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REVIEWER COMMENTS
Reviewer #1 (Remarks to the Author):

This manuscript studies the relationships between "surprise" of scientific or technological discoveries
and their success using a generative hypergraph model. The hypergraph is defined on the space of
ontologies or classification systems (e.g., MeSH terms or patent subclass code) or venues (journals).
The generative model defines, given the parameters (embedding of terms and the scalar reflecting the
degree), a propensity function of possible hyperedges with a Poisson model (i.e., number of papers or
patents with the given set of terms). The paper shows that the model can learn useful embedding
from the past that can distinguish realized hyperedges from unrealized ones in the next period. The
propensity function is computed as a product of "complementarity" and "availability". Each node is
represented as a normalized latent vector. The complementarity is defined by examining whether all
notes in the combination are expressed in the same dimensions; the "cognitive availability", which
roughly prescribes the degree of nodes, is modeled with a scalar parameter for each node (and their
product for a hyperedge). Finally, the propensity of a hyperedge is computed as a product of these
two factors. Two separate hypergraphs are considered to capture the "content" and "context". These
graphs are separately defined for each dataset (e.g., MeSH terms vs. journals; PACS codes vs.
journals; and subclass codes vs. class codes). Finally, novelty is defined as the surprisal of its
complementarity.

With the novelty defined for the content and context, the authors showed that the novelty and citation
are positively correlated. Namely, as the citation increases, the mean novelty also tends to increase
(although content and context novelty are not strongly correlated). The probability of hits also
increases with novelty. Finally, it was shown that the novelty measures defined for a team, career,
and "expedition" capture some associations with the hit probability.

This paper proposes an intriguing, very clever hypergraph embedding model to capture knowledge
space and its exploration. The combination of the hypergraph-based operationalization of knowledge
products and the "complementary" formula that specifically captures the multi-dimensional
combinatorial property seems like an innovative way to address the challenges of operationalizing
novelty, moving beyond the existing combinatorial definitions of novelty. The model is validated by
using a temporal link prediction task (using a model trained on the past to predict future hyperedges)
and the result seems to indicate that the model indeed learns useful embeddings for predicting
knowledge products. The results on the association between novelty and success are also fascinating.
Therefore, I believe that this is an important contribution to the science of science.

At the same time, I am unsure about several results and their presentations and I think it is important
to clarify them before recommending them for its publication.

- I'm guessing that the vast majority of new hyperedges overlap with the existing hyperedges from
the prior years. Is this true? One can think of a simple baseline where we predict "Yes" for previously
seen hyperedges and "No" for previously unseen hyperedges. How well can this baseline perform in
the evaluation task? I think the performance of this baseline would provide a useful context to the
performance of the model.

- Across all figures, whenever possible, I would suggest showing the uncertainty of the estimations.
Without uncertainty, it is difficult to judge whether the pattern is real or not.

- In Fig. 2, (@) and (b) show only the average value per decile. I think there's a missed opportunity to
reveal more information -- how they are related in more detail. What's the uncertainty here? How is
the novelty distributed for each citation decile? What happens if you flip the x and y-axis? Given their
novelty, do prize winners tend to have fewer citations? Have you examined the whole distribution
(say, a heatmap of the citations similar to (d) or a 2D version of it)? Wouldn't this show useful details



about the distribution of novelty and citations?

- In Fig. 2, (c) and (d) shows many data points as dots, but I could not find what they are. I'm
guessing that each dot may represent a bootstrapped sample but the details on these points couldn't
be found.

- In Fig. 4, it is unclear how the "heat-cube" is colored. The authors should specify and justify the
method to obtain the smoothed map.

- The main manuscript says, "MEDLINE papers with maximal joint context and content surprise predict
nearly 50% of the likelihood of being in the top 10% of citations". I was not sure what exactly this
50% number means. I'd suggest elaborating a bit more on the task setup and how exactly this
number was calculated.

- I think more elaboration on the concept and precise operationalization of 'content’ and 'context' in
the main text would improve the readability of the paper. Although reading the method section
clarified for me, I was confused about how they are operationalized. A clearer, more explicit
presentation of 'content' and 'context' (hypergraphs) may be helpful for the readers.

- I would encourage authors to consider rephrasing the claim that "the vast majority of new scientific
and technological configurations can be predicted". Yes, it was shown that the model can distinguish
the combinations of MeSH terms that happen from random ones, but I think the term "configuration"
can mean many different aspects of knowledge products and thus the statement can be easily
misinterpreted. Also, depending on the performance of the super simple baseline, this fact may
potentially be much less surprising than it looks.

- The name "block model" is a misnomer. In block models, the probability of an edge (propensity) only
depends on each node's block membership and that's why they are called block models. Here, the
proposed model does not have 'blocks' that dictates the propensity. It is rather just a hypergraph
embedding model, similar to the geometric embedding models (e.g., hyperbolic space embedding
models, word embedding models, etc.). I think the current name would confuse those who are familiar
with block models. Therefore, I'd strongly encourage the authors to change the name to avoid
unnecessary confusion.

- The method uses negative sampling, which is a biased and simplified version of the Noise-Contrasive
Estimation (Gutmann & Hyvarinen, 2010). Although this may not be a huge issue because word2vec
and other models with negative sampling work fine, the authors may want to discuss the fact that the
negative sampling is a biased estimator and there may be certain consequences due to this bias.

- Not much detail was provided regarding the details of model training and thus I don't think it is
possible to replicate the results just based on the paper. The code may provide all necessary details,
but the GitHub address is not disclosed in the paper. Could you specify hyperparameters? For
instance, what are the hyperparameters for SGD? What are the largest hyperedge size for each
dataset? What's the hyperparameters for the negative sampling?

- Right after Eq. 2 says, "We note that our deep learning-based transformer predictions of content and
context ...". But I believe that the manuscript does not talk about the transformer model at all, but it
is only mentioned in the SI. I think this paragraph is not necessary in the main manuscript.

- In Figure 1 (b), I think the green, not the blue, is the most novel article.

Reviewer #2 (Remarks to the Author):



I am pleased to submit a review of this very interesting paper, "Science and Technology Advance
through Surprise, driven by Expeditions of Outsiders." The paper takes computation approach to
search for patterns in large amounts of scientific articles and patents using existing ontologies for
scientific fields and technology areas. The approach seeks to develop a model of abduction following
C.S. Pierce.

(My copy did not have page numbers so I numbered the pages starting with the abstract on page 1.)

The paper's findings depend on the success of a model created for experimentation with a large
corpus of scientific output including journals, articles, and patents. It is difficult for this reviewer to
assess the propriety of the model. It would be difficult to draw from this paper what other possibilities
for experimentation might have been possible. Is this the best model for assessing patterns - it
appears to be an emergent model, although there is reference to higher order structuring (p.4). It is
not clear at what level this paper is operating if one assumes a hierarchical model.

In most social science fields, scholars avoid using the term "predict" because of the existence of non-
linearity and multivariate conditions, thus it concerns this reviewer to see the term 'predict' used a
number of times in the paper. It seems as if the model is set up to search for what it finds, although I
may not understand it fully.

The idea of a complex hypergraph of scientific advance is intriguing and appears to be an interesting
approach, but, in the paper itself, the methodology section only briefly describes the process. As this
reviewer reads it, the method seeks clusters of terms - is that correct? The clusters are derived from
MeSH terms? The terms are placed into datasets by year to build a hypergraph for that year, although
I am not totally clear on this method. Reading the more in-depth method appendix still leaves it
unclear as to what variables are being examined, and how many different experiments were run. Can
you please clarify the variables and experiments?

The reference in page 1 to serendipity of science is apt, but there have been many different papers
and experiments delving into the dynamic structure of science beyond Merton. These works do not
seek to predict what will happen in the future -- that is not the goal of any known research in
sociology of science. However, the work of Leydesdorff, in particular, deals with the complex dynamics
of communications structures such as self-organizing criticality of discovery and Shannon uncertainty
in communication structures - and either of these concepts would be good to discuss in light of the
approach suggested in this paper.

The contrast with patent data is interesting, but it might be better to have a separate paper for the
patent data, and only refer to it briefly in this paper. The discussion does not apply directly to the
focus on surprise in scientific advances. As the authors note on page 7, expectations for patents is
quite different than for papers. Moreover, it is unclear how the patent discussion supports the initial
goal of demonstrating abduction.

On page 3, the text reads: "The model implies..." this may be a small thing, but a model cannot imply
something. The next sentence says that local search agrees with previous findings published by one of
the authors. In fact, the concept of local search in scientific communities has a long history in
sociology of science, so it might be better to cite other work preceding this paper rather than the
author's own work.

