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Abstract. This paper introduces CHExNet, a temporal, two-layer net-
work dataset capturing interactions centered on the Jagiellonian Univer-
sity in Krakow over the period 1364-1850. Nodes represent individuals
reconstructed from heterogeneous archival and bibliographic sources, and
edges encode two complementary interaction layers aligned to a shared
time axis: (i) educational/professional co-presence, inferred when two
persons are recorded at the same institution within the same semester-
length bin, and (ii) book-production collaboration, inferred from co-
participation in bibliographic records. The creation of the network is
based on an expert-validated authority file reconciling person identities
between the Jagiellonian University Archives and the Jagiellonian Li-
brary, and custom scripts for the creation of a series of time-based ad-
jacency matrices. We describe the aggregated and temporal properties
of the resulting network and illustrate its analytical value with a usage
scenario that models the diffusion of Polish-language book production as
a discrete-time hazard process driven by multiplex exposure. CHExNet
is released for reuse as a benchmark for temporal and multilayer network
analysis, historically grounded diffusion modeling, and AI methods that
require long observation windows and interpretable provenance.

Keywords: Temporal networks - Multilayer networks - Social contagion

1 Introduction

Network science and computational social science have made significant progress
in modeling collaboration, diffusion, and collective behavior using complex net-
works. Temporal-network approaches make it possible to study how the timing
and ordering of interactions shape diffusion processes [?]. Empirical studies fur-
ther show the predictive power of network topology on real world events, for
example, clustered structure reflects a facilitation of behavior spreading when
reinforcement matters, and that large-scale online cascades can exhibit systemat-
ically different spread patterns for true vs. false information [?]. At last, network
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models can contain several layers, enabling analysis of how processes like diffu-
sion interact across contexts rather than within a single aggregated graph [?].

The overall success of network-based approaches for studying social systems
is tightly linked to the quantitative and qualitative availability of curated empir-
ical datasets, i.e., networks constructed from observed or recorded data about
real entities and relationships. A large set of reusable datasets have been re-
leased tracking the records of contemporary phenomena as complex networks.
[?] presents a data set that tracks user behavior on the Bluesky social media plat-
forms, including user-to-user and user-to-community interactions. Moreover, [?]
shares and discusses face-to-face proximity networks collected with wearable sen-
sors in households. Finally, [?] contains a large online-network corpora covering
social, communication, citation, collaboration, and temporal networks.

While complex networks reflecting contemporary practices have the advan-
tage of being large-scale, digitally recorded, and often time-stamped at fine res-
olution—making them attractive for measurement-driven modeling and bench-
marking—one of their main limitations is the temporal span: many cover only a
few years or decades, which prevents the study of slow, structural changes across
centuries. One way to study such long-term dynamics is to work with historical
social networks, which can extend the observation window substantially at the
cost of noisier identifiers and sparser coverage. Examples include large-scale early
modern social-network reconstruction projects such as Six Degrees of Francis
Bacon [?], and historical communication/correspondence datasets such as Map-
ping the Republic of Letters, letter-based networks in early modern Europe [?].
A main limitation of historical social networks is that they are reconstructed
from incomplete and heterogeneous records, so nodes and ties can be uncertain
(name ambiguity), systematically missing (archival survival and social bias), and
unevenly time-resolved, which can distort inferred structure and dynamics.

This paper introduces a temporal multilayer historical network spanning
1364-1850 centered around students and workers connected with the Jagiel-
lonian University in Krakéw within this period. In the created network, nodes
represent individuals and edges capture in separate layers (i) co-presence at the
same institution within a given period and (ii) book-production collaboration
within the same period. Both layers are modeled as undirected, unweighted per-
son—person graphs normalized to a common temporal axis. Section [2] we present
the creation process for the network and information on its availability and ad-
ditional content. Section [3| presents several properties of the network.

The resulting dataset is aimed at supporting research on temporal /multilayer
network analysis, social simulation, and AI methods, thus Section [ presents
preliminary results of using CHExNet to answering two research questions. The
paper ends with a summary of the work here presented, some of its limitations
and provides directions for future work.

