AYAAAS

Supplementary Materials for
Atypical Combinations and Scientific | mpact

Brian Uzzi, Satyam Mukherjee, Michael Stringer, p@mn Jones

correspondence tdjones@kellogg.northwestern.edu

ThisPDF fileincludes:

Data and Methods
Supplementary Text
Figs. S1to S11
Tables S1 to S3



Data and Methods

Data

We examined 17.9 million scientific publications@ss 15,613 journals,
constituting all research articles indexed in themson Reuters Web of Science (WOS)
database that were published over the 1950-2000dbeAccording to each journal’s
subject area, the ISI currently defines three §&ldd constituent subfields: science and
engineering (171 subfields), social sciences (Bislds), and arts and humanities (27
subfields) with coverage for research publicatimnscience and engineering since 1945,
social sciences since 1956, and arts and humasities 1975. The WOS records
papers’ citations, number of authors, and citalilgks to other papers in the database.

Methods

We measure the relative conventionality and novefityhe prior work that a paper
combines by examining the papers referenced irpar{gbibliography 23, 24). This
section first provides an overview of our methodgidollowed by an illustrative
example and further detalils.

Overview

We look at pairwise combinations of prior work. r@asic measurement question is to
assess how common or novel any pairwise combinafignior work is. To determine
how conventional or novel prior combinations ofereinced work are, we would like to
know both the (i) observed frequency of any givairipg of references in the WOS and
(i) the frequency of that pairing that would haxecurred by chance. Comparing the
observed frequency to the frequency expected bycehareates a normalized z-score
measure for whether any given pairing appears nmvebnventional.

To measure the observed frequency of any giverngain the WOS, we take the
following five steps:
(1) Take the references listed in a given paper’s dujoaphy.
(2) Consider all pairwise combinations of the papefsremced in the bibliography of
the paper.
(3) For each pairwise combination, record the two jalgthat were paired.
(4) Repeat steps (1)-(3) for every paper in the WOS.
(5) Count the aggregate, population-wide frequencyachgournal pairing for all
referenced pairs from a given publication year.

Figure S1 presents a stylized example for Stepsshedving for a given paper how pairs
of references are counted from that paper’s reteréist. The algorithm repeats this
counting process for every article in the WOS aggregates the counts for each given
publication year.

Our method counts specific journal pairings, ugmgnals to proxy for different areas of
knowledge. Journal-level analysis is well-posiédrio distinguish domains of
knowledge while having precedence in the literafardeing relatively transparent,



interpretable, and computationally feasit#?s, 24, 27).!

Having determined the observed frequency of eaging pairing, we consider the
frequency distribution for each journal pairingttheuld have occurred by chance. The
null model randomly reassigns the citation linksA@®en papers. As further detailed
below, the method uses a variation of the Markoai@iMonte Carlo (MCMC) algorithm
to randomly switch co-citations between all 17.9ion papers into a synthetic network
with 302 million citations (edges), the same nuntfgrapers and citations as the
observed network. Note that this method presahesletailed paper-level structure of
the global citation network; specifically, the nuenlof citations to and from each paper
is preserved, as are the dynamics of citation gmin

Using this approach, we create 10 synthetic ingtsuof the entire WOS, each with its
own set of randomized citation links. For eachidnse of the WOS, we then repeat steps
(2)-(5) above, calculating the frequency of eachieferenced journal pair. Looking
across all ten randomized cases of the WOS, wergtena distribution of frequencies for
each journal pair. We can then evaluate the zesimoreach observed journal pair

relative to what was expected by chance:

z = (obs—exp)/o

Whereobs is the observed frequency of the journal paihimactual WOS whilexp is
the mean ang is the standard deviation of the number of joupzats obtained from the
10 randomized simulations of the paper-to-papeatioit network.

Finally, returning to categorizing a paper’s pnaork in terms of novelty and
conventionality, we can now assign a z-score th @at¢he journal pairs in that paper’s
reference list. Each paper thus has a distributfgaurnal pairings, where any given
pairing may be more or less common compared toaghamo summarize the
information in this distribution, we take two pringgsummary statistics:

(i) The median z-score for that paper
(i) The 18" percentile z-score for that paper

The first measure is a summary statistic for there¢ tendency of the combinations of
journals that a paper cites. The larger the metliscore for a paper, the more common
the main mass of journal combinations in that papenpared to chance. The second
measure is a summary statistic for the left tadahbinations of journals that a paper
cites — journal pairings that are relatively unusaampared to chance, among the set of
journal pairings in that paper’s reference list.