I very much like the finding on page 5-6 on content and context differences in their relationship to
outcomes. The paper does not set this up as a hypothesis - seeking only abduction - but the
relationship between content, context and outcomes is an interesting insight. Can you say what the
significance measures are for this finding? How does it relate back to the initial hypothesis?



The discussion of teams and expeditions is also very informative. The findings make some
contributions to the science of teams. Here, I wonder what 'career novelty' and 'team novelty' consists
of, since that is not defined, page 6. It has been shown that the work of teams has higher impact over
time than the work of sole authors. The findings here seem to support that work. Perhaps a reference
to that earlier work would be helpful here.

On page 7, the authors refer to collective abduction, which seems like an intriguing idea. It might be
worth considering defining this term fully and explaining how the operation shows this feature.
Similarly with the idea of 'collective attention.' Here, the paper also discusses exposure to foreign
theories that enable surprising discoveries. Again, it would be good to have more information here.
Several background papers might be worth consulting about surprise, including "Being Surprised and
Surprising Ourselves," by Dragos Simandan (2018), and "Tools for Thought" by H. Rheingold (1985).

Also on page 7, the authors refer to cross-disciplinarity, interdisciplinarity, and multi-disciplinarity.
Here, no doubt, the authors are aware of a deep literature on these subjects. Measures have been
developed that could also be applied to assess changes in the knowledge base. A discussion of these
methods as they are similar to or different from the method proposed here would be enlightening.

On page 8, the authors suggest that the method could be applied to institutions to help facilitate
progress and also suggest that the method could help foster advances. It may be premature to
suggest a normative application of this method. The model offers an intriguing way to study the
structure of scientific advance, but it is early days in testing it; its possible applications lay in the
future. Institutions generally do not want to have metrics of 'progress' put on their creative work.

Similarly, also on page 8, the finding on prizes going to conservative advances, and that people cite
familiar sources, have both been shown in the sociology of science in several different contexts, so it
might be good to cite these works.

The idea of knowledge expeditions (while not termed in this way exactly) also supports other work
that has been done in the past. It is unclear why the authors see their findings as distinct from
interdisciplinarity since no effort has been made in the paper to distinguish findings here from others.
However, it has been noted that researchers search for new ideas and that creative researchers put
together work across structural holes (Burt, 2002). It has also been shown that Nobel Prize winners
span structural holes Wagner et al., 2015).

Small item, but footnote 36 does not appear in the references.

It was disappointing to get to the end of the paper and not find a discussion of how the model upholds
or refutes the concept of abduction. This appeared at the beginning to be the purpose of the article,
yet, there is no further discussion about this hypothesis in light of the workings of the model. The idea
is intriguing, and it would be good to say more at the opening as to how the model will reveal
abduction. The conclusion should say something about the hypothesis and the extent to which it
reveals this dynamic.

Overall, there are many observations and findings in the paper that could fruitfully refer back to
earlier theories, models, and concepts in the dynamics of scientific advance. Some of the results
support earlier work and other points refute it. Scholarship would be greatly advanced by a discussion
of how the model tests and challenges these earlier concepts. Moreover, many of the earlier works
have been written by women, and thus it was disappointing to see so few women scholars cited in the
references.

I look forward to seeing this work develop in the months and years ahead. Good luck with it.



Reviewer #3 (Remarks to the Author):

This paper examines the role of surprise in advancing scientific knowledge. It combines a series of
methodologies from machine learning and statistics (e.g., embeddings, hypergraphs, stochastic block
models, attention-based neural networks) using community-curated ontologies to investigate whether
various content/context combinations and whether they can be predicted. (I wonder if this paper’s
unique combination of various methodologies will increase its probability of success?) There is a
substantial amount of work that has been invested in this paper with large-scale data and complex
analysis tools. Overall, I find the paper a nice contribution to science studies. It will generate
conversations about surprise, discovery and novelty in science and technology. My main concern is the
methods are a bit oversold for what they say about surprise and discovery in science. If the authors
can tone this down a bit and can address some of my other concerns, I think the paper deserves
consideration for publication.

The main point of the paper is that science advances through surprise, yet there were little to no
examples of “surprise” and novelty. Some specific examples of surprise would help motivate and
anchor the approach proposed in the paper. The authors do include the sanitity check with the
Faculty1000 papers, and I appreciate this inclusion but I still felt that this fell short of (1) providing
some specific examples of surprise to anchor these models on and (2) some specific examples from
their analysis that align with what others consider surprising. The vast majority of the paper is spent
in hypergraph space, which is still valuable, but it would be helpful for an already interesting paper to
show qualitatively the surprise that is referred to throughout the paper.

I am concerned that “surprise” of unique ontological combinations are simply the unique combinations
that made it through peer review. It is not that unique combinations are what advance science. There
are likely all sorts of “surprising” combinations but many of them are crackpot ideas. The few that get
through are therefore more likely to be successful since they were novel and they made it through the
peer review filter. I don't expect the authors to have to test this since pre-peer-review papers are
nearly impossible to get, but I am concerned that this “surprise” is being slightly oversold.

How do others build upon this approach? What other questions can be asked? Does this change how
we do science or just how we understand it? The authors conclude in their abstract that the work in

this paper provides new tools “to evaluate how scientific institutions including awards, education and
peer review facilitate advance.” I did not find this in the paper. How would these tools allow for this?

The authors say that “where we show that the vast majority of new scientific and technological
predictions can be predicted.” Also, “accurate prediction of subsequent scientific discoveries and
inventions.” This doesn’t accurately reflect what was done in this paper and what was not done. It
does do a good job predicting ontological combinations, but it doesn’t evaluate actual paper content.
The claims of the paper title and abstract seem to exceed what is actually done in the paper. I think
this needs to be toned down. It won't eliminate the novelty that does exist in this paper (e.g., the
hyper graph representation and the various forms of representing surprise and discovery and ways to
evaluate these measures). It just makes clear what was actually done. The authors have not created a
method that predicts tomorrow’s surprising discoveries.

One of the key sentences to understanding this paper is the following sentence: “If predictions are
sufficiently accurate, those that cannot be forecast will surprise the community of scientists and
vinegars who themselves seek priority by anticipating the future.” What do the authors mean by



sufficient predictions? Do the authors mean predictions of future discoveries and inventions? And if so,
are the authors implying that they have a method that succinctly predicts future discoveries? The
authors are able to predict ontological combinations term but not necessarily future discoveries and
inventions. Are these predictions sufficient? If so, a little more nuance here is needed.

Methodological question: The authors measure the likelihood of hypergraph G looking at every
possible combination. How do these likelihoods vary across the various data sets investigated? The
paper refers to the methods, but I couldn’t seem to find this. I ask because I am curious how the
variance of each affects the likelihood of surprise in each of the different hypergraphs. Also, the
authors report that they correctly distinguished combinations that ended up as publications more than
95% of time. I am curious how much this changes for years in which there is an increase in the MESH
terms or USPC codes.

I think the paper could do a better job differentiating content and context novelty, especially since it is
one of the core concepts in this paper. There is sufficient information in the paper provided to figure
out what the differences are, but it took more effort than is needed. The current explanation leaves
room for multiple interpretations.

Related to the comment above, the authors claim that novel combinations are 4 times more likely to
be a hit paper than random, but this does not account for the many “novel” combinations that make it
no where (e.g., get filtered through peer review or fall to lower tiered journals not in the APS or
indexed by MEDLINE. I don’t expect the authors to measure this. I just note this to make sure that
this 4 times results isn’t oversold too much.

Sentence fix: “our work formalizes the concept of a ‘knowledge expedition’, where scientists from one
area travel to distant another...”

In Figure 3b, is the entropy of attention affected by the increase in available terms over time?



We thank the reviewers for their insightful questions, comments and suggestions.
Responding to these and expanding our analysis, sensitivity evaluations, and
broadened framing has dramatically improved the clarity of presentation and
demonstrated robustness of our analysis.

Reviewer #1 (Remarks to the Author):

This manuscript studies the relationships between "surprise” of scientific or
technological discoveries and their success using a generative hypergraph
model. The hypergraph is defined on the space of ontologies or classification
systems (e.g., MeSH terms or patent subclass code) or venues (journals). The
generative model defines, given the parameters (embedding of terms and the
scalar reflecting the degree), a propensity function of possible hyperedges with a
Poisson model (i.e., number of papers or patents with the given set of terms). The
paper shows that the model can learn useful embedding from the past that can
distinguish realized hyperedges from unrealized ones in the next period. The
propensity function is computed as a product of "complementarity" and
"availability”. Each node is represented as a normalized latent vector. The
complementarity is defined by examining whether all notes in the combination
are expressed in the same dimensions; the "cognitive availability"”, which roughly
prescribes the degree of nodes, is modeled with a scalar parameter for each node
(and their product for a hyperedge). Finally, the propensity of a hyperedge is
computed as a product of these two factors. Two separate hypergraphs are
considered to capture the "content” and "context". These graphs are separately
defined for each dataset (e.g., MeSH terms vs. journals; PACS codes vs. journals;
and subclass codes vs. class codes).

