nodes: degree centrality of nodes, pair’s total
number of neighbours, common neighbours index,
Jaccard coefficient, Simpson coefficient, geometric
coefficient, cosine coefficient, Adamic-Adar index,
resource allocation index, and preferential attach-
ment index. They are obtained for three consecu-
tive years to capture the temporal dynamics of the
semantic network, leading to a total of 33 features.
Second, principal component analysis (PCA) [43] is
applied to reduce the correlation between features,
speed up the learning process and improve general-
ization, which results in a final set of 7 latent vari-
ables. Lastly, a random forest classifier is trained
(using a balanced dataset) to estimate the likelihood
of new links between the AI concepts.

F. M6: Features+ML

The baseline solution for the Science4Cast com-
petition was closely related to the model presented
in [12]. It uses 15 hand-crafted features of a pair of
nodes v1 and v2 (Degrees of v1 and v2 in the current
year and previous two years, these are six proper-
ties. The number of shared neighbours in total of v1
and v2 in the current year and previous two years are
six properties. The number of shared neighbours be-
tween v1 and v2 in the current year and the previous
two years, these are 3 properties). These 15 features
are the input of a neural network with four layers
(15, 100, 10, and 1 neurons), intending to predict

whether the nodes v1 and v2 will have w edges in
the future. After the training, the model computes
the probability for all 10 million evaluation exam-
ples. This list is sorted and the AUC is computed.

G. M7: end-to-end ML (Transformers)

This model, which is detailed in [44], does not
use any handcrafted features but learns them in
a completely unsupervised manner. To do so, we
extract various snapshots of the adjacency matrix
through time, capturing graphs in the form of At

for t = 1994, . . . , 2019. We then embed each of
these graphs into 128-dimensional Euclidean space
via Node2vec [45, 46]. For each node u in the se-
mantic graph, we extract different 128-dimensional
vector embeddings nu(A1994), . . . ,nu(A2019).

Transformers have performed extremely well in
natural language processing tasks [47], thus we ap-
ply them to learn the dynamics of the embedding
vectors. We pre-train a transformer to help clas-
sify node pairs. For the transformer, the encoder
and decoder had 6 layers each; we used 128 as the
embedding dimension, 2048 as the feedforward di-
mension and 8-headed attention. This transformer
acts as our feature extractor. Once we pre-train our
transformer, we add a 2-layer ReLU network with
hidden dimension 128 as a classifier on top.

H. M8: end-to-end ML (auto node embedding)

The most immediate way one can apply machine
learning to this problem is by automating the detec-
tion of features. Quite simply, the baseline solution
M6 is modified such that instead of 15 hand-crafted
features, the neural network is instead trained on
features extracted from a graph embedding. In our
approach, we use the ProNE embedding [48], which
is based on sparse matrix factorizations modulated
by the higher-order Cheeger inequality [49], as well
as Node2Vec [45]. We use the implementations pro-
vided in the nodevectors Python package [50].

The embeddings learn a 32-dimensional represen-
tation for each node; hence, each edge representa-
tion is normalized to a single point in [0, 1]64, and
the concatenated features are the input of a neu-
ral network with two hidden layers of size 1000 and
30, respectively. Similarly to M6, the model is then
tasked with computing the probability for the eval-
uation examples, which lets us determine the ROC.
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V. EXTENSIONS AND FUTURE WORK

Creating an AI that can suggest research topics
to human scientists is highly ambitious and chal-
lenging. The present work of link prediction for a
temporal network to draw connections between ex-
isting concepts is only the first step. We point out
several extensions and future works that are directly
relevant to the overarching goal of AI for AI.

High-quality predictions without feature

engineering – Surprisingly, given a graph with al-
ready extracted concepts as nodes and edges plotting
the time evolution of joint appearance of these con-
cepts in publications, the most powerful methods
all used carefully hand-crafted features. It will be
interesting to see whether end-to-end deep learning
methods can solve tasks without feature engineering.

