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Abstract. How long does it take from placing an order to its full de-
livery, and does the number of packages it was shipped in affect this du-
ration? In object-centric event data, answering such questions requires
connecting objects and events that have no direct relationship but are
linked through chains of intermediate entities. Existing techniques ana-
lyze control flow within individual object types yet provide no systematic
means to discover or quantify these cross-type connections. We introduce
path schemas: type-level descriptions of how any two entities (events or
objects) can be connected through the data graph. We automatically
enumerate path schemas from a compact type graph and rank them by
metrics such as selectivity and coverage to separate meaningful connec-
tions from noise. Path schemas enable end-to-end performance analysis
across object types (e.g., order-to-delivery throughput) and structural
connection discovery (e.g., tracing how orders relate to packages through
items). We evaluate our open-source implementation on five datasets, in-
cluding two real-life ones, and show that path schemas uncover process
structure often overlooked by existing techniques and that targeted anal-
ysis scales to logs with over a million events.

Keywords: Object-Centric Process Mining - Event Knowledge Graph -
Path Schemas - Entity Linking - Performance Analysis

1 Introduction

Real-world business processes often involve multiple, interacting objects. For in-
stance, an order might comprise several items, where each item is first picked and
packed into a package, which is then shipped to the customer. While for decades,
techniques have focused on analyzing processes from a single fixed perspective
(e.g., looking at each order in isolation), more recently approaches analyzing
multiple perspectives have gained popularity [1J6]. Many of these techniques are
based on the notion of Object-Centric Event Data (OCED) [I], where each event
can relate to multiple objects of different types, and objects can relate to each
other, forming a rich graph of entities and relationships. With that flexibility,
a natural question arises: How can we systematically connect entities (events or
objects) that are not directly related but are linked through chains of intermediate
hops? For example, measuring order-to-delivery throughput requires connecting
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Fig. 1: Instance-level graph of object-centric event data, showing an order man-
agement process. Multiple (undirected) paths connect po-1 and pd-1, e.g., over
item-1, pi-2, or even cust-2.

aplace order event to a package delivered event through intermediate steps,
e.g., item and package objects. More generally, the analytical task is to system-
atically identify, quantify, and compare these indirect connections between a
chosen source and target entity type, instead of manually guessing which inter-
mediate objects link the two. Techniques like Object-Centric Petri Nets [I] or
OC-DFGs [I8] often focus on control flow within an object type and do not dis-
cover or quantify such indirect, cross-type connections. Moreover, they require
discovering a complete process model before providing meaningful insights, which
can be challenging for complex real-life processes.

Motivating Example. Consider Event place order (po-1) relates
to an order, which relates to two items; event package delivered (pd-1) re-
lates to a package. Although po-1 and pd-1 share no object, they are connected
through the order’s items and the delivery’s package. We call a type-level de-
scription of such a connection a path schema: a sequence of entity types linked by
qualified, directed steps (> forward, < reverse). Schema P connects each place
order event to related package delivered events via three intermediate types:

for of has pkg
||> place order" > I[order" > I[j_tem" < I[package" < "package delivered l"

Multiple schemas can connect the same entity types, differing vastly in quality:
some yield tight, meaningful connections while others produce noise. In
we show that path schemas automatically identify order fragmentation
across packages as strongly associated with delivery delay, entirely unsupervised.

Path schemas are versatile analytical primitives that enable various applica-
tions for object-centric event data:

— Cross-Type Performance Analysis: Connecting events across types en-
ables end-to-end throughput measurement (e.g., order placement to delivery),
where different schemas reveal distinct performance characteristics.
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— Structural Connection Discovery: Connection patterns reveal the rela-
tional structure of a process (e.g., how orders map to packages); equivalence
classes can correspond to structural invariants.

— Correlation Analysis: Connection patterns can be correlated with perfor-
mance measures to identify structural factors associated with delays or unde-
sired process behavior.

Path schemas can describe links between any pair of entity types (E2E, 020,

E20, O2E). We primarily evaluate E2E connections to demonstrate their poten-

tial for performance analysis.

Analysis Workflow. Given a source and target entity type of interest, the ana-
lyst (1) enumerates candidate path schemas from the type graph, (2) ranks and
prunes them using structural metrics such as selectivity and coverage, (3) applies
temporal and event-selection filters to fix causal direction and performance se-
mantics, (4) inspects the top-ranked schemas, and (5) uses them for end-to-end
performance measurement or unsupervised correlation analysis.