2 The Creation of CHExNet

2.1 Data Sources

The Jagiellonian University (JU), Poland’s oldest university and among the
world‘s oldest continuously operating institutions, houses a diverse collection
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of cultural heritage artifacts connected to its more than 600 years history. Data
concerning JU heritage resources are currently being stored and analyzed sepa-
rately in different units, including the Archive (AUJ), and the Library (BJ). The
ongoing CHEXRISHE project at the JU has as one of its goals the unification
of the data across the above-mentioned units. One of the consequences of such
unification is the possibility of creating a multi-layered network of interaction
between individuals connected with the university.

Mikolaj Kopernik (Copernicus) z Torunia, syn Mikolaja

+

Place of origin: Toruri

Place and date of birth: Feb 19, 1473

Place and date of death: May 24, 1543

Known events from period: Feb 19, 1473 — the end of 1543 year

Education and academic degrees

~ . Education . Scientific . S, . .
8 s Eventtype ¢ L demic degree °  discipline Institution : Date s
poczatek . . the beginning of August 1501 — the end of
8 1 studiow/nauki student medycyna Uniwersytet Padewski December 1501
B 1 immatrykulacja student prawo Uniwersytet Boloriski after Jan 6, 1497
X . . the beginning of winter semester 1491-
1 immatrykulacja student Bkl Uit (el o 1492 — the end of winter semester 1491-
wyzwolone/filozofia (Akademia Krakowska) 5o
| 1 koniec e sztuki Unis y i the inning of summer 1495 — the end
studiéw/nauki wyzwolone/filozofia  (Akademia Krakowska) of autumn 1495

Functions/ offices/roles
Event type ¢+  Function/office/role ~ Place/Institution ¢ Date
objecie funkcji kanonik katedra we Fromborku  Oct 20, 1497

rezygnacja scholastyk (koadiutor) katedra we Wroctawiu the beginning of 1538 year — the end of 1538 year

B 8| 8| @
[T

poczatek funkgji  scholastyk (koadiutor) katedra we Wroctawiu  Jan 10, 1503

Fig. 1: Excerpt of Nicolaus Copernicus’ record from CAC.

The main source of information for the creation of the network is Corpus
Academicum Cracoviense (CAC)EI7 an electronic database with around 67,000
records on students and graduates of the University of Krakéw during the period
1364478@ CAC contains information on academic, occupational and personal
events in a given person’s life. Fig. [I] partially reproduces the CAC record for
Nicolaus Copernicus, showing Copernicus’s birth and death date, some institu-
tions where he has worked, and places where he studied. CAC is transformed in
a co-ocurrence network given the presence of an event at the same institution at
the same time between two (or more) people, constituting layer 1 of CHExNet.

Layer 2 of CHExNet is created from the records contained in the ALMA sys-
tem of BJ. ALMA is an integrated system for the management of around 9 mil-
lion bibliographic records. ALMA data is structured according to the MARC21
format, thus containing information, among others, about authorship (e.g., au-
thors, editors, translators, illustrators), publication facts (place, publisher, and
date), language, and subject/genre metadata. Fig. |2| contains an excerpt of the
bibliographic record for Copernicus’ “De revolutionibus”, where one can see the
MARC?21 fields and their respective values.

! For more information on the CHExXRISH project and its use of Knowledge Graph
technologies, see |?] and https://chexrish.id.uj.edu.pl/

2 https://cac.historia.uj.edu.pl/

3 See [?] for more details on the history of CAC and the provenance of its data.
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MARC21 record (compact view)

001 9910885151605606

005 20240920061626.0

008 051121s19961520pl ||||gs||]||00] ||lat c

041 alat

100 a Kopernik, Mikolaj d (1473-1543)

245 a De revolutionibus orbium coelestium b auto-
graf : okolo 1520-1541 / ¢ Mikolaj Kopernik.

700 a Zwiercan, Marian d (1932- ). t Dzieje au-
tografu De revolutionibus Mikolaja Kopernika

Fig. 2: Excerpt of selected MARC?21 fields for Copernicus’ “De revolutionibus”.

A significant challenge for the creation of the multilayered network is the
match between the two different bases. As visible from the name of Copernicus,
in CAC the header is “Mikotaj Kopernik (Copernicus) z Torunia, syn Mikolaja”,
and in ALMA it is “Kopernik, Mikotaj (1473-1543)”. There was no authority
file available for unifying these records. As described in [?], we have used a
combination of string similarity metrics to train a random forest model to find
possible matches between headers. The matches were further manually validated
by domain experts from AUJ and BJ. A final authority file containing 824 verified
matched entities was composed and was the basis for the creation of the network.