We are grateful that the reviewer so clearly understands our research design and
intention.

Finally, novelty is defined as the surprisal of its complementarity. With the novelty
defined for the content and context, the authors showed that the novelty and
citation are positively correlated. Namely, as the citation increases, the mean
novelty also tends to increase (although content and context novelty are not
strongly correlated).

This is absolutely correct and one of our key findings. Prior work has elided these two
variables, using what we call context (journals/conferences) to measure content, but we
demonstrate how and why these represent significant, separate signals for the
assessment of novelty and the prediction of outsized impact.



The probability of hits also increases with novelty. Finally, it was shown that the
novelty measures defined for a team, career, and "expedition" capture some
associations with the hit probability.

We are pleased to see that this sociological finding was also clear—that novel careers,
teams and especially expeditions were substantially correlated with outsized (hit)
novelty.

This paper proposes an intriguing, very clever hypergraph embedding model to
capture knowledge space and its exploration. The combination of the
hypergraph-based operationalization of knowledge products and the
"complementary” formula that specifically captures the multi-dimensional
combinatorial property seems like an innovative way to address the challenges of
operationalizing novelty, moving beyond the existing combinatorial definitions of
novelty. The model is validated by using a temporal link prediction task (using a
model trained on the past to predict future hyperedges) and the result seems to
indicate that the model indeed learns useful embeddings for predicting
knowledge products. The results on the association between novelty and
success are also fascinating. Therefore, | believe that this is an important
contribution to the science of science.

Thank you; we are delighted that the Reviewer understood and appreciated our
approach to modeling the hypergraph of knowledge products.

At the same time, | am unsure about several results and their presentations and |
think it is important to clarify them before recommending them for its publication.

- I'm guessing that the vast majority of new hyperedges overlap with the existing
hyperedges from the prior years. Is this true? One can think of a simple baseline
where we predict "Yes" for previously seen hyperedges and "No" for previously
unseen hyperedges. How well can this baseline perform in the evaluation task? |
think the performance of this baseline would provide a useful context to the
performance of the model.

We appreciate the question and the excellent associated suggestion. For each year, we
now calculate the number of repeated hyperedges from prior years and include the
result in the Supplementary Information (also attached below). We find this number to
be lower than expected. For both the content and context hypergraphs of MEDLINE,
less than 15% of hyperedges from any given year overlap with hyperedges from prior



years. When given a random hyperedge and a random non-hyperedge combination,
there is at most a 15% chance that the hyperedge is repeated from previous years. If
we predict “Yes” for all repeated edges and “No” for previously unseen edges, then at
most 15% of the time we will rank a random hyperedge higher than a random
non-hyperedge combination. This translates to an AUC of approximately 0.15, which is
much, much lower than the performance of the current model.
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- Across all figures, whenever possible, | would suggest showing the uncertainty
of the estimations. Without uncertainty, it is difficult to judge whether the pattern
is real or not.

We thank the Reviewer for this request and have since added confidence/credible
intervals or standard errors to the plots whenever possible and also note that
uncertainty in the figure captions (e.g., Figure 2(a), (b) and (c), Figure 3(a), Figure 4(a)).

- In Fig. 2, (a) and (b) show only the average value per decile. | think there's a
missed opportunity to reveal more information -- how they are related in more
detail. What's the uncertainty here? How is the novelty distributed for each
citation decile?

We thank the Reviewer for this superb suggestion. We originally omitted the
distributions in the interest of space, but now we have added distributions of novelty
scores for each citation decile for MEDLINE in the Sl (also attached below). Within each
citation decile, we fit Gaussian kernels to the novelty scores and plot the resulting
density function. We can see that the mass of the novelty distributions gradually shift
towards the right (higher novelty) as we move from lower to higher citation deciles. This
shift is clear for both content and context novelty—but more striking and dramatic for
context. The density plots also suggest that uncertainty is relatively low for either lowest
or highest citation deciles and higher for middle deciles. This inverted “U” shape of
uncertainty is unsurprising: In lowest (and highest) citation deciles, the novelty scores



are also low (and high) for most papers; in the middle deciles, the papers are almost
“uniformly” distributed across the novelty spectrum.
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What happens if you flip the x and y-axis? Given their novelty, do prize winners
tend to have fewer citations?

As shown in Figure 2 (a) and (b) and briefly mentioned in the text, most of the
award-winning papers are in the top citation decile. Therefore, they tend to have (far)
more citations than average in general. To confirm that they also have more citations for
any given novelty score, we have followed the suggestion and flipped the x and y axes
in Figure 2. The resulting plots are attached below. Prize winners have
higher-than-average citations across novelty deciles. This observation agrees with the
notion that citation is a complex outcome, and being a prize winner has a substantial
impact on citation count. However, we can see that novelty is still significantly correlated
with citation, even for most prize winners—a trend heightened for context novelty.
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Have you examined the whole distribution (say, a heatmap of the citations similar
to (d) or a 2D version of it)? Wouldn't this show useful details about the
distribution of novelty and citations?

We thank the Reviewer for this interesting idea. We focused on the direct correlation
between novelty and citations, but not their distributional relationships. In the revision,
we examine the joint distribution of novelty and citation across all MEDLINE papers and
added heatmaps (similar to Figure 2d) to the Sl (also attached below). The distributions
are roughly bi-modal, with one mode around 0 citations and 0 novelty, and the other
near maximal citation and maximal novelty. Most papers are distributed along the
citation~novelty line. Besides, the heatmap for content novelty is “noisier” than for



context novelty, agreeing with our finding that context novelty has a stronger association
with citation.
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- In Fig. 2, (c) and (d) shows many data points as dots, but | could not find what
they are. I'm guessing that each dot may represent a bootstrapped sample but the
details on these points couldn't be found.

We thank the Reviewer for pointing out this failure to communicate Figure 2 details.
Each dot represents a (novelty percentile, hit probability) data point from a certain year.
We plotted our results in this way because our task is to predict combinations at year ¢
based on all history before t. Accordingly, each data point in the plot is about a specific
year. We didn’t aggregate over all years but plotted them separately to show variation



over time (or rather, the robust pattern over time identified by our model). We have
clarified this point in the figure caption.

- In Fig. 4, it is unclear how the "heat-cube” is colored. The authors should
specify and justify the method to obtain the smoothed map.

We thank the Reviewer for noting this ambiguity. The heat cube is generated as a
multi-sided heat map. We have added the details in Section “Methods/Probability of hit
papers and patents” and referred to them in the figure legend. As a brief summary here,
we first discretize the bounded space of (career novelty, team novelty, expedition
novelty) into 20 x 20 x 20 cells and then distribute all the papers into those cells based
on their corresponding values for the three novelties. In each cell, we calculate the
fraction of hit papers as the probability of being a hit. Analogous to Figure 2(d) where
we regress probability of hit to content and context novelties, here we fit a polynomial
function between the probability of hit and the career, team, and expedition novelties of

each cell to obtain the average relationship:
1

P(hit) ~ Y. career noveltyl X team novelty] X expedition noveltyk
i,j,k=0
The resulting 3D heat cube comprises 6 2D heatmaps where color denotes the fitted
probability of hit for any given values of (career novelty, team novelty, expedition
novelty). These are then joined precisely on their matched boundaries to reveal the
complex relationship between all three novelties. We now detail these construction
details clearly in the supplement.

- The main manuscript says, "MEDLINE papers with maximal joint context and
content surprise predict nearly 50% of the likelihood of being in the top 10% of
citations". | was not sure what exactly this 50% number means. I'd suggest
elaborating a bit more on the task setup and how exactly this number was
calculated.

We regret this confusion and thank the Reviewer for pointing out our ambiguity. What
the sentence intended to communicate is: On average, nearly 50% of the papers in the
group of highest content and context novelties jointly are hit papers (i.e., papers with top
10% citations). This is supported by Figure 2D, where the y-value (probability of hit) is
close to 0.5 at the top-right corner (which corresponds to the papers with the highest
joint content and context novelties). We have rephrased this sentence for clarity and
expanded on the discussion regarding Figure 2D.

- | think more elaboration on the concept and precise operationalization of
‘content’ and 'context’ in the main text would improve the readability of the paper.



Although reading the method section clarified for me, | was confused about how
they are operationalized. A clearer, more explicit presentation of ‘content' and
‘context' (hypergraphs) may be helpful for the readers.