Contributions. Our contributions are as follows:

1. We formalize Instance and Type Graphs and introduce Path Schemas as type-
level descriptions of connection patterns between any pair of entity types.

2. We define properties (dead schemas, equivalence), metrics (selectivity, cover-
age, reach, exclusivity), and filters (temporal constraints, event selection) to
assess and refine schemas.

3. We provide an open-source implementation of path schemas in Rust4PM,
and integrate it into the OCPQ tool. Moreover, we evaluate our approach on
five datasets, showing that path schemas surface and rank cross-type process
structure that existing techniques cannot discover automatically, and that
analysis scales to logs with millions of events.

The remainder is organized as follows. introduces path schemas

and their metrics, presents the evaluation, the related work,
and concludes.

2 Type and Instance Paths

Let £T, OT, Q be universes of event types, object types, and qualifiers; £, O
universes of events and objects; T timestamps; and P(X) the power set of X.

Definition 1 (OCED). Object-Centric Event Data (OCED) is a tuple L =
(Te,To,Q, E, O, type, time, R), where Ty C ET and To € OT are event and
object types, E C & is a set of events, O C O a set of objects, Q C Q is a set
of qualifiers (relationship types) used, type: EUO — Ty UTp maps events and
objects to their type, such that type(e) € Tg for e € E and type(o) € To for o €
O, time: E=T assigns timestamps to events, and R C (ExQx0)U(Ox Q xO)
specifies qualified event-to-object (E20) and object-to-object (020) relationships.
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2.1 OCED Instance and Type Graph

Definition 2 (OCED Instance Graph). Given an OCED L = (Tg,To,Q, E,
O, type, time, R), its Instance Graph is a directed labeled graph G = (V, R, \t):
V = FEUO is the set of nodes, representing both events and objects.

— R is the set of directed, labeled edges (inherited from L).

AV = Tr UTo maps each node to its type, i.e., A(v) = type(v).

—t: V= TU{L}, where t(e) = time(e) fore € E and t(o) = L for o€ O.

To reason about connections at a structural level, we lift this to a Type Graph.

Definition 3 (Type Graph). A Type Graph is a directed, labeled graph Gr =
(Vir, Rr) of object or event types as nodes Vp C ET U OT and edge relations
Ry C(ET x @xOT)U(OT x Q x OT) between event and object types (E20)
or two object types (020) labeled with a relationship qualifier.

The Type Graph of an Instance Graph can be constructed by projecting nodes
and edges to their types:

Definition 4 (Type of Instance Graph). The Type Graph of an OCED
Instance Graph G = (V, R, \,t) is the graph Gp = (Vp, Rr) where Vp = {A(v) |
v € V'} is the set of type nodes, and Ry = {(X(a),q, (b)) | (a,q,b) € R} is the
set of edges between types, labeled with qualifiers.

shows the Type Graph for our running example.

place order confirm order pick item send package
for for item \ in pke
N / by
by order [F----- EEEEE item |«| - - - 2= - J package
£ Tig
product K pke
customer [<------- TTErEEEE R employee package delivered

" event type " [[object type] E20 — 020 - ->»

Fig.2: Type Graph for Double borders denote type-level nodes. The
employee type exhibits role specialization, causing dead schemas (Definition §]).

2.2 Path Schemas and Their Instances

Intuitively, a path schema is a sequence of entity types where each consecutive
pair is connected by a qualifier and a traversal direction (forward > or reverse <),
as illustrated by schema P in [Section 1 The two instance paths of P through
concrete entities from [Figure 1jare: py: [ppo-1] > (ora-1) > [iten-1] < [pke-1) < [pd-1m];
p2: |> p0-1| >[ord—1] >[i1:em—2] < pkg—i] <|pd—1 ll,

Definition 5 (Path Schema). A Path Schema of length n over a Type Graph
Gt = (Vr,Rr) is a sequence P = (T1, 81,15, 82, ..., 8n—1,1n), where:
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— T, € Vi are entity types (nodes in Gr) for 1 <i <mn.
— Fach step s; = (q;,d;) for 1 < i < n consists of a qualifier ¢; € Q and direction
d; € {>,<} and must correspond to an edge in Rp:
o Ifdl = >, then (Ti7Qi>Ti+1) € Rrp.
o Ifd;, =<, then (Ti+1,qi,Ti) € Rrp.
We write Py =11 and Pag = T, for the source and target type of P, respectively.
Forn =1, P=(T1) is a trivial path schema with no steps.