Having the authority file, we were able to retrieve the information from CAC
and from ALMA related to the 824 individuals, summing up a total of 8658
bibliographical records in which at least one matched individual was an author
or contributor and 48293 archival records about work or study activities of a
matched individual. Fig. [3|presents the pipeline for the construction of CHExNet
given the authority file and the CAC and ALMA bases. Custom python scripts
were used to extract the data from the bases and merging them into CHExNet.

ALMA base
== ‘ ALMA_matched.parquet ‘

]
*Ii Expon’J

Authority File ALMA processing ACMA Ritered [ Network |

— .
script
N'etwork' 0:0.0
creation script °'/.\o\°
CAC processing CAC filtered (e}
— - >
script
Export
ImponT
CAC base Export CHExNet.pkl
authority_file_cac_alma.parquet

=
CAC_matched.parquet

Fig. 3: Pipeline for the creation of CHExNet and the intermediary files.
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2.2 Network Modeling and Construction

We model CHExzNet as a temporal multilayer network G = (V, L, T, E), where
V is the set of individuals, £ = {1,2} is the set of layers, T is a discretized
time axis, and E is the set of time-resolved edges. The node set V is the set of
collected individuals from both ALMA and CAC involved in the bibliographic
and archival eventﬁ (currently |V| = 3688). Time is discretized into regular six-
month bins spanning 1364-1850; we denote a bin by t € T (e.g., t = (y,H1) and
t = (y,H2) for the first/second half of year y).

Each layer is represented, for every time bin ¢, as an undirected and un-
weighted person—person graph GEZ] = (V, Etm). We interpret edges as binary
indicators of a relationship being observed within the given time bin; if multiple
records imply the same tie in the same bin, the edge is stored once (no weights).
Self-loops are excluded, and edges are treated as undirected because both co-
presence and co-contribution are symmetric relations in our operationalization.

Layer 1 captures educational and professional co-presence derived from CAC
events. For each time bin ¢ and each institution s, we consider the set of persons
P+ C V who have an event placing them at institution s during ¢. We then add

an edge (u,v) € EP] for every unordered pair of distinct individuals u,v € Ps 4,
i.e., if they are recorded at the same institution in the same semester-length
period. This construction yields a temporal sequence of co-occurrence networks
representing opportunities for interaction or shared institutional context.

Layer 2 captures collaboration derived from the ALMA system. For each
bibliographic record b with a publication date mapped to time bin ¢, we extract
the associated contributors and map them to person identifiers when possible.
For each time bin ¢, we connect all unordered pairs of distinct individuals who co-

occur as authors or contributors on the same record, yielding edges (u,v) € EE].

2.3 Dataset Availability

The complete CHExNet dataset is publicly available via Zenodo [?]. The repos-
itory provides the two-layered network in a single CHExNet.pkl file, containing
for each layer the adjacency matrices for all time bins. In the repository, the
user can also find a brief documentation describing the file structure, temporal
discretization, and basic usage. This representation supports standard temporal-
network analyses (time slicing and aggregation) as well as multilayer methods
that rely on aligned node sets and synchronized time bins.

To support reuse beyond purely graph-structural analysis, the release also
includes two metadata tables: one containing publication-level information
(ALMA_matched.parquet) and another describing individuals and a set of their
associated events (CAC_matched.parquet). These metadata enable enrichment
of network analyses (filtering, stratification, and attribute-aware modeling) and
facilitate replication and extension of the usage scenario presented in Section

For computational reproducibility, we additionally provide a public code
repository containing the Python notebooks used to generate the descriptive

4 There are individuals in V that are not in the authority file, since not every person
in ALMA was matched.
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statistics, plots, tables, and the usage scenario reported in this paper. These
notebooks serve as an assistance for understanding how to use the networl{’]

3 Descriptive Statistics of CHExNet
3.1 Aggregated structure

Table [1] summarizes network-level metrics computed after aggregating all ob-
served edges over the full time span, for the two layers (AUJ and BJ) and their
union (Full). In terms of coverage, AUJ is much smaller (765 nodes) than BJ
(3588 nodes), and Full adds only a limited number of additional nodes beyond
BJ (3688), indicating that most actors in the union are already present in BJ.