Fully automated concept extraction – The
concept list at the moment is created by a purely sta-
tistical text analysis using RAKE. The suggestions
by RAKE are then manually inspected and phrases
that do not correspond to a concept are removed.
While this process can be partially automated (as
RAKE often makes the same mistakes which can
be captured automatically), it is not a scalable pro-
cess if one wants to create concept lists for the much
larger corpus of science and engineering. A fully au-
tomated natural language processing algorithm that
can extract meaningful concepts with minimal mis-
takes would be extremely useful.

Generation of new concepts – Here we pre-
dict the emergence of links between two known con-
cepts. One important question is whether an AI al-
gorithm can compose words and generate new con-
cepts. Different from the current work that is mostly
supervised, the generation of new concepts is unsu-
pervised, hence more difficult. One approach to ad-
dress this question has been presented in [51, 52].
There the authors can detect clusters of concepts
with specific dynamics that indicate the formation
of a new concept. It will be interesting to see how
such emerging concepts can be incorporated into the
current framework and used for suggestions for new
research topics.

Semantic information beyond concept pairs

– At the moment, every article’s abstract and title
are compressed into several links between concept
pairs. This procedure does not represent all infor-
mation in the article’s abstract (let alone, the ar-
ticle itself). The more information one can extract
from the article, the more meaningful the predictions
and suggestions will be. Extending the representa-
tion of the semantic network to more complex data
structures, such as hypergraphs [53] are likely to be
computationally more demanding but could signif-
icantly improve the prediction qualities. It might

be also possible to find some ways to decrease the
complexity of the analysis using clever tricks. For
example, the authors in [54] showed that the maxi-
mum node and hyperedge cover problem, two com-
putational NP-hard problems, can be solved in poly-
nomial time for most of the real-world hypergraphs
tested. Whether such tricks exist for hyperlink pre-
diction is still an open problem. The inclusion of so-
ciological factors, such as the status of the involved
researchers and their affiliations might help in pre-
diction tasks.

Predictions of scientific success – The predic-
tion of a new link between nodes in the semantic
network means that we predict which concepts sci-
entists will study for the first time in the future. This
prediction however does not say anything about the
potential importance and impact of the new connec-
tion. As a tool for high-quality suggestions, we need
to introduce the prediction of ametric-of-success, for
example, estimated citation numbers of the new link
or the rate of citation growth over time. This exten-
sion seems reasonable given that modelling and pre-
dictions of citation information in citation networks
(where nodes are papers) is a prominent area of re-
search within the science of science [55, 56]. Adapt-
ing these techniques to semantic networks will be an
interesting future research direction.

Anomaly detections – In a way, predicting the
most likely new connection between concepts does
not necessarily directly coincide with the goal of sug-
gestions of new surprising research directions. After
all, those links are predictable, thus potentially not
surprising by themselves. While we believe that this
type of prediction can still be a very useful contribu-
tion for suggestions, there is another way to more di-
rectly find surprising combinations, namely by find-
ing anomalies in the semantic networks. Those are
potential links that have extreme properties in some
metrics. There are powerful deep learning methods
for anomaly detection [57, 58] and their application
in the semantic network presented here might be
very interesting. In fact, while scientists tend to
study topics in which they are already directly in-
volved [2, 3], often higher scientific impact results
from the unexpected combination of more distant
domains [10], which foster the search for those sur-
prising and impactful associations.

End-to-end formulation – As outlined above,
we necessarily decomposed our goal of extracting
knowledge from the scientific literature into two sub-
tasks: extracting concepts and building and pre-
dicting the evolution of a semantic network result-
ing from those concepts. This stands in contrast
to the dominant paradigm in deep learning that
emerged over the last decade of so-called ‘end-to-
end’ training based on early spectacular successes
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[59–62]. In this paradigm, problems are not bro-
ken into sub-problems but solved directly using deep
differentiable architecture components trained via
back-propagation [63, 64]. If such an ‘end-to-end’
solution approach to our goal could be achieved it
would be interesting to see whether it could repli-
cate the success this deep learning paradigm had in
other areas.
Human level machine comprehension – One