[lustrative Example of Methodology and Further Detail
To illustrate these procedures, consider the fokxample, based on a single paper.

! Other operationalizations might consider lowephason pairings using the 1SI’s 252 subfield catggs,
text-based combinations, or conceptualizationsrfeasuring novelty beyond combinatorial pai8)(
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» Step 1. Take the references in a bibliographygivan paper. Consider the paper
“Synthesis of the 5 Natural Cannabis Spirans,” Whi@s published iffetrahedron
Lettersin the year 1980. This paper references 11 papet®ne thesis (Fig S2).

» Step 2. Consider all pairwise combinations ofghpers referenced in the
bibliography of that paper. As can be seen in Fdi2, pairwise paper combinations
include, for example, (i) El-Feraly et al. 1976wBoeren et al. 1977, (ii) El-Ferely et
al. 1976 with Bull et al. 1975, and (iii) Boerenagt 1977 with Bull et al. 1975. With
11 referenced papers, we have 55 (i.e. 11 choosai®yise paper combinations.

» Step 3. Map the observed paper pairs into obsgouedal pairs. The 55 paper pairs
are mapped into 55 journal pairs, where some joyraias in this list appear multiple
times. For exampldetrahedron andExperientia are paired 6 times.

» Step 4. Repeat steps (1)-(3) for every paper iWKES. The above steps, shown for a
single article, are now repeated for every papénenWOS. References to materials
outside the WOS (for example, books) are not inetlud

» Step 5. Count the frequency of each observed jbpaiang for a given publication
year, using the referenced works of every papelighdd that year in the WOS.
Information from the sample paper above would hented as part of the year 1980.
Hence, we allow journal pair frequencies to vargravme.

Having completed steps (1)-(5) for the observecepam the WOS, we repeat them for
each synthetic instance of the WOS, as createtéogull model. Comparing the
observed frequency of journal pairs under the Vé@IS with the frequency distribution
that appears across instances of the null modetowgpute a z-score for each journal
pair. Continuing our illustrative example, the eh&d frequency, expected frequency,
and z-score for several journal pairings that appethe paper “Synthesis of the Five
Natural Cannabis Spirans” are presented in Table/A1Table S1 demonstrates (for a
subsample of journal pairs), each published papggermdistribution of journal pairs, some
of which are highly conventional (suchBetrahedron-Tetrahedron) while others are
unusual compared to chance (sucfeisahedron-Life Sciences). Figure 1A (main text)
presents the distribution of z-scores for thissiitative paper and indicates the median z-
score and the f0percentile z-score in that paper’s distribution.

Table S1 further shows the importance of normaljzire observed frequencies. For
example, compare the pairings [Hrahedron andExperientia and (2)Journal of the
American Chemical Society andLife Sciences. Both have similar observed co-citation
frequencies in the WOS: 454 and 469 respectivellgwever, compared to chance, the
first pairing appears to have high conventionalityile the second pairing appears to
have high novelty. This result follows becadstahedron andExperientia receive
fewer total citations in the database, so thatitadions are less likely by chance,
averaging only 256 co-citations under the null modée latter pairing, representing
journals receiving many citations, averages 3,J6tcitations under the null model.
Thus normalizing the observed counts given the dyidg citations frequencies to each
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journal is essential to accurately describe thatired conventionality or novelty of any
journal pair.

Null Model Detail

The null model creates random synthetic instantdsoWOS while incorporating
realistic aspects of the data and its network sirec In particular, the null model
incorporates two basic empirical facts about @tapatterns:

- Citation distributions are skewed. Some papers@muhals are cited far more
often than other papers and journals and conselgartreferenced more
frequently in papers’ bibliographies.

- Citation counts are dynamic processes that vaipuoyal £5), so that the rate at
which papers accumulate citations is journal depatd

Keeping these facts in mind, the null model preseifer each paper in the WOS the
same number of references to past work, the saméeruof citations from subsequent
papers, and the same distribution of these citatomer time (Fig S3, left panel and
middle panel). The right panel of Figure S3 shdvwesdistributions of observed
frequency and expected frequency of journal pafoerthe example paper above.