Metric AUJ BJ Full
Size (nodes) 765 3588 3688
Number of components 1 2 1

LCC size 765 3586 3688
LCC diameter 7 5 5

LCC edge density 0.086  0.070  0.068
LCC average path length 2.717  2.058  2.067
LCC average degree 66.241 251.494 252.890
LCC degree assortativity -0.050 -0.011  -0.009
LCC clustering coefficient 0.769  0.768  0.752

Table 1: Aggregated network statistics for the two layers and their union.

All three aggregated graphs are (almost) fully connected. AUJ and Full each
form a single connected component, while BJ splits into two components; how-
ever, BJ’s largest connected component contains essentially all of its nodes (3586
out of 3588). In other words, when edges are treated as “ever observed” ties, the
dataset exhibits a strong connected backbone with only a negligible disconnected
remainder, and the union removes yields a single connected graph.

Distances in the largest connected component are short for all network ver-
sions (diameter 5-7; average path length approximately 2-3), implying high
reachability: most pairs of individuals can be connected through only a few
intermediaries. These short distances coexist with high clustering (0.75-0.77),
indicating triadic closure and tightly interlinked local neighborhoods (e.g., co-
horts or institutional clusters), while maintaining a compact global structure.

The layer-based networks differ more clearly in their level of concentration
and local density. AUJ’s Largest Connected Component (LCC) is denser than
BJ and Full by edge density (0.086 vs. 0.070 and 0.068), yet it also has much
lower average degree (66 vs. >250), reflecting that density and degree respond
differently to network size and that the three graphs operate at different scales.

Figure [ presents a visualization of the two layers separately and of their
union as well as a temporal “slice” of the union between the years 1600 and
1605. Consistent with these aggregate statistics, the layouts in Figure [ highlight
a dense, visually saturated core in BJ and Full (a “hairball” effect caused by

® https://github.com/luizdovalle2/CHEXNET_Analysis,
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heavy edge overlap), while AUJ appears as a smaller, more compact structure.
The figure also presents a temporal slice of the network (1600-1605), showing at
a smaller scale the interaction between the AUJ and BJ layers (colored yellow
and blue, respectively), and their shared nodes and edges (colored red). This
visualization shows the multiplex nature of the network, and thus how the two
layers complement each other.

(a) AUJ network (b) BJ network (¢) Full network (d) Temporal slice

Fig. 4: Visualization of the two layers, their union, and a temporal slice.

Degree assortativity in the LCC is slightly negative in all three layer-based
networks (AUJ: —0.050, BJ: —0.011, Full: —0.010), indicating weakly disassor-
tative mixing: highly connected nodes do not preferentially connect to other
highly connected nodes, but the effect is modest. Importantly, the Full network
preserves the short-distance /high-clustering regime while ensuring complete con-
nectedness and maximal coverage, making it a natural baseline for subsequent
analyses that require a single connected backbone.

3.2 Temporal characteristics

To describe long-run change, we construct time-dependent graphs using a fixed
persistence rule: once an edge appears, it remains active for 50 yearsﬁ At each
time point we compute (i) the size of the LCC, (ii) the number of connected com-
ponents, (iii) edge density, (iv) the average clustering coefficient, and (v) degree
assortativity. Figure [5| presents charts for visualization of the above-mentioned
metrics. We report these values only up to 1800; beyond this point the under-
lying network starts becoming very sparse, so the resulting statistics become
unstable and harder to interpret reliably.

The LCC trajectory captures global integration under the rolling window:
the Full network sustains the largest connected backbone across time, indicating
that combining layers repeatedly adds bridging ties that keep more nodes mu-
tually reachable. This interpretation is reinforced by the number of connected
components: Full is connected (one component) for most snapshots, whereas BJ
is fragmented into multiple components in the early period before consolidating.
In other words, the union does not merely increase the size of the giant compo-
nent; it often collapses a fragmented structure into a single connected system.

6 This persistence window is a methodological choice that trades temporal resolution
for interpretability: without persistence, the snapshots are extremely sparse and
many structural metrics fluctuate strongly. The 50-year window provides a coarse
approximation of medium-term institutional and collaborative “memory”.
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Fig. 5: Metric values of the temporal networks.