We write &k = n—1 for the number of steps (edges) in a path schema and use k
throughout the evaluation; a schema with k steps connects k+1 entity types.
Reverse traversal is crucial, since E20 relationships are directed from events to
objects, and connecting back requires following edges in reverse.

Definition 6 (Instance Path). Let G = (V,R,\,t) be an OCED Instance
Graph and P = (11, 1,15, 82, - ., Sn—1, In) a path schema over its Type Graph.
An Instance Path p of P is a sequence of entities p = (v1,...,v,) € V™ with:
— Type Consistency: \(v;) =T; for all1 <i<n.
— Edge Consistency: For each step s; = (q;,d;) with 1 <14 < mn, an edge with
qualifier q; exists between v; and v;y1 in the direction specified by d;:

° If d; = >, then (vi,qi,viﬂ) € R.

o Ifd; =<, then (vi+1,¢,v;) € R.
— Acyclicity: All entities vy, ..., v, are distinct.

All instance paths of a path schema can be enumerated for a given dataset. The
connection set of the resulting paths is the set of endpoints linked through them.

Definition 7 (Instance and Connection Set). Let G be an OCED Instance
Graph and P a path schema of length n on its Type Graph. We write Ig for the
set of all instance paths of P in G. Moreover, we define the connection set of P
on G as C§ = {(vi,vn) | (v1,...,v,) € IS}, the set of all endpoint pairs.

Often, we are interested in instance paths or end entities per source entity. In
instance paths p; and ps for path schema P yield the connection set
{(po-1,pd-1)} and target set {pd-1} for source po-1.

Attributes. Entity attributes (i.e., object and event attributes) integrate in two
complementary ways. As filters, attribute predicates can restrict which connec-
tions are retained (e.g., only orders above a value threshold), requiring no dis-
cretization. As labels, a discretized attribute (e.g., region or product category)
can replace the entity type as the categorical dimension over which schemas are
enumerated and compared, although we focus on the type as the default choice.

2.3 Schema Properties

Not all type-level schemas correspond to actual connections. We identify two
structural properties.
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Definition 8 (Realized and Dead Schemas). Let G be an OCED Instance
Graph and P a path schema on its Type Graph. We say that P is realized if
I§ # (. Otherwise, i.e., if IS = (), we say P is dead. The realizability of a set
G

of schemas S is % € [0,1].

Dead schemas typically arise from role specialization. In the employee
type connects to both pick item (as picker) and customer (as sales rep), but
these are disjoint populations, so schemas traversing both roles are dead. Low
realizability signals that the type graph overapproximates true connectivity.

Definition 9 (Schema Equivalence). Two schemas Py, P, are equivalent
(P, = P,) if their connection set is the same (i.e., Cp, = Cp,).

Equivalence classes help avoid redundant analysis. Moreover, they can corre-
spond to structural constraints: In[Figure 1] schemas connecting place order to
send package either via O20 or via event co-occurrence are equivalent, imply-
ing that items and their pick events always involve the same package. Violations
would indicate a problem (e.g., an item packed in the wrong package).

2.4 Metrics

Realized schemas can still differ vastly: some connect each source to few targets
while others produce noise. The support |Cp| counts distinct (source, target)
pairs; we define four normalized metrics to quantify these differences.

Definition 10 (Schema Metrics). Given a path schema P, let Cp be the

connection set, Sp = {v1 | (v1,v,) € Cp} the active sources, Tp = {v, |

(v1,v,) € Cp} the active targets, Ny = {v € V | A(v) = Py} all source-type

entities, and N, = {v € V | A(v) = Pa} all target-type entities. We define:

— Coverage: cov(P) = |Sp|/|N1|, the fraction of source-type entities that partic-
ipate as a source in at least one connection.

— Selectivity: sel(P) = |Sp|/|Cp|, the ratio of active sources to connections.
Equivalently, 1/sel(P) is the average number of targets per active source.

— Reach (i.e., target-side coverage): reach(P) = |Tp|/|Ny|, the fraction of target-
type entities reached by at least one connection.

— Exclusivity (i.e., target-side selectivity): excl(P) = |Tp|/|Cp|, the ratio of
active targets to connections. Equivalently, 1/excl(P) is the average number
of sources per active target.

illustrates these four metrics with a concrete example.