of the defining goals of the Dartmouth Summer Re-
search Project on Artificial Intelligence in 1956 was
the following: ‘An attempt will be made to find how
to make machines use language, form abstractions
and concepts, solve kinds of problems now reserved
for humans, and improve themselves.’ [65]. Such
an algorithm would be expected to handle an evo-
lution in concept denotations due to new insights
(i.e. the emergence of the term ‘Gibbs entropy’ to
distinguish Boltzmann’s original concept of thermo-
dynamical entropy as opposed to seeing it in the light
of the more general emergent ‘Shannon entropy’ or
‘von Neumann Entropy’) or due to disputed original-
ity (i.e. Bolai-Lobatchevskian Geometry and Hyper-
bolic Geometry are the same concept). An algorithm
with such natural language understanding capabili-
ties would thus be extremely useful to get closer to
our goal. Although large language models and other
multimodally trained language models like CLIP [66]
or CLOOB [67] have achieved outstanding results re-
cently, it is an open question how much statistically
trained natural language models alone could even-
tually form concepts and abstractions on a human
level [68, 69].

VI. CONCLUSION

Here we present a new AI benchmark for link
prediction in exponentially growing semantic net-
works. Several of the solutions have been collected
in the IEEE BigData Competition Science4Cast in
fall 2021, and generalized to the mode diverse tasks
presented here. The goal was to boost the capabil-
ities of predicting future research directions in the
field of AI itself, which grows enormous over the
decade. This ability might be an important part of
a tool that gives personalized research suggestions
to human scientists in the future. We find, rather
surprisingly, that the prediction of strong new links
(those that are formed three or more times) can be
predicted with extremely high quality (AUC beyond
99%). It will be interesting to investigate this quasi-
deterministic pattern in AI research in more de-
tail. The best methods used a clever combination of
hand-crafted features and machine learning. It will
be interesting whether pure learning methods, with-

out hand-crafted features, will achieve high-quality
results in the future. We also point out a number
of open problems towards the goal of practical, per-
sonalized, interdisciplinary AI-based suggestions for
new impactful research direction – which we believe
could become a disruptive tool in the future.

APPENDIX

A. Model availability

All of the models described above can be found on
GitHub. M1, M2, M3, M4, M5, M6, M7, M8.

B. Details on M9

The solution M9 was not part of the
Science4Cast competition and therefore not
described in the corresponding proceedings, thus we
want to add more details. We compare the ProNE
embedding to Node2Vec, which is also commonly
used for graph embedding problems. The algorithm
maps each node of the network to a point in 32-
dimensional space based on a biased random walk
procedure, which is fundamentally parameterized
by two variables—p, the “return parameter”, and
q, the “in-out parameter”. The return parameter
determines the frequency of backtracking in the
random walk, while the in-out parameter deter-
mines whether to bias the exploration to nearby
nodes or distant nodes. Notably, these parameters
significantly affect how the network is encoded—for
instance, in the BlogCatalog dataset, optimal
parameters were p = 0.25, q = 0.25, whereas for
the Wikipedia graph, they were p = 4, q = 0.5
[45]. In initial experiments, we used the default
p = q = 1 for a 64-dimensional encoding, before
feeding it into the same neural network as for
the ProNE experiment. The higher variance in
Node2Vec-based predictions likely has to do with
the method’s significant sensitivity to its hyper-
parameters. While ProNE is clearly better suited
for a general multi-dataset link prediction problem,
Node2Vec’s parameter sensitivity may help us
identify what features of the network are most
important for predicting its temporal evolution.

C. Consideration for Model M6

In this manuscript, a modification was performed
in relation to the original formulation of the method
[42]: two of the original features, average neighbor
degree and clustering coefficient, were infeasible to



11

extract for some of the tasks covered in this paper,
as their computation can be heavy for such a very
large network, and they were discarded. Due to some
computational memory issues, it was not possible to
run the model for some of the tasks covered in this
study, and so those results are missing.
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