Specifically, we use a variation of Markov Chain i@ Carlo (MCMC) algorithm to
construct randomized citation networks for all pape the WOS database. The
switching of endpoints of citation links is constied to randomly chosen endpoints
within the same class (Fig S3), where the links#asare defined as having the same
origin year and target yea2q). One can think of each link class as a subgodphe
global citation network, which can then be randadim the usual way by performing
Q*E switches, where E is the number of links inshbgraph. There is no proof for
when the Markov Chain converges, however it is satgyl 26) to set Q at a safe value
of 100. Since the citation network has 302 millexlges, the scale of the computation is
large, and we used a slightly less conservativeevaf Q =2log(E) in order to reduce
computational burden. As can be noted in the oaigyaper on the MCMC switching
algorithm @6), this value of Q is well in the region where @bations with the original
network cannot be detected.



Supplementary Text

Results over Time and by Definition of Hit Papers

In the text, we focused on the 1990s and defineddpers as being in the upper 5th
percentile by citations received. In Fig S4 wevghioat the results hold (a) over 5
decades of data recorded in the WOS from 1950-266((a) using the uppet* or 10"
percentiles of citation impact.

Results using Alternative Definitions of Tail Notel

In the main text, we defined tail novelty using @ percentile z-score of a paper’s
citation pairings, where high (low) tail noveltydicates a 10 percentile z-score below
(above) zero. In Fig S5, we define the cutofffiagh and low tail novelty at different
percentiles of a paper’s z-score: tie ", 20", 30", and 48'. Fig S5 shows that using
the £, 5" 10", or 20" percentiles all capture significant positive asstiens between
impact and tail novelty in the 1990s. Beyond th8 Bercentile the significant
association between impact and tail novelty disappeThese patterns suggest that the
concept of tail novelty is not sensitive to a senghlue and that beyond a precise focus
on the 18' percentile the construct is related to impactosmylas one continues to
consider the left tail of the distribution.

Results by Subfields

The following analysis shows that the results presin the main text for the whole of
the WOS continue to appear quite broadly when eximgipatterns within individual
subfields. By subfield, we present (1) the tengédnc tail novelty and median
conventionality, and (2) the relationship betweenatty, conventionality, and hit papers.
We examine all 243 subfields that appear in the V@@ the 1990s.

To examine subfield-specific patterns with regardkil novelty and median
conventionality, we grouped all the papers in eadbfield. We then examined the
central tendency, by subfield, for the median a8 dercentile z-scores for each paper.
Consistent with our main result, Fig S6A indicatestrong subfield-specific tendency
towards conventionality among papers’ median zescoOn a field-by-field basis,
papers typically reference journal pairings that@uch more likely than expected by
chance. Moreover, Fig S6B indicates that few 8altsplay a propensity for tail novelty.
The subfield-specific central tendency of pape€ percentile z-score is below zero for
just 6.6% of subfields, indicating that combinasaf journal pairs that are unusual
compared to chance are rare.

To examine any field specific relationships betwaewelty, conventionality, and hit
papers, we calculate the subfield-specific proliadsl of a “hit” by the four categories
used in Figure 2 and defined in the text. We tlagrked these four categories in each
subfield, where 1 indicates the highest probabditiit, 2 indicates the second highest
probability of a hit and so on. Consistent witk thain results, Table S2 shows that in
64.4% of fields, a paper’s likelihood of being apaper is greatest when combining
prior work characterized by high tail novelty andhmedian conventionality. This
category (GREEN) is ranked first or second in 86#%ubfields. Notably, to the extent



that this category is not dominant within a sulofjehe category featuring a more general
shift toward novelty (RED) appears prominently, gegfing that tail novelty is an
especially generic feature of the highest-impapeps Conversely, the category
(ORANGE) featuring low tail novelty and low mediaanventionality ranks lowest in
70.4% of subfields.

In summary, these subfield specific analyses indit@at the results presented in the
main text for the whole of the WOS appear consistem a field-by-field level.