Edge density highlights a different division of roles. AUJ is the densest for
most of the period, with a high density in the early 1400s, a decline into the
16th century, and a renewed rise after ~1600 that accelerates toward 1800. In
contrast, BJ is relatively sparse and more stable, with only slight mid-period
increases. The Full density typically lies below the two and tracks BJ more
closely, suggesting that the union’s overall volume is constrained by the sparser
BJ even when AUJ is internally dense; thus AUJ’s contribution is not simply
“more edges,” but edges that connect otherwise separate portions of the graph.

Clustering coefficients in Full are generally comparable to, or slightly lower
than, the single-layer curves, consistent with union edges acting more as cross-
group bridges than as triangle-forming ties. Degree assortativity provides a com-
plementary view of this mixing structure: AUJ remains persistently disassorta-
tive (high-degree nodes tending to connect to low-degree nodes), while BJ tran-
sitions from early assortative mixing to values closer to zero or mildly negative
later on; Full is likewise mildly disassortative for much of the period. Taken to-
gether, these temporal signatures suggest complementarity between layers: AUJ
concentrates dense within-layer connectivity and hub—periphery linking, BJ pro-
vides a sparser but stabilizing backbone, and their combination most consistently
yields global integration (largest LCC and, frequently, a single connected com-
ponent) without inflating local closure (clustering).

4 Usage Scenario: Social Contagion of Polish Writing

This section illustrates one use-case of CHExNet for studying a diffusion process
in a historically grounded setting: the emergence and spread of the practices of
producing books in Polish languageﬂ among individuals present in CHExNet in

7 In preference to Latin
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Crude hazard by decade (with first-adoption counts)
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Fig. 6: Crude hazard of first Polish-language book production by decade (adop-
tion events divided by the number at risk at the start of the decade). Bars show
the number of first adoptions per decade.

the period 16-18 century. In summary, we want to present preliminary results
of how CHExNet can be used to answer the following research questions:

RQ1: Does exposure to prior Polish-language book production in a per-
son’s multiplex network increase the probability that the person begins
producing Polish-language books?

Contagion hypothesis. Conditional on baseline time effects, an individ-
ual’s hazard of first Polish-language book production increases with exposure
to previously adopting neighbors in (a) the educational /professional co-presence
layer and /or (b) the book-production collaboration layer. We further posit cross-
layer reinforcement, i.e., the joint presence of exposures in both layers increases
adoption risk more than either exposure alone.

RQ2: Does a multiplex network structure adds predictive power for mod-
elling social contagion in the case of Polish-language book production?

Multiplex hypothesis. A hierarchical multiplex exposure specification that
includes both layer-specific exposure terms and a cross-layer interaction provides
stronger predictive power than both layers collapsed into one exposure metric.

4.1 Data Operationalization and Discrete-Time Hazard Model

We model diffusion in discrete time using semestral bins. Individuals enter the
risk set at their first observed activity in the underlying sources and remain at
risk until first adoption; all person-bins after adoption are excluded to preserve a
proper risk set. We define adoption as the first bin in which an individual appears
as an author of a Polish-language book record, as indicated by bibliographic data.
The outcome binary indicator y; ; takes value 1 if individual ¢ adopts in bin ¢
(first adoption) and 0 otherwise; with a total of 229 first-adoption events.

To provide a descriptive view of the diffusion dynamics, Fig. [6] reports the
crude hazard by decade, defined as the number of first adoptions divided by
the number of individuals at risk in that decade. The bars show first-adoption
counts, while the line shows the corresponding hazard, allowing us to distinguish
absolute event volume from relative adoption intensity.
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The figure indicates that adoption was rare in the early period, became more
sustained from the late sixteenth and especially the seventeenth century onward,
and fluctuated rather than rising monotonically. In the final decades of the sam-
ple, the hazard increases sharply, suggesting the highest adoption propensity
at the end of the observation window. This descriptive pattern supports the
inclusion of temporal controls in the hazard models and provides context for
interpreting the diffusion results.