We thank the Reviewer for this excellent expository suggestion. We have reorganized
the writing and elaborated on the concept and operationalization of content and context
in the main text. We also add a detailed explanation about content vs. context novelty
below equation (2), when the definition of novelty is first introduced. Specifically, we
have added:

We further contrast scientific contents and contexts to refine our expectations about
normal scientific and technological developments. By content we refer to the substance
of the papers and patents including phenomena, concepts, and methods. We
operationalize these using community-curated ontologies—Medical Subject Heading
(MeSH) terms for MEDLINE papers, Physics and Astronomy Classification Scheme
(PACS) codes for APS papers, and United States Patent Classification (USPC) codes
for patents, which index content for discovery within the field. By context we refer to
scientific or technological fields that often bundle, index and publish research through
editorial organization and disciplinary unity. We operationalize these as journals and
conferences referenced within a paper (or technology classes referenced by a patent),
which reflect the fields from which ideas and components were sourced. Then for each
dataset in each year we build a hypergraph of contents where each node corresponds
to an ontological term and each hyperedge to a paper or patent that inscribes a
combination of terms. Meanwhile, for each dataset in each year we separately build a
hypergraph of contexts where each node corresponds to a journal or conference (or
major technological area for patents) and each hyperedge to a paper or patent that cited
those contexts within its references.

The differentiation between contents and contexts allows a more precise
characterization of a novel discovery or invention. A new combination of contents may
surprise because it has never succeeded before, despite having been considered and
attempted; A new discovery or invention that cuts across divergent contexts may
surprise not because it has never been attempted, but because it has never been
imagined. The separate consideration of contents and contexts also allows us to
contrast scientific discovery with technological search: Fields and their boundaries are
clear and ever-present for scientists at all phases of scientific production, publishing and
promotion, but largely invisible for technological invention and its certification in legally
protected patents.



[Below Eq. (2)] Recalling that we model contents and contexts separately - a paper is
simultaneously a combination of contents (e.g., MeSH terms) and a combination of
contexts (e.g., journals), we separately measure the content and context novelty of a
paper, which correspond to the novelty of its content and context combinations,
respectively.

- | would encourage authors to consider rephrasing the claim that "the vast
majority of new scientific and technological configurations can be predicted".
Yes, it was shown that the model can distinguish the combinations of MeSH
terms that happen from random ones, but | think the term "configuration™ can
mean many different aspects of knowledge products and thus the statement can
be easily misinterpreted. Also, depending on the performance of the super simple
baseline, this fact may potentially be much less surprising than it looks.

We agree with this concern and regret the unintended overstatement. By configurations,
we only meant combinations of contents and contexts as defined in this work. We have
rephrased that claim to be precise and clear regarding its scope: the vast majority of
new combinations of scientific and technological terms can be predicted. Also, as
shown in the first point above, the simple baseline model (predicting “yes” for all
repeated hyperedges) would do much more poorly than our hypergraph embedding
model. This comparison suggests that although future combinations might not be
impossible to predict, neither is it trivial to do so.

- The name "block model" is a misnomer. In block models, the probability of an
edge (propensity) only depends on each node's block membership and that's why
they are called block models. Here, the proposed model does not have ‘blocks’
that dictates the propensity. It is rather just a hypergraph embedding model,
similar to the geometric embedding models (e.g., hyperbolic space embedding
models, word embedding models, etc.). | think the current name would confuse
those who are familiar with block models. Therefore, I'd strongly encourage the
authors to change the name to avoid unnecessary confusion.

We regret that this allusion was disorienting to the Reviewer. We named our model after
the mixed-membership stochastic block model, where a node can belong to multiple
“blocks™ with fractional membership in each block. Such models have become important
in recent years in the physical, biological and social sciences (Decelle et al. 2011; Abbe,
Bandeira, and Hall 2016; Matias and Miele 2015; Celisse, Daudin, and Pierre 2012;
Abbe and Sandon 2015; Abbe 2017; Lei and Rinaldo 2015; Mossel, Neeman, and Sly
2012; Latouche, Birmelé, and Ambroise 2011; Rachel Wang and Bickel 2017; Aicher,
Jacobs, and Clauset 2013; Stanley et al. 2016). The boundary between such a "block’


https://paperpile.com/c/LVoV19/vLGE+KYYt+8GXJ+FCI1+pnQt+k3ON+Xu2V+w0Zv+PmyH+C5Db+LEoB+vq6T
https://paperpile.com/c/LVoV19/vLGE+KYYt+8GXJ+FCI1+pnQt+k3ON+Xu2V+w0Zv+PmyH+C5Db+LEoB+vq6T
https://paperpile.com/c/LVoV19/vLGE+KYYt+8GXJ+FCI1+pnQt+k3ON+Xu2V+w0Zv+PmyH+C5Db+LEoB+vq6T
https://paperpile.com/c/LVoV19/vLGE+KYYt+8GXJ+FCI1+pnQt+k3ON+Xu2V+w0Zv+PmyH+C5Db+LEoB+vq6T
https://paperpile.com/c/LVoV19/vLGE+KYYt+8GXJ+FCI1+pnQt+k3ON+Xu2V+w0Zv+PmyH+C5Db+LEoB+vq6T

model and an embedding model is blurred in this case, but we agree that the name may
cause more confusion than clarity. We have changed the name to hypergraph
embedding model, which indeed better reflects the fundamental idea of the model:
embed the content and context nodes in a latent scientific knowledge space. We thank
the author for this recommendation.

The method uses negative sampling, which is a biased and simplified version of
the Noise-Contrasive Estimation (Gutmann & Hyvarinen, 2010). Although this may
not be a huge issue because word2vec and other models with negative sampling
work fine, the authors may want to discuss the fact that the negative sampling is
a biased estimator and there may be certain consequences due to this bias.

Thank you for this thoughtful note. Negative sampling effectively changes the objective
function we optimize. The original objective function can be rewritten as

log P(G|B,R) = Y log P(xh|6, R) + Y log P(xh|6, R)
heE heE
where E is the set of hyperedges and E is the set of non-hyperedge combinations.
Negative sampling turns the second term from the objective function into a random
function

X= Y log P(xh|9, R)
h~P(h|E)
where h is randomly drawn from E. This random function is a biased estimator of the
original objective in negative sampling. To illustrate the bias, assuming the simplest
case of stochastic gradient descent where we draw 1 negative sample for each positive
sample, the expectation of X then becomes

3 log P(x,18, R)P(h) = —¥ log P(x,|6,R)
h |E| h

where |E| is the size of E and P(h) = 1/|E| because h is a draw from E uniformly at
random. The result for more complex stochastic gradient descent algorithms can be
derived similarly with more complicated factors in front of the second term. In general,
the effect from the second term is down-weighted due to negative sampling. Although
statistically this estimator is biased, it works well in practice for word embeddings
[Mikolov et al. 2013], question answering [Bordes et al. 2014], and many other
applications, improving on predictions over noise contrastive sampling because it
reduces variance (Mikolov et al. 2013). We also found this approach worked well in our
model as seen in the high predictive power despite bias. Nonetheless, we acknowledge
that the estimation could be further improved by considering more advanced sampling
schemes [Gutmann & Hyvarinen, 2010], but we defer this to future work. There is also
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research on the comparison between different sampling methods [Wunsch et al. 2009,
Saeidi et al. 2017], but it is beyond the scope of this paper to precisely quantify biases
due to negative sampling within our approach based on our focus on prediction
accuracy rather than parameter estimation. We note this caveat in the revision and have
incorporated this discussion into the Methods section.

- Not much detail was provided regarding the details of model training and thus |
don't think it is possible to replicate the results just based on the paper. The code
may provide all necessary details, but the GitHub address is not disclosed in the
paper. Could you specify hyperparameters? For instance, what are the
hyperparameters for SGD? What are the largest hyperedge size for each dataset?
What's the hyperparameters for the negative sampling?

These are all excellent questions. We have provided the details of training in the Sl. The
GitHub repo is also included in the revised Code Availability section to assist with
replication. Here is a brief summary.

For stochastic gradient descent
e Learning rate is set to 1/(100+number of epochs) for all datasets.
e Batch size is set to 1000 for the MeSH dataset and 2000 for all the others.
e Number of negative samples is set to 1 per positive sample.

For other training hyperparameters
e Number of training epochs = 50 for all hypergraphs from the MEDLINE dataset

and the US Patent dataset
Number of training epochs = 25 for context hypergraphs from APS
Number of training epochs = 100 for content hypergraphs from APS
Maximum hyperedge size = 47 for MEDLINE MeSH, 711 for MEDLINE journals,
15 for APS PACS, 125 for APS journals, 264 for Patent subclass dataset, and
207 for Patent class dataset.