Regression Methods and Results

Figure 4 in the main text uses regression methmdstsider the relationships between
median conventionality, tail novelty, and impaat éach authorship category. We use
logistic regression to predict the probability dfgapers in the 1990s and run these
regressions in a flexible manner that avoids impp$inctional forms on the data. In
particular, we first divide papers into subsampiased on their median conventionality
(11 categories, from least to greatest median atiomlity, as defined in the main text)
and the number of authors (3 categories, for salbas, two-author pairs, and three or
more authors). This creates 33 distinct subsanplée then run a separate regression
for each subsample. For a given subsample, agggretakes the form

Pr(y;) = f(fTail Novelty, —I-Z}}- Field;)
f

wherey;; € {0,1} is an indicator variable for a “hit” paper, alidil Nowvelty; € {0,1}

is an indicator variable for whether a paper’s Jf#hcentile z-score is below zero. The
regression includes a full set of fixed effectsdach of 243 subfields indeed by the WOS
in the 1990s, where the indicator variabfésld,; € {0,1} are equal to 1 if the papeis

in field f. Inclusion of these fixed effects accounts foy arean differences in hit
probabilities and tail novelty across subfieldse YWrther restrict the sample to papers
with at least ten known references, which ensuratsthe each paper in the sample has
many pairwise combinations of prior work.

Figure 4 establishes a large positive relationbleigeen tail novelty and hit papers,
which appears independently in each of the 33 sapks. The regressions further
establish that the probability of hit papers inse=sawith median conventionality, peaking
at approximately the §5percentile of median conventionality.

These strong empirical regularities extend to aieve analyses. The main text defines
hit papers as those in the top 5 percent of citatreceived. Figure S7 reconsiders these
regressions defining hit papers to be in the tpertent of citations received. The results
for this higher threshold for a “hit” paper looktexmely similar. Second, Figure S8
reconsiders the regressions when controlling femiimber of references made by the
paper to other papers in the WOS. These regresaienof the form



Pr(v,) = f(fTail Novelty, —|-Z}*f Fieldﬁ —|—Zpr Ref..)
F r

which include fixed effects for each of 10 rangéseference counts, where the indicator
variableskef,; € {0,1} are equal to 1 if the papemakes the number of references in
categoryr. Fig S8 shows that controlling for the numbereadérences presents similar
patterns as reported in the main text and undexsdbe empirical regularity of these
findings.

In our regression analyses presented in the meiratel above, we condition on papers
with at least 10 references to ensure that eacér@agalyzed has a rich distribution of
underlying journal pairs. That said, in practicere is no substantive distinction when
analyzing these papers. Fig S9 below confirmgdhkalts when looking at the all papers
together, regardless of the number of referenEgg S10 below further confirms the
results when looking at the subset of papers w#h than 10 references, although the
relationships for this restricted sample are sonawbisier, given the smaller sample
sizes.

Interdisciplinary Journal Pairings

As a validation exercise, we examined the relahgssbetween our measure of novelty
and conventionality and interdisciplinary journains. (We thank an anonymous
reviewer for suggesting this transparent analysiti¢ broad expectation is that novel
journal pairings encompass journals from diffeffiegitis/disciplines and conventional
journal pairings encompass journals from the saeté.f Specifically, Fig S11 shows the
relationship between journal pair z-scores (oursueg) and whether the journal pair
shares a common WOS field designation (e.g., ecarspmcology, or physics). We
define a binary variable, “journal similarity,” wdh is equal to 1 if two journals share a
common WOS field and equal to O otherwise.

As shown in Fig S11A, journal pairs sharing the saOS field have much higher
average conventionality (z-scores) than those wticchot. Fig S11B aggregates the
same binary measure of journal pair similaritytte paper level and shows similar
construct validity with our measure. Thus, our sugas of novelty and conventionality
are strongly associated with field-level dissimtiaand similarity respectively, providing
face validity and further transparency to our applo

At the same time, we observe that journal pairsfcifferent WOS fields are an
imprecise metric for assessing actual novelty beegournals from different fields are
commonly referenced together in papers. For exangpinsider the journals Human
Genetics and Nucleic Acids Research, which aresitindt WOS disciplines but have a
z-score of 3386, suggesting a remarkably conveatipairing. By contrast, consider the
New England Journal of Medicine paired with BraiesRarch, which also sit in distinct
WOS disciplines but in this case are novel, withstore of -121. Table S3, examines
these tendencies for each year from 1990-2000.s&®¢hat journal pairs from different
WOS fields tend to be conventional. The majorityoarnal pairs exhibit positive z-
scores; that is, these journal pairs appear togethreference lists substantially more
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often than chance. At the same time, the trulyehg@urnal pairings with z-scores less
than zero that guide impact in our analyses ang @subset of interdisciplinary journals
pairings. These results suggest the high quanitatiecision and added information
gleaned from our approach compared to simpler,istemimeasures.
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Fig. S1