Row %x=0%x=1% x> 2 % exposed
Layer 1 83.80 4.21 11.99 16.20
Layer 2 7447  21.06 4.48 25.53
Either layer (expl=1 V exp@=1) 40.75
Both layers (exp=1 A expl?=1) 0.99

Table 2: Exposure-count sparsity and any-exposure prevalence by layer; the last
two rows report exposure in either layer (V) and simultaneous exposure in both
layers (overlap, A) for the person-year risk set.

For each individual i and bin ¢, we derive network exposures from the tem-
poral graphs G,gl] and GE]. Let xﬂ and xﬂ denote the number of neighbors of
1 at bin t that have already adopted by ¢ in layer 1 and layer 2, respectively.
Table [2| summarizes the resulting exposure distributions in the person-bin risk
set and highlights the sparsity typical of historical reconstructions: in layer 1,
xglt] = 0 in 83.80% of person-bins (only 4.21% have exactly one exposed neigh-
bor), while layer 2 remains sparse but with substantially more single-neighbor

exposure (74.47% with xﬂ = 0 and 21.06% with x?ﬂ = 1). At the level of any
exposure, 16.20% (layer 1) and 25.53% (layer 2) of person-bins have at least
one exposed neighbor; exposure in either layer occurs in 40.75% of person-bins,
whereas simultaneous exposure in both layers is rare (0.99%).

Given this sparsity, we use stable exposure encodingﬂ based on any exposure:

expg = H(mﬂ > 0) and expg = ]I(x?t] > (). We then estimate a discrete-
time hazard model via logistic regression with baseline time effects captured by

century fixed effects. Formally, for individual at risk ¢ at time-bin ¢,

logit (Pr(yie = 1| git—1 =0)) = Qcentury(t)

+ 51 expglt]

: (1)
+ B2 expfl

+ 3 (exp[l] X eXp[Q])i,t.

Here, acentury(t) absorbs macro-historical changes shared by all individuals in a
century. We interpret 51 > 0 and 2 > 0 as evidence consistent with layer-specific
diffusion, and 3 > 0 as evidence consistent with multiplex reinforcement.

To assess whether network exposure improves fit beyond secular time trends,
we compare Eq. [I]to a baseline model that includes only century fixed effects,

8 For more information on threshold models and exposure operationalizations in
diffusion/event-history settings, see [?].
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logit(Pr(yi,t =1 ‘ Yit—1 = 0)) = Qcentury(t)- (2)

We then estimate a small set of nested variants obtained by imposing re-
strictions of the form 8, = 0 (removing the corresponding exposure term), in-
cluding models with only layer-1 exposure (82 = 83 = 0), only layer-2 exposure
(61 = B3 = 0), and an additive two-layer model without reinforcement (35 = 0).

Finally, we also estimate a specification based on a layer-collapsed exposure
metric, in which the two layers are combined, capturing whether an individual
is exposed in either layer at time ¢. Concretely, we define exp[?tr] as the logical

[or] (1] (2]
it

union of the two any-exposure variables, i.e., exp, ,’ = exp,; V exp,;, and fit

IOgit(Pr(yi,t =1 | Yit—1 = O)) = Qlcentury(t) + Bor eXpE?:]- (3)

This collapsed model provides a parsimonious baseline for RQ2, testing
whether multiplex information can be summarized as a single “any expo-
sure” signal, and it enables direct comparison to the hierarchical multiplex
specification that retains layer-specific terms and cross-layer reinforcement.

Given the rarity of adoption events and the sparsity of exposure patterns, we
estimate logistic hazard specifications using Firth’s logistic regression to improve
stability under rare events and potential (quasi-)separation [?]. We evaluate im-
provement, over the baseline using likelihood-ratio tests for nested maximum-
likelihood models and report effect sizes as odds ratios with 95% confidence
intervals; Wald tests are used for individual (e.g., 83 = 0) and joint hypotheses
on exposure coefficients. The comparison results are reported in Table

4.2 Results

Table |3| provides preliminary evidence on both research questionﬂ Relative to
the baseline model with century fixed effects only (M0), adding exposure terms
improves model fit in some specifications, indicating that network structure
contains predictive signal beyond macro-historical time trends. Across single-
layer models, exposure in the collaboration layer (M2) shows a clear associa-
tion with adoption and improves fit relative to the century-only baseline (MO0):
OR(exp?)=0.67 [0.48, 0.92], p = 0.01, and LR, vs MO = 10.16 (df=1), p < 0.001.
Exposure in the co-presence layer alone (M1) is not statistically supported at
conventional levels (OR(expl)=0.80 [0.54, 1.13], p = 0.21), although it still
yields a modest improvement over baseline (LR vs MO = 5.04, df=1, p = 0.02).