- Right after Eq. 2 says, "We note that our deep learning-based transformer
predictions of content and context ...". But | believe that the manuscript does not
talk about the transformer model at all, but it is only mentioned in the Sl. | think
this paragraph is not necessary in the main manuscript.

We have removed this paragraph from the main text. We were just hoping to clarify that
these methods work for contemporary contextual embedding methods as well.

- In Figure 1 (b), | think the green, not the blue, is the most novel article.



Good catch. Yes, green is the most novel. This is a typo and now fixed in revision.



Reviewer #2 (Remarks to the Author):

| am pleased to submit a review of this very interesting paper, "Science and
Technology Advance through Surprise, driven by Expeditions of Outsiders." The
paper takes computation approach to search for patterns in large amounts of
scientific articles and patents using existing ontologies for scientific fields and
technology areas. The approach seeks to develop a model of abduction following
C.S. Pierce.

We are grateful that the Reviewer found our purpose clear and our paper interesting.

(My copy did not have page numbers so | numbered the pages starting with the
abstract on page 1.)

The paper's findings depend on the success of a model created for
experimentation with a large corpus of scientific output including journals,
articles, and patents. It is difficult for this reviewer to assess the propriety of the
model. It would be difficult to draw from this paper what other possibilities for
experimentation might have been possible. Is this the best model for assessing
patterns - it appears to be an emergent model, although there is reference to
higher order structuring (p.4). It is not clear at what level this paper is operating if
one assumes a hierarchical model.

We note that we did not borrow or repurpose this model from another application. We
designed and implemented it specifically for its purpose in this article—to predict the
combinations of contents and contexts across science and technology. In the paper, we
show that the model strongly outperforms other models in the literature with similar
purposes (see “Surveying predictive models of hit papers” in Sl), but we avoid claiming
that it is the best possible model for this task, despite not being aware of a better one.

In most social science fields, scholars avoid using the term "predict” because of
the existence of non-linearity and multivariate conditions, thus it concerns this
reviewer to see the term 'predict’' used a number of times in the paper. It seems as
if the model is set up to search for what it finds, although | may not understand it
fully.

We thank the Reviewer for raising this concern and regret the confusion raised over our
use of prediction in this paper. The rise of powerful, predictive machine learning models
has led to a growing interest in the task of prediction across the social and policy
sciences (Kleinberg et al. 2015; Molina and Garip 2019; Ettensperger 2020; L. Zeng
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1999; Selin and VanDeveer 2007). Forecasting and prediction have long been goals of
specific social science areas including finance and election research, but the task has
diffused more broadly with increasing prediction success, as driven by the much wider
range of multi-modal data than ever before (e.g., contents and contexts as we use
here). Specifically, we are hindcasting (predicting the past from the more distant past)
rather than forecasting (predicting the future from the present). We note that our models
are neither causal nor descriptive, which are important social science goals, but not
relevant to the prediction portion of our analysis. In that portion, we seek specifically to
predict future science in order to identify the most unpredictable or surprising papers
and patents. As a result of this comment, we now do a better job of identifying our
research goals and the importance of prediction for our specific task of measuring
surprise.

The idea of a complex hypergraph of scientific advance is intriguing and appears
to be an interesting approach, but, in the paper itself, the methodology section
only briefly describes the process. As this reviewer reads it, the method seeks
clusters of terms - is that correct?

Yes; that is correct. More precisely, the method seeks to embed the terms in a latent
space (i.e., assign numeric vector representations) so terms that co-appear in papers
more frequently will be closer in the space. We have expanded our Methods sections,
and also added the complete code for replication for complete clarity.

The clusters are derived from MeSH terms?

The content “clusters” are of MeSH terms for the biological sciences; PACS codes for
the physical sciences (a MeSH equivalent for the physical sciences); and USPC codes
for patented inventions. The context clusters are of citation sources (e.g., American
Economic Review, Cell, Nature, etc.) We have added more details about our data in the
Data section in Methods.

The terms are placed into datasets by year to build a hypergraph for that year,
although | am not totally clear on this method. Reading the more in-depth method
appendix still leaves it unclear as to what variables are being examined, and how
many different experiments were run. Can you please clarify the variables and
experiments?

We have markedly increased both the Methods section in the paper, and also the
Supplementary Information to clarify exactly what we did to perform our analysis. We
have also linked to our complete code base, which can be used for precise replication.
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In our analysis, we cacluated embeddings (numeric vector representation) of keywords
(and, separately, referenced source journals) from research papers and patents.
Different from traditional regression analysis where independent and dependent
variables are defined explicitly, here we only have the dependent variable, which is the
number of times a combination of terms appears in papers (including zero times).
Roughly speaking, the “independent variables” are discovered through creation of the
embeddings (i.e., the latent numeric vectors) of terms or journals in an article
“‘combination”. Nevertheless, the embeddings are not given a priori but estimated from
data. Furthermore, not every combination has the same number of terms or the same
number of “independent variables” as commonly seen in a regression analysis. Hence,
we recommend not comparing our model to a typical regression model but rather a
machine learning one. In short, we predict future combinations of terms (and journals)
based only on an embedding of prior combinations. This allows us to identify papers
and patents that are unpredictable or surprising, and we show that this corresponds with
assessments of novelty from the scientific community.

As for the number of experiments, take MEDLINE data as an example: For each year t,
we fit the model to all papers published before and in year t focusing on MeSH terms
(contents), and separately, we fit the model to all papers published before and in year ¢
focusing on cited journals (contexts). Therefore, we estimated T*2 models for the
MEDLINE data where T is the total number of years covered by the analysis. The same
procedure is followed for the APS and USPTO datasets. Specifically, we run 68
experiments with MEDLINE data, 40 experiments with APS data, and 46 experiments
with USPTO data.

The reference in page 1 to serendipity of science is apt, but there have been many
different papers and experiments delving into the dynamic structure of science
beyond Merton. These works do not seek to predict what will happen in the future
-- that is not the goal of any known research in sociology of science.

In the burgeoning “science of science” literature (Fortunato et al. 2018)—including work
from sociology and economics, but also computer and data science, physics, ecology,
and more—there is a growing body of work that seeks to predict the number of future
citations by researchers, institutions and journals (D. Wang, Song, and Barabasi 2013;
Li and Agha 2015); the time at which those citations are received over the life course of
scientists (Liu et al. 2018; Sinatra et al. 2016); and factors that influence impact
predictability (Rigby 2013). While most of these do not describe themselves as the
“sociology of science”, they nevertheless incorporate social factors in making
increasingly successful predictions of impact.
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However, the work of Leydesdorff, in particular, deals with the complex dynamics
of communications structures such as self-organizing criticality of discovery and
Shannon uncertainty in communication structures - and either of these concepts
would be good to discuss in light of the approach suggested in this paper.

We thank the Reviewer for this reference and now discuss the work of Leydesdorff and
colleagues regarding the emergent, complex system of discovery in science (Loet
Leydesdorff 2010; L. Leydesdorff and Van Den Besselaar 1997; Etzkowitz and
Leydesdorff 2000; Loet Leydesdorff 2000)

The contrast with patent data is interesting, but it might be better to have a
separate paper for the patent data, and only refer to it briefly in this paper. The
discussion does not apply directly to the focus on surprise in scientific advances.
As the authors note on page 7, expectations for patents is quite different than for
papers. Moreover, it is unclear how the patent discussion supports the initial goal
of demonstrating abduction.

We appreciate the suggestion of the Reviewer regarding a deeper dive into patent
dynamics in another paper and agree that it will be an interesting topic to explore next.
We regret that we did not better communicate the three important roles that patents play
in the current paper. First, the patent data demonstrates that our hypergraph and
surprise models are general and flexible - they not only capture scientific discoveries but
also technological inventions. Second, the contrast of patents with science highlights a
few distinguishing patterns about science. For example, we find that scientists cite
contexts similar to publishing venues more intensively than contexts that are distant
(Figure 3a). It would be hard to assess whether this pattern is substantial without
comparing it to the patent space where inventors cite close or distant sources with equal
likelihood. Finally, the lack of disciplinary boundaries in patents helps us understand
how the surprise of context combinations distinguishes novel scientific discoveries. As a
result of your comment, we now do a better job in the paper of articulating how our
analysis on patents provides an important contrast in understanding how science
advances. We look forward to follow-up studies (from us or others) with patents being
the focus that more thoroughly investigate how technology advances.

On page 3, the text reads: "The model implies..." this may be a small thing, but a
model cannot imply something.

We thank the Reviewer for catching this unintended ambiguity. We have changed the
language for clarity to “The successful prediction of future combinations implies ...”.
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The next sentence says that local search agrees with previous findings published
by one of the authors. In fact, the concept of local search in scientific
communities has a long history in sociology of science, so it might be better to
cite other work preceding this paper rather than the author's own work.