Paper Pairs and Journal Pairs. This figure presesitglized example of how paper pairs
and journal pairs are drawn from the network stritecof citations. In panel A, the
circular nodes represent papers and the direcikd éxist when the top paper cites the
bottom four papers. In panel B, the circular nodgsesent papers and the undirected
co-citation links between papers are shown in blaklco-citation exists between each
pair of papers that occurs in the reference lisheffocal paper. Here there are 4
references and therefore 6 (i.e. 4 choose 2) edianit links. In panel C, paper nodes are
grouped by journal; the shaded ovals represerthtiee journals in which each of the
cited papers is published. Finally, in panel & tlo-citation links between papers are
mapped to the journal level, and the black linkgesent journal co-citations. Note that
the total number of paper-to-paper co-citationdif) is preserved at the journal co-

citation level.
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Title: CANNABISPIRONE AND CANNABISPIRENONE 2 NATURALY OCCURRING SPIRO-COMPOUNDS
Author(s): BERCHT, CAL; VANDONGEN, JPCM; HEERMA, Wt al.
Source: TETRAHEDRON Volume: 32 Issue: 23 Pages92ZB#3 Published: 1976

Title: BETA-CANNABISPIRANOL - NEW NON-CANNABINOID RFHENOL FROM CANNABIS-SATIVA L
Author(s): BOEREN, EG; ELSOHLY, MA; TURNER, CE; ak
Source: EXPERIENTIA Volume: 33 Issue: 7 Pages: 848-Published: 1977

Title: SYNTHESIS AND TOXICITY EVALUATION OF AFLATOXIN-P1
Author(s): BUCHI, G; SPITZNER, D; PAGLIALU.S; et.al
Source: LIFE SCIENCES Volume: 13 Issue: 8 Page$3411149 Published: 1973

Title: EFFICIENT METHOD FOR CONVERTING 17-OXO-STERDS INTO 17-ACETYL STEROIDS
Author(s): BULL, JR; TUINMAN, A
Source: TETRAHEDRON Volume: 31 Issue: 17 Pages12A85 Published: 1975

Title: ISOLATION OF CANNABISPIRADIENONE AND CANNABDIHYDROPHENANTHRENE - BIOSYNTHETIC
RELATIONSHIPS BETWEEN THE SPIRANS AND DIHYDROSTILBY¥ES OF THAILAND CANNABIS

Author(s): CROMBIE, L; CROMBIE, WML; JAMIESON, SV

Source: TETRAHEDRON LETTERS Issue: 7 Pages: 661f@dished: 1979

Title: BIOMIMETIC SYNTHESIS OF CANNABISPIRAN
Author(s): ELFERALY, FS; CHAN, YM; ELSOHLY, MA; eal.
Source: EXPERIENTIA Volume: 35 Issue: 9 Pages: 11832 Published: 1979

Title: CRYSTAL AND MOLECULAR-STRUCTURE OF CANNABISRRAN AND ITS CORRELATION TO
DEHYDROCANNABISPIRAN - 2 NOVEL CANNABIS CONSTITUEN®

Author(s): ELFERALY, FS; ELSOHLY, MA; BOEREN, EGt al.

Source: TETRAHEDRON Volume: 33 Issue: 18 Pages32&378 Published: 1977

Title: CANNABIS .19. OXYGENATED 1,2-DIPHENYLETHANE$ROM MARIHUANA

Author(s): KETTENESVANDENBOSCH, JJ; SALEMINK, CA

Source: RECUEIL DES TRAVAUX CHIMIQUES DES PAYS-BABOURNAL OF THE ROYAL NETHERLANDS
CHEMICAL SOCIETY Volume: 97 Issue: 7-8 Pages: 22RPublished: 1978

Title: [not available]
Author(s): KETTENESVANDENB.JJ
Source: THESIS UTRECHT Published: 1978

Title: GENERAL ONE-STEP SYNTHESIS OF NITRILES FROKETONES USING TOSYLMETHYL ISOCYANIDE -
INTRODUCTION OF A ONE-CARBON UNIT

Author(s): OLDENZIEL, OH; VANLEUSEN, D; VANLEUSENAM

Source: JOURNAL OF ORGANIC CHEMISTRY Volume: 42uss 19 Pages: 3114-3118 Published: 1977