When both main effects are included additively (M3), both exposure terms
are estimated below one (expll: OR=0.70 [0.47, 1.00], p = 0.05; exp[?l: OR=0.62
[0.45, 0.86], p < 0.001), and the model improves over baseline (LR vs M0 = 17.43
(df=2), p < 0.001). Taken at face value, these results do not support a simple

9 ORs are smaller than 1, which may appear counterintuitive if network exposure is
interpreted as a simple monotonic driver of adoption. We do not read these coeffi-
cients as evidence that exposure “discourages” adoption. Rather, they likely reflect
the fact that the measured exposure variables combine several sources of hetero-
geneity, including incomplete historical coverage, unequal layer size, and possible
mismatch between the timing of observed ties and the timing of adoption.
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MO M1 M2 M3 M4 M5
Formula, y~C(c) + meE + meE + meE +$€E + me?L + meE +9€§ +$€E “meE
Log-likelihood -1447.86 -1445.34 -1442.78 -1439.15 -1439.64 -1436.52
AIC 2901.72 2898.68 2893.56 2888.29 2887.28 2885.05
BIC 2928.26 2934.07 2928.95 2932.53 2922.66 2938.13
exp(B1) [95% CI] - 0.80 [0.54,1.13] - 0.70 [0.47,1.00] - 0.63 [0.41,0.92]
p-value — 0.21 — 0.05 — 0.02
exp(B2) [95% CI] - - 0.67 [0.48,0.92]  0.62 [0.45,0.86] - 0.58 [0.41,0.80]
p-value - - 0.01 < 0.01 - < 0.01
exp(Bor) [95% CI] - - - - 0.61 [0.46,0.80] -
p-value - - - - < 0.01 -
exp(B3) [95% CI] - - - - - 3.99 [1.22,10.51]
p-value - - - - - 0.03
LR vs MO - 5.04 10.16 17.43 16.44 22.67
df diff 0 1 1 2 1 3
p (LR) — 0.02 0.00 0.00 0.00 0.00
AAIC vs MO 0.00 -3.04 -8.16 -13.43 -14.44 -16.67
ABIC vs MO 0.00 5.81 0.69 4.27 -5.60 9.87

Notes: ORs are exponentiated coefficients from the logit model; p-values for OR rows correspond to Wald tests of the underlying

coefficients. Likelihood-ratio (LR) tests compare each model to the baseline (MO0).

Table 3: Model comparison across specifications. C(¢) denotes century fixed effects.
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“more exposure increases adoption” pattern in either layer individually; rather,
exposure indicators are associated with lower estimated adoption odds unless
additional structure (interaction) is accounted for.

The full hierarchical multiplex model (M5) provides the best fit by AIC
among the reported specifications (AIC=2885.05) and yields the strongest like-
lihood improvement over baseline (LR vs M0 = 22.67 (df=3), p < 0.001). Cru-
cially, M5 identifies a positive and statistically supported cross-layer interaction
(OR(expM xexpl?)=3.99 [1.22, 10.51], p = 0.03), consistent with multiplex rein-
forcement: joint exposure across layers is associated with adoption risk beyond
what would be implied by the two main effects alone. As in the previous anal-
ysis, the main effects remain below one (exp): OR=0.63 [0.41, 0.92], p = 0.02;
expl?l: OR=0.58 [0.41, 0.80], p < 0.001), implying that the effect of exposure in
one layer cumulates with exposure in the other.

Model M4 operationalizes a collapsed representation using a single exposure
indicator (exp[‘”}) that flags exposure in either layer. This collapsed model fits
better than the baseline (AIC=2887.28; LR vs M0 = 16.44 (df=1), p < 0.001),
indicating that a one-dimensional “any exposure” summary retains substantial
predictive signal. However, the full multiplex specification (M5) further im-
proves AIC (2885.05 vs 2887.28) and substantially increases the log-likelihood
(11f: —1436.52 vs —1439.64), suggesting that explicitly modeling layer-specific ef-
fects and cross-layer interaction captures additional structure that is lost under
layer collapse. At the same time, BIC favors the collapsed model over the full
multiplex model (M4: 2922.66 vs M5: 2938.13), reflecting BIC’s stronger penalty
for additional parameters; thus, the evidence for multiplex added value depends
on whether one prioritizes predictive fit (AIC / likelihood) or parsimony (BIC).