We thank the Reviewer for this recommendation. We now add referenced work from the
science studies, sociology and complex systems traditions (Callon, Rip, and Law 1986;
Guimera et al. 2002; Stuart and Podolny 2007; Jia, Wang, and Szymanski 2017)

I very much like the finding on page 5-6 on content and context differences in
their relationship to outcomes. The paper does not set this up as a hypothesis -
seeking only abduction - but the relationship between content, context and
outcomes is an interesting insight. Can you say what the significance measures
are for this finding? How does it relate back to the initial hypothesis?

We thank the Reviewer for this perceptive question. We have added 95% confidence
intervals around the line plots in Figures 2a, b, and ¢ (which describe robust
associations between novelty and citation impact or awards). Confidence bounds
suggest that the positive associations between content/context novelty and citation or
hit probability are significant and substantial. Specifically, we test the statistical
significance of the Pearson correlation between content/context novelty and hit
probability in Figure 2c, and the results are p = 0.90, p = 0 for content novelty against
hit probability and p = 0.87, p = 0 for context novelty. Similarly, for mean content
novelty against citation quantile (Figure 1a) p = 0.98, p = 0 and for mean context
novelty against citation quantile (Figure 1b) p = 0.99, p = 0. Last but not least, the
confidence bounds in Figure 2c also suggest that the effects of content and context are
significantly different.

To the Reviewer’s question regarding our initial hypothesis that “path-breaking science
begins as expectations are disrupted by surprising findings, which then simulate
scientists to forge new theories to make the surprising unsurprising,” a logical
consequence of this hypothesis is that the surprise of a discovery (if properly measured)
would be able to “predict” its impact and influence on science and scientists. Here using
citation and awards as imperfect measures of impact, we show that surprise, as
measured by our model, is the best available predictor of outsized impact. The finding is
consistent with our initial hypothesis. We separated content and context because prior
studies have used context as a proxy for content in estimating novelty (Uzzi et al. 2013),
but we show that surprising combinations of content and/or context have largely
separable and independent influences on characterizing expectations and perceptions
of novelty. For this reason, we argued that an improved measure of surprise would take
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them both into account. In this current draft, we increase discussion linking our content
and context measurements with surprise; making it more clear why the distinction is
important for our purposes in this paper.

The discussion of teams and expeditions is also very informative. The findings
make some contributions to the science of teams. Here, | wonder what 'career
novelty' and 'team novelty' consists of, since that is not defined, page 6. It has
been shown that the work of teams has higher impact over time than the work of
sole authors. The findings here seem to support that work. Perhaps a reference to
that earlier work would be helpful here.

We regret this omission and thank the Reviewer for pointing it out. In the previous
version, we only briefly introduced the career, team and expedition novelties on page 6
due to the space constraints. Now we have added formal definitions of the three
novelties in Methods and refer to them clearly on page 6. We have also cited more work
related to novel, exploratory careers (Liu et al. 2021; A. Zeng et al. 2019) and novel
teams (de Vaan, Vedres, and Stark 2015; Uzzi and Spiro 2005).

On page 7, the authors refer to collective abduction, which seems like an
intriguing idea. It might be worth considering defining this term fully and
explaining how the operation shows this feature. Similarly with the idea of
'collective attention.' Here, the paper also discusses exposure to foreign theories
that enable surprising discoveries. Again, it would be good to have more
information here. Several background papers might be worth consulting about
surprise, including "Being Surprised and Surprising Ourselves," by Dragos
Simandan (2018), and "Tools for Thought" by H. Rheingold (1985).

These are excellent suggestions and have inspired us well beyond the scope of this
project. They moved us to write an entire paper on collective abduction in science
(Duede and Evans 2021), which we both reference here, but also add some additional
parsimonious discussion in the paper for clarification (here is the online reference:
https://arxiv.org/abs/2111.13251; the paper is under first review Social Studies of
Science). In short, abduction requires both insiders to recognize the surprise, and
outsiders to bring their alien skills to make the surprising unsurprising—to solve the
problem. The concept of collective attention is more common, but typically referenced in
the social media literature and operationalized as shared mentions (Wu and Huberman
2007; Lehmann et al. 2012; Mocanu et al. 2015). Here we proxy it with content—more
people referencing a concept suggests that more people are attending to it. We also
add the very interesting references the Reviewer proposed regarding the perception of
surprise (Simandan 2020; Rheingold 1985).
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Also on page 7, the authors refer to cross-disciplinarity, interdisciplinarity, and
multi-disciplinarity. Here, no doubt, the authors are aware of a deep literature on
these subjects. Measures have been developed that could also be applied to
assess changes in the knowledge base. A discussion of these methods as they
are similar to or different from the method proposed here would be enlightening.

We thank the Reviewer for raising this excellent point. In our initial draft, we considered
ourselves constrained by perceived space limitations, but now have created an
expanded discussion of alternative measures of X-disciplinarity, and how our findings
articulate with findings from this burgeoning literature, recently reviewed in (Q. Wang
and Schneider 2020). This includes prominent measures that approach interdisciplinary
from the perspective of combinations of journal keywords from the Web of Science
(Morillo, Bordons, and Gomez 2001; Morillo, Bordons, and Gomez 2003; Porter et al.
2007; Leahey, Beckman, and Stanko 2017)Porter(Morillo, Bordons, and Gomez 2001;
Morillo, Bordons, and Gémez 2003; Porter et al. 2007; Leahey, Beckman, and Stanko
2017) and diversity and inequality indices (e.g., the Simpson Index, Shannon Entropy,
and the GINI coefficient) assessed over these categories (Loet Leydesdorff and Rafols
2011; Zhang, Rousseau, and Glanzel 2016). These relate to our work, but are much
less granular (ours involves article keywords; their journal keywords). Others account
for the similarity or difference between research fields combined (Porter et al. 2007,
Porter and Rafols 2009; J. Wang, Thijs, and Glanzel 2015). Our measure does this
automatically by accounting for the combinations of keywords required to characterize
current literature and predict future research. Still others are built atop measures of
centrality in networks of publication (Loet Leydesdorff 2007; Rafols et al. 2012). By
measuring the inner product of term vectors, our measure also approaches a
continuous measure of centrality within the embedding space of contents and contexts.
In short, our measure captures desiderata from each of the major categories of novelty
measurement—diversity of combination, accounting for differences between
components, and which represents centrality in the continuous embedded manifold. We
now discuss this in the Methods sectionn.

On page 8, the authors suggest that the method could be applied to institutions
to help facilitate progress and also suggest that the method could help foster
advances. It may be premature to suggest a normative application of this method.
The model offers an intriguing way to study the structure of scientific advance,
but it is early days in testing it; its possible applications lay in the future.
Institutions generally do not want to have metrics of 'progress' put on their
creative work.
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We thank the Reviewer for pointing out this overstatement. We note that we are not
proposing an artificial intelligence to score (and determine) everything in science and
technology. Rather, we hope that our novelty measure can provide a complement to
other conventional measures such as impact factor and h-index to offer a more holistic
view of scientific processes that value novelty as well as popularity. Moreover,
researchers can apply our methods to specific research problems such as studies of the
peer review system or funding mechanisms to advance science in other ways.
Nonetheless, we note that agencies such as NIH and NSF are looking for metrics to
rank intellectual products given the increasing workload they are facing. Those being
said, we completely agree that it is too early to suggest a normative application of our
method, which is not what we intended to convey. We have revised that part in the
paper to better reflect our more modest scientific intention.

Similarly, also on page 8, the finding on prizes going to conservative advances,
and that people cite familiar sources, have both been shown in the sociology of
science in several different contexts, so it might be good to cite these works.

We thank the reviewer for mentioning this omission. We have now included references
to the following work on the conservatism associated with: 1) prizes in science
(Zuckerman 1978; Ma and Uzzi 2018; Szell, Ma, and Sinatra 2018); and 2) citations
more broadly (Bornmann and Daniel 2008; Jannot et al. 2013; Nieminen et al. 2007;
Brysbaert and Smyth 2011; Case and Higgins 2000).

The idea of knowledge expeditions (while not termed in this way exactly) also
supports other work that has been done in the past. It is unclear why the authors
see their findings as distinct from interdisciplinarity since no effort has been
made in the paper to distinguish findings here from others. However, it has been
noted that researchers search for new ideas and that creative researchers put
together work across structural holes (Burt, 2002). It has also been shown that
Nobel Prize winners span structural holes (Wagner et al., 2015).

We thank the Reviewer for highlighting this omission. We reference these excellent
works on bridging structural holes in science and problem solving (Burt 2004, 2021;
Wagner et al. 2015), and reveal their alignment with our findings on knowledge
expeditions.

Small item, but footnote 36 does not appear in the references.