Title: CANNABIS .13. 2 NEW SPIRO-COMPOUNDS, CANNABPIROL AND ACETYL CANNABISPIROL
Author(s): SHOYAMA, Y; NISHIOKA, |
Source: CHEMICAL & PHARMACEUTICAL BULLETIN Volume26 Issue: 12 Pages: 3641-3646 Published: 1978

Title: METHODS IN ALKALOID SYNTHESIS - IMINO ETHERSAS DONORS IN MICHAEL REACTION
Author(s): TROST, BM; KUNZ, RA
Source: JOURNAL OF THE AMERICAN CHEMICAL SOCIETY Mame: 97 Issue: 24 Pages: 7152-7157 Published: 1975

Fig. S2
Reference list for example paper. The paper “Sagithof the 5 Natural Cannabis
Spirans” references 11 different papers and orgghe
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Fig. S3

Link switching in the null model and example distriions of observed and expected
frequency of journal pairs. Citation links betwgmpers are switched randomly but
constrained to have the same origin year and tgegat Thus in the left panel, switching
links A and B is allowed, while switching links Ad C is not allowed. The switching
algorithm thus preserves for each paper its (i) memof references, (ii) citation count,
(iii) citation accumulation dynamics, and (iv) thge distribution of referenced work.
Performing QE switches converges to a random giraph the configuration model6)
where the number of and dynamics of citations aesgyved but the origin of the
citations is randomized. Since each node is eglikélly to be the originating node of
any citation, given the constraints, we know amptizat no disciplines exist in this
randomized citation network. The middle panel abdemonstrates the citation history of
a paper -- the citation history of every papemiaatly preserved under our null model,
ensuring that we control for both the variatiormagnitude and dynamics of citation
accumulation to papers. The right panel abovénéurshows, for the example paper
highlighted in Table S1, the frequency distributionthe observed journal pairings (blue
line) and the frequency distribution for these j@impairings when averaged across
instances of the null model (red line).
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Fig. 4

Citation impact results generalize by decade anddbipition of “hit” paper. This figure
shows broadly consistent patterns both over tintelgrthe definition of “hit” paper,
suggesting a remarkably robust and strong empirggallarity between scientific impact
and how prior work is combined. Specifically, figure shows that high tail novelty
combined with high median conventionality (GREENS)a@utperforms other categories
in all decades from 1950-2000, and regardless ethdr a “hit” paper is defined as a top
1%, 5%, or 10% by citations received, broadly smghit rates that are approximately
twice the background rate. By contrast, papersfé@ure neither high tail novelty nor
high median conventionality (ORANGE bars) see &iies at only half or less the
background rate.

13



0.100

0.080

0.060

0.040

Hit paper probability

0.020

LI I LI I T 1 1 I LI I LI I

0.000
15t percentile 5™ percentile 10" percentile 20% percentile 30 percentile 40™ percentile
zscore z-score z-score z-score z-score z-score

Fig. Sb

Citation impact results generalize to broader digdins of left tail novelty. The figure
presents the relationship between tail noveltyianmhct using alternative definitions of
tail novelty. In each case, tail novelty is defires an indicator for whether th p
percentile of a paper’s z-score distribution isl#®n zero. The x-axis indicates the
value of p. Itis seen that fokpO, high tail novelty combined with high median
convention (GREEN bars) outperforms other categoriehe results in the main text,
which use the fbpercentile, thus extend broadly to other defimsiof tail novelty so
long as the measure emphasizes the paper’s ledf tsoambinations.
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High median conventionality and low tail noveltgarommon features across subfields.
Grouping papers by each of the 243 subfields indéwethe WOS in the 1990s, we
examine the median and™percentiles z-scores. Taking the central tendémegian)

of each of these measures in each subfield, the pidicate that no subfield displays a
strong tendency for novel journal pairings. Albfelds display a characteristic central
tendency for drawing on highly conventional paigraj prior work (A) while just 6.6%

of fields display 18 percentile z-scores that are typically less theno £B)
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Novelty, authorship and impact for top 1% papérkis Figure repeats Figure 4 in the
main text but defines hit papers as those thatveaitations within eight years of
publication that are in the upper 5 percent opajpers published that year.
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Fig. S8
Novelty, authorship and impact for top 5% paperthwontrols for referencing behavior.
This Figure repeats Figure 4 in the main text bith Yixed effects for number of WOS

references, using ten categories of reference sount
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Fig. S9
Novel and conventional combinations, full sampléis figure shows that results for all
WOS papers, regardless of the number of refergheganake, and shows that the
results are similar to the main text results shawRigure 4(A-C).
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Fig. S10