In addition to the results calculated using half-year-long bins, we perform
an analysis using 12 and 24 month long contagion periods. The results show a
higher overall log-likelihood for these models with —820.81 and —782.52 for the
12 and 24 month window models (MO0) respectively, an unsurprising fact, given
the wider time windows. In the case of 12-month bins, the expansion of the time
bin weakened the effects of the network structure on the fit of the model, the
p-values increasing to p > 0.05 for all coefficients, except the exposure terms [,
and (3 in the full multiplex model (M5). This trend was present in the 24-month
models; however, there the effect layer 1 of the network is also strengthened with
p-values lower than 0.01 (M1 and M3). This variant also showed the highest log-
likelihood increase over baseline (LR vs M0 = 31.54, (df=3), p < 0.001).

Overall, network exposure improves predictive performance beyond century-
level baseline effects, but single-layer models do not support a simple monotonic
“more exposure = higher adoption” mechanism. The collaboration layer is much
larger than the co-presence layer and provides most of the exposure variation
in the union network, which likely explains why the clearest single-layer gains
appear there. The best-performing specification is the multiplex model with
layer-specific exposures and their interaction, implying that co-presence adds
non-redundant information and that institutional proximity and collaboration-
based exposure can jointly reinforce adoption.

A collapsed “any exposure” indicator provides a competitive baseline; how-
ever, this parsimony may partly reflect the dominance of the collaboration layer,
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since the collapsed signal is likely driven by collaboration exposure for most
person-bins. We therefore hypothesize that the added value of explicitly model-
ing multiplex structure would become more pronounced in settings (or restricted
subgraphs) where the two layers are more balanced in coverage and activity,
e.g., within periods or institutional subsets where co-presence ties are denser, or
within cohorts that participate comparably in both archival and bibliographic
records. These results motivate robustness checks that vary the sampling frame
(e.g., restricting to nodes observed in both sources, or to time periods with
comparable layer activity) and exposure definitions, to assess when multiplex
reinforcement is most detectable and to separate genuine cross-layer effects from
layer-size and measurement imbalances. Overall, this suggests a hypothesis that
a multiplex solution can be more robust independently of layer-based properties.

5 Conclusion

We introduced CHExNet, a two-layer temporal network (1364-1850) linking indi-
viduals connected to the Jagiellonian University via (i) educational/professional
co-presence and (ii) book-production collaboration. The dataset reconciles het-
erogeneous archival and bibliographic sources into a unified person-level rep-
resentation on a common time axis and is released with metadata and repro-
ducible code. Aggregated descriptives show a well-connected backbone with short
paths and high clustering, while temporal summaries track long-run changes in
connectivity and highlight distinct layer contributions to the union graph. As
an application, we model diffusion in Polish-language book production using a
discrete-time hazard framework, comparing single-layer, collapsed, and multiplex
exposure specifications; the results suggest that cross-layer interactions capture
structure not recoverable from a single “any exposure” signal.

It is important to acknowledge the dataset’s limitations. CHExNet is recon-
structed from incomplete and heterogeneous historical records; node coverage
and observed ties are uneven across periods, social groups, and institutions.
Therefore, the absence of an edge does not imply the absence of a real-world re-
lationship. Moreover, the two layers differ substantially in size and activity, which
can dominate collapsed representations and complicate direct comparisons.

This release enables several extensions. The dataset supports richer multiplex
and temporal analyses, such as community evolution, role and hub dynamics,
and tests of layer interdependence beyond simple exposure counts. It also pro-
vides a basis for comparative studies of long-term collaboration and cultural
diffusion, including replication of diffusion models across other topics, genres, or
institutional contexts. Finally, future work will focus on the multiplex hypothesis
to clarify when multiplex reinforcement is detectable and to distinguish genuine
cross-layer effects from artifacts of layer size and sparsity.
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