We have corrected this error. Reference 36 is now included in References as
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36. Zivin, J. G., Azoulay, P. & Fons-Rosen, C. Does Science Advance One Funeral at a
Time? Am. Econ. Rev. 109, 2889-2920 (2019).

It was disappointing to get to the end of the paper and not find a discussion of
how the model upholds or refutes the concept of abduction. This appeared at the
beginning to be the purpose of the article, yet, there is no further discussion
about this hypothesis in light of the workings of the model. The idea is intriguing,
and it would be good to say more at the opening as to how the model will reveal
abduction. The conclusion should say something about the hypothesis and the
extent to which it reveals this dynamic.

We thank the Reviewer for noting this discrepancy and deeply regret not returning to
our initial framing regarding abduction and surprise in the conclusion. We have
remedied this omission by demonstrating how our model demonstrates that science
does substantially attend to surprising or unpredictable combinations of contents and
contexts.

Overall, there are many observations and findings in the paper that could
fruitfully refer back to earlier theories, models, and concepts in the dynamics of
scientific advance. Some of the results support earlier work and other points
refute it. Scholarship would be greatly advanced by a discussion of how the
model tests and challenges these earlier concepts. Moreover, many of the earlier
works have been written by women, and thus it was disappointing to see so few
women scholars cited in the references.

We deeply regret this omission and have sought to remedy it. We initially modeled this
paper on the Nature Communications template, which requires a modest reference list,
but we have expanded it to reference other theories, models and concepts associated
with scientific advance. We regret that our references in the initial manuscript were
disproportionately to men, We have added several additional citations to female
researchers working in this area, and we welcome other specific suggestions for
missing references.

Women represented in our current reference list include:
Elinore Barber

Christine M. Beckman

Katy Borner

Erin Leahey

T. L. Stanko

Stefanie Haustein



Hyejin Youn

Paula Stephan
Deborah Strumsky
Reinhilde Veugelers
Roberta Sinatra
Yuening Hu

Xia Hua

Eva Guinan

Niki Parmar

Harriet Zuckerman
Cassidy Sugimoto
Stasa Mikojevi¢
Heidi Williams
Helga Nowotny
Camille Limoges
Kelley Packalen
Kjersten Bunker Whittington
Ishani Aggarwal
Anita Williams Woolley
Danielle Li

Laurel Smith-Doerr

| look forward to seeing this work develop in the months and years ahead. Good
luck with it.

We thank the Reviewer for these excellent, engaged comments and suggestions. We
believe that responding to them has made a more engaging, comprehensive and
inclusive piece.



Reviewer #3 (Remarks to the Author):

This paper examines the role of surprise in advancing scientific knowledge. It
combines a series of methodologies from machine learning and statistics (e.g.,
embeddings, hypergraphs, stochastic block models, attention-based neural
networks) using community-curated ontologies to investigate whether various
content/context combinations and whether they can be predicted. (I wonder if this
paper’s unique combination of various methodologies will increase its probability
of success?) There is a substantial amount of work that has been invested in this
paper with large-scale data and complex analysis tools. Overall, | find the paper a
nice contribution to science studies. It will generate conversations about
surprise, discovery and novelty in science and technology. My main concern is
the methods are a bit oversold for what they say about surprise and discovery in
science. If the authors can tone this down a bit and can address some of my
other concerns, | think the paper deserves consideration for publication.

We are grateful that the Reviewer so clearly apprehended our approach and purpose in
our analysis.

The main point of the paper is that science advances through surprise, yet there
were little to no examples of “surprise” and novelty. Some specific examples of
surprise would help motivate and anchor the approach proposed in the paper.
The authors do include the sanity check with the Faculty1000 papers, and |
appreciate this inclusion but | still felt that this fell short of (1) providing some
specific examples of surprise to anchor these models on and (2) some specific
examples from their analysis that align with what others consider surprising. The
vast majority of the paper is spent in hypergraph space, which is still valuable,
but it would be helpful for an already interesting paper to show qualitatively the
surprise that is referred to throughout the paper.

This is an excellent suggestion. There are quite a few discoveries that motivate and
align with our model, but we now include 3 immediately after defining the measurement:

In order to illustrate this measurement approach, consider examplary discoveries our
model identifies as novel. The work of Grynkiewicz and colleagues(Grynkiewicz,
Poenie, and Tsien 1985) defines a novel family of chemical compounds including
Fura-2, discovered to be highly fluorescent and bind to free calcium. This is a novel
discovery—pulling diverse properties together that cross traditional field boundaries with
a content novelty in the 99" percentile—receiving more than 16,000 citations to date.
Research by Yanagisawa and colleagues(Yanagisawa et al. 1988) isolated endothelin,
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one of the most potent vasoconstrictors at the time (1988), and employed several
distinct and community spanning methods to examine its properties and mechanisms,
finding its potential as a modulator of ion channels. This novel discovery is in the 95"
percentile of content novelty and has received more than 14,000 citations since
publication. Also, consider work by Altschul and others(Altschul et al. 1997) in which
content and context novelties deviate. The work used a computer system to search
protein and DNA databases and did not itself represent a novel discovery in the
biomedical sciences but produced a tool with sizeable impact on the broad scientific
community—it is among the 15 most cited papers of all time (Van Noorden, Maher, and
Nuzzo 2014). In other words, its content is not the most novel from a biomedicine
perspective, lying in only the 15" percentile of content novelty, but its influence spans
the computational and biosciences fields and used techniques sourcing from those
distinct communities, scoring in the 97" percentile of context novelty.

We have added those examples to the main manuscript.

| am concerned that “surprise” of unique ontological combinations are simply the
unique combinations that made it through peer review. It is not that unique
combinations are what advance science. There are likely all sorts of “surprising”
combinations but many of them are crackpot ideas. The few that get through are
therefore more likely to be successful since they were novel and they made it
through the peer review filter. | don’t expect the authors to have to test this since
pre-peer-review papers are nearly impossible to get, but | am concerned that this
“surprise” is being slightly oversold.

We regret that it appeared we were overselling our surprise measure. We agree that
one could come up with a fundamentally absurd, hopeless and doomed idea and our
surprise/novelty measure cannot assess the validity of such ideas. However, conditional
on a paper having survived through publication — having been filtered and validated
through the adversarial peer review fitler, our surprise measure is demonstrated to work
well and reveal surprising successes that disproportionately reshape attention. It would
be interesting to test our surprise measure on papers that did not make it through the
peer review process but as the reviewer states, it is not possible to obtain such data and
we will have to defer that to future, experimental studies once such data is available. In
revision, we acknowledge this limitation clearly in the Discussion and throughout. The
discussion text is below:

We note that we only evaluate our surprise measure on papers that pass the filter of
peer review. We would like to test our model and measures on papers that did not make
it through that process—presumably some containing bizarre or speculative association
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culled in review. Unpublished historical papers in most fields remain inaccessible, and
we defer their investigation for future research, but we expect that the success
associated with surprise hinges largely on the collective skepticism that novel work must
endure peer review (Merton 1942).

How do others build upon this approach? What other questions can be asked?
Does this change how we do science or just how we understand it? The authors
conclude in their abstract that the work in this paper provides new tools “to
evaluate how scientific institutions including awards, education and peer review
facilitate advance.” | did not find this in the paper. How would these tools allow
for this?

We regret that we “skimped” on a discussion that would have allowed us to do some of
the forward-looking integration you suggested. The short form of the article made it
difficult to expand on all possible extensions and applications of our work, but we
envision at least two promising directions along the lines of our approach.

Methodologically, we proved that higher-order information is important in modeling the
space of knowledge through a relatively simple hypergraph model. Future studies can
experiment with more advanced models such as deep neural networks and more
signals such as textual data to model the advance of science. All those can be built
upon the basic content and context hypergraph structures that we have developed here.

On the application side, our model provides novelty measures that are shown to be the
most “accurate” in the literature to the best of our knowledge. Those measures can be
used to quantify various intellectual products in science and technology such as papers,
patents, proposals, etc., along with impact factor, h-index and other conventional
measures to offer a more holistic view of the products. Researchers in science studies
can apply our methods to specific research problems such as the role of novelty in peer
review processes. In short, our model and measures provide a toolkit to evaluate the
likelihood and surprise of any combination of objects. We have revised that sentence in
the abstract to better reflect its meaning and expanded discussion of these possibilities
in the abstract.

The authors say that “where we show that the vast majority of new scientific and
technological predictions can be predicted.” Also, “accurate prediction of
subsequent scientific discoveries and inventions.” This doesn’t accurately reflect
what was done in this paper and what was not done. It does do a good job
predicting ontological combinations, but it doesn’t evaluate actual paper content.
The claims of the paper title and abstract seem to exceed what is actually done in
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the paper. | think this needs to be toned down. It won’t eliminate the novelty that
does exist in this paper (e.g., the hyper graph representation and the various
forms of representing surprise and discovery and ways to evaluate these
measures). It just makes clear what was actually done. The authors have not
created a method that predicts tomorrow’s surprising discoveries.