Novel and conventional combinations, reference®.<This figure shows that results for
the subsample of papers with fewer than ten rete®are broadly similar to the main
text results shown in Figure 4(A-C). The noisedolo authors in cases with high tail
novelty and high median z-scores reflects the smatiber of observations in those
cases.
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Fig. S11

Novelty, conventionality, and journal field simitigr. In the left panel, the x-axis divides
journal pairs into those that share a common W@\ fiesignation (journal similarity =
1) and those that do not share a WOS field (jousmailarity = 0). The y-axis shows the
mean z-score (and indicated 95% confidence intewigthin each set of journal pairs.
We consider three different years (1995, 1998,20€0). Journal pairs sharing a WOS
field show high z-scores on average, indicatindnlyigonventional combinations.
Journal pairs that do not share a WOS field aravanage much less conventional
combinations; however, mean z-scores remain gré@arzero, indicating that journal
combinations from distinct WOS fields are on averagtually not novel compared to
chance. In the right panel, the x-axis presergsriedian conventionality” of each
paper, using the paper’s median z-score. The yiaglicates the mean journal similarity
at the paper level, averaging the journal simyavdriable across all the referenced
journal pairs in a given paper. Data are for tbaryl995. We again see the expected
positive relationship between high conventionadityl high field similarity.
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Table S1. Examples of Journal Pair Frequencies for IllusteaPaper

Journal Pairs Observed Expected Z-score A

Tetrahedron - Tetrahedron 5071 151.89 637.77

Experientia - Experientia 1159 109.59 95.07 More .
Conventional

Tetrahedron - Experientia 454 256.06 21.55 Combinations

Experientia - Tetrahedron 661 481.07 6.88

Lett

Z-score of Zero means obs is as likely as chance 0.0

Chem Phar Bull - Life Sci 114 151.19 -24 More

Life Sci - RJ Royal Neth C 16 4545 482 Novel
Combinations

Life Sci — Tetrahedron 36 315.78 -17.67

Life Sci — J Organic 166 813.72 -2421

Chemistry

J Am Chem Soc - Life Sci 469 3147.65 -45.07
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Table S2.

Novelty, convention, and citation impact by fielHor each of 243 subfields indexed by
the WOS in the 1990s, we rank the categories oésagccording to their probability of
producing hit papers. Hit papers are defined aselin the upper 5% of citations
received in that subfield. We focus on all papenrslished across all subfields in the
1990s. This analysis reveals that high tail ngvaitd high median conventionality are
the highest impact papers in 64.4% of subfieldseitir first or second in 86.3% of
fields. By contrast, low tail novelty and low madiconventionality rank lowest or
second lowest in 87.4% of fields.

Rank
1St 2nd 3I‘d 4th
High tail novelty and low 20.3% 44.5% 28.7% 6.5%

median conventionality

Low tail novelty and high 9.7% 26.7% 50.6% 13.0%

median conventionality

High tail novelty and high 64.4% 21.9% 3.6% 10.1%

median conventionality
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Table S3.

Journal pairs from common and distinct WOS disngaly designations. Using the 243
field categories in the WOS in the 1990s, thisaatiVides journal pairs into those that
share a common WOS field and those that do not.théte consider, by year, the mean
z-score for each category of journal pairs andogreentage of journal pairs that are
conventional (z-score > 0). We see that journakgeom distinct WOS fields are much
less conventional than journal pairs that shareGSield. At the same time, observed
journal pairs from different WOS fields are, inithmajority, conventional combinations
because some disciplines regularly publish together

Journal Pairs that do not share Journal Pairs that share
a common WOS field a common WOS field
Year % Conventional Mean z-score % Conventional Mean z-score
1990 61.3% 4.89 92.3% 64.63
1991 61.3% 5.07 92.1% 66.34
1992 60.9% 4.95 91.9% 68.96
1993 61.3% 5.00 91.9% 68.42
1994 61.4% 5.05 91.7% 68.73
1995 60.7% 4.89 91.5% 66.07
1996 59.8% 4.63 91.3% 64.19
1997 59.4% 4.84 90.9% 62.13
1998 59.1% 4.30 90.8% 59.77
1999 58.5% 412 90.7% 59.33
2000 58.4% 414 90.6% 59.52

23