We regret this bizarre overstatement. We have now made it clear throughout the
manuscript that the target of prediction is combinations of keywords—and that even
though our model is generative, our success measure only reflects our ability to
distinguish actual papers from negative samples (random collections).

One of the key sentences to understanding this paper is the following sentence:
“If predictions are sufficiently accurate, those that cannot be forecast will
surprise the community of scientists and vinegars who themselves seek priority
by anticipating the future.” What do the authors mean by sufficient predictions?
Do the authors mean predictions of future discoveries and inventions? And if so,
are the authors implying that they have a method that succinctly predicts future
discoveries? The authors are able to predict ontological combinations term but
not necessarily future discoveries and inventions. Are these predictions
sufficient? If so, a little more nuance here is needed.

This is an excellent point. By that sentence we meant two things. First, we view our
approach as a proof of concept that surprise and novelty can be quantified by
accurately predicting normal science and technology in the future. If the predictions are
poor or inaccurate, they will be unlikely to correspond with scientists’ presumably better
predictions about the future; and when they are violated (i.e., surprised), it is unlikely
that we will correspond with scientists’ experience of surprise. It is true that our method
only predicts combinations of keywords (community-curated ontological terms), but
even by doing so, we demonstrate that our measure performs better than competing
measures at predicted outsized attention and even attributions of novelty (e.g.,
spontaneously scored “controversial hypothesis”.) If one can predict the complete,
structured content of future discoveries and inventions, we expect their approach will
provide an even more precise identification of novelty by calculating the surprise of the
predictions. Secondly, by sufficient predictions, we mean accurate predictions, and our
hypergraph embedding model does achieve high accuracy (AUC~=0.9) in predicting
future combinations of keywords and journals against negative samples. Nevertheless,
we agree with the reviewer that calling our predictions simply “discoveries” and
“‘inventions” is misleading. We have reworded that paragraph and the one that follows to
clarify what our hypothesis is and what is achieved by our method:



We frame surprise in science and technology as the violation of expectations about
future advance. This demands that we predict the composition of future research with
sufficient accuracy that what cannot be forecast will surprise the community of scientists
and inventors who themselves compete for priority by anticipating the future(Merton
1957, Partha and David 1994)....Here we model science and technology as a complex
hypergraph drawn from an embedding of research components, as detailed
below.(Tshitoyan et al. 2019) .... We separate paper components into scientific contents
and contexts to refine our expectations about scientific and technological
developments®’.By contents we refer to the substance of papers and patents such as
concepts and methods, which we operationalize as keywords distilled within
community-curated ontologies—Medical Subject Heading (MeSH) terms for MEDLINE
papers, Physics and Astronomy Classification Scheme (PACS) codes for APS papers,
and United States Patent Classification (USPC) codes for patents. Contexts refer to
scientific or technological disciplines, operationalized as disciplinary journals and
conferences referenced within a paper (or technology classes cited by a patent). For
each dataset in each year we build a hypergraph of contents where each node
corresponds to a content keyword and each hyperedge to a research paper or patent
that combines all such keywords. Meanwhile, for each dataset in each year we
separately build a hypergraph of contexts where each node corresponds to a journal or
conference (or major technological area for patents) and each hyperedge to a paper or
patent that references these disciplinary contexts as sources of inspiration and
influence.

Methodological question: The authors measure the likelihood of hypergraph G
looking at every possible combination. How do these likelihoods vary across the
various data sets investigated? The paper refers to the methods, but | couldn’t
seem to find this. | ask because | am curious how the variance of each affects the
likelihood of surprise in each of the different hypergraphs. Also, the authors
report that they correctly distinguished combinations that ended up as
publications more than 95% of time. | am curious how much this changes for
years in which there is an increase in the MESH terms or USPC codes.

We thank the Reviewer for these excellent, engaged questions, and regret that our
initial draft did not address them. The likelihood of a hypergraph is used as an objective
to guide optimization of the model, but the likelihood itself does not carry much
substantial meaning because it is affected by the training configurations such as batch
size, negative sample size, etc. In other words, likelihoods of the hypergraphs from
different datasets are not directly comparable. That is why we evaluate the models by
their predictive power: their AUC scores in predicting hyperedges in the next year. AUC
measures how often the model distinguishes a published combination from a random or
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negatively sampled combination. We plot the AUC scores over time for the MeSH term
hypergraph and the USPC hypergraph below (also added to SI: Extended Data Figure
13). As the reviewer requested, these plots also show the number of MeSH terms and
USPC subclass codes over time. The number of MeSH terms has been increasing
steadily over time but the model's AUC remains in a narrow band (between 0.94 and 1).
The dip in AUC around 2001 could be numeric noise and the AUC is still above 0.94.
The number of USPC codes and the model’s AUC show more variation compared to the
plot for MeSH terms, but the AUC scores are still above 0.84 and are not affected by the
change in USPC codes.
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| think the paper could do a better job differentiating content and context novelty,
especially since it is one of the core concepts in this paper. There is sufficient
information in the paper provided to figure out what the differences are, but it



took more effort than is needed. The current explanation leaves room for multiple
interpretations.

We apologize that we overlooked this important issue in the draft. We have added a
detailed explanation about content v.s. context novelty in setting up the distinction and
below equation (2), when the definition of novelty is first introduced:

We separate paper components into scientific contents and contexts to refine our
expectations about scientific and technological developments®’. By contents we refer to
the substance of papers and patents such as concepts and methods, which we
operationalize as keywords distilled within community-curated ontologies—Medical
Subject Heading (MeSH) terms for MEDLINE papers, Physics and Astronomy
Classification Scheme (PACS) codes for APS papers, and United States Patent
Classification (USPC) codes for patents. Contexts refer to scientific or technological
disciplines, operationalized as disciplinary journals and conferences referenced within a
paper (or technology classes cited by a patent). For each dataset in each year we build
a hypergraph of contents where each node corresponds to a content keyword and each
hyperedge to a research paper or patent that combines all such keywords. Meanwhile,
for each dataset in each year we separately build a hypergraph of contexts where each
node corresponds to a journal or conference (or major technological area for patents)
and each hyperedge to a paper or patent that references these disciplinary contexts as
sources of inspiration and influence.

Distinguishing contents and contexts allows us to characterize the nature of a discovery
or invention’s novelty more precisely than before. A new combination of contents may
surprise because it has never succeeded before, despite having been considered and
attempted®’*2. A new discovery or invention that cuts across divergent contexts may
surprise not only because it has never been attempted, but because it has never been
imagined—representing a combination of ideas inaccessible within disciplinary
conversation. The separate consideration of contents and contexts also allows us to
contrast scientific discovery with technological search: Fields and their boundaries are
clear and ever-present for scientists at all phases of scientific production, publishing and
promotion, but largely invisible for technological invention and its certification in legally
protected patents and marketed products.

As we model contents and contexts separately—a paper is simultaneously a
combination of contents (e.g., keywords) and a combination of contexts (e.q.,
referenced journals), we also measure the content and context novelty of a paper
separately corresponding to the novelty of its content combination and its context
combination, respectively.



Related to the comment above, the authors claim that novel combinations are 4
times more likely to be a hit paper than random, but this does not account for the
many “novel” combinations that make it no where (e.g., get filtered through peer
review or fall to lower tiered journals not in the APS or indexed by MEDLINE. |
don’t expect the authors to measure this. | just note this to make sure that this 4
times results isn’t oversold too much.

This is correct, and we clarify this point in both the setup and the discussion. As in the
response to the comment above, we have clarified the scope of our novelty results in
the revision. Here we also point out the limit of this “4 times results” in the
corresponding paragraph in the revision. Our discussion now clearly states:

We note that we only evaluate our surprise measure on papers that pass the filter of
peer review. We would like to test our model and measures on papers that did not make
it through that process—presumably some contained bizarre or speculative association
culled in review. Unpublished historical papers in most fields remain inaccessible, and
we defer their investigation for future research, but we expect that the success
associated with surprise hinges largely on the collective skepticism that novel work must
endure peer review®.

Sentence fix: “our work formalizes the concept of a ‘knowledge expedition’,
where scientists from one area travel to distant another...”

Fixed.

In Figure 3b, is the entropy of attention affected by the increase in available terms
over time?

This is an excellent question. The entropy of attention is not affected by length, as it is
normalized by its information length (i.e., log(n) where n is the number of terms) so that
it can be compared across years and datasets. We now note this in the caption of
Figure 3b.
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