2.5 Temporal Constraints and Event Selection

So far, path schemas treat all edges equally regardless of when events occurred.
However, connections where the target event precedes the source rarely rep-
resent meaningful process flow. We therefore introduce a filtering mechanism
for instance path sets with two concrete families of filters. In the following, let
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Fig. 3: Illustrations of schema metrics, contrasting low and high values. High
selectivity connects each source to few targets; low selectivity manifests in a fan-
out pattern. High coverage means all sources participate; low coverage leaves
sources unconnected (dashed). Reach mirrors coverage for the target side; high
values indicate that most target entities are reached. High exclusivity means
each target is reached by few sources; low values indicate a fan-in pattern.

G = (V,R,\t) be a fixed OCED Instance Graph and P a path schema on
its Type Graph. As with path schemas, we also write p,, = vy and pm = v,
for an instance path p = (vy,...,v,). For a set of instance paths J, we write
J»=1{p € J | p» = v} for the paths in J originating from source v.

Definition 11 (Instance Path Filter). An instance path filter on schema P
and graph G is a function f: P(Z§) — P(Z8) satisfying f(JT) C J for all
J CI§. Filters compose by function composition: (fio f2)(J) = fi(f2(T)). We
write Cgf = {(p»,prm) | P € f(ZE)} for the filtered connection set.

Definition 12 (Temporal Filter). A temporal filter restricts instance paths
to those satisfying a temporal predicate. For a path (v1,...,v,) € J, let E, =
{vi | v; € E} denote its event nodes. We define ¢_, and ¢ (only if vi € £):

— ¢ (T) ={(v1,...,vn) €T | Vvi,v; € Ep, i < j: t(v;) <t(v;)}  (forward)
= ¢a(T) ={(v1,...,vn) €T | Vi € Ep: [t(v;) — t(v1)] < A} (bounded)

Note that the bounded filter assumes p, € &, i.e., that the source is an event
with a defined timestamp. The forward filter prunes non-causal connections; the
bounded filter limits the time horizon. The second family selects representative
targets when a source reaches multiple events.

Definition 13 (Selection Filter). Let J be a set of instance paths ending in
events, i.e., pm € € for all p € J. A selection filter selects, for each source, the
instance paths whose target satisfies an extremal criterion:

— 0t (T) = {p € T | t(pm) = min{t(pw) | P’ € Tp, }} (earliest)
— o1st(J) = {p eJ ‘ t(pm) = max{t(pg) | P’ € jp>}} (latest)
If, additionally, py. € € for all p € J (E2E), we define: (soonest)

- Usoonest(j) = {p eJ | ‘t(pl)_t(pbﬂ = min{|t(p'.)—t(p,)| |p/ € jp>}}

In practice, a temporal filter ensures causal plausibility, followed by a selec-
tion filter. For example, C’g suod, vields the last causally related target per
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source, useful for measuring when an order is fully delivered. For E2E schemas
(both source and target are events), the filtered connection set induces a nat-
ural performance measure: the throughput time of a connection (es,e;) € Cg ¥
is t(e;) — t(es). The schema determines which entities are connected; the filter
determines which connections are retained per source.

Anchored Paths. Selection so far picks an extremal target per source. Instead,
an intermediate hop can be used as an anchor (e.g., order objects), which
splits the schema into a source arm and a target arm evaluated independently.
Applying ofrst Or 0jqse to each arm and pairing the selected events yields one
span per anchor entity. This expresses the four first/last combinations, e.g., from
the first place order to the last package delivered of an order, or from the
last confirmation to the first shipment. Each arm carries its own metrics.

2.6 Counting Schemas

Beyond connecting pairs of entities, path schemas can also serve as a counting
mechanism. For a given source, how many distinct target entities are reachable
along a path schema?

Definition 14 (Counting Schema). The count of vi under path schema P is
rep(v1) = {vn | (v1,vn) € Cp}|, the number of target entities reached from vy.

For single-hop schemas this reduces to a direct count (e.g., items per order).
Multi-hop counting schemas reveal structural information not available from
any single relationship. For example, there is no direct order—package edge

of has
in [Figure 1, but the two-hop schema (b order| > [liten]| < ||packag<j yields a per-
order package count that characterizes the fulfillment structure. The distribution

of reachability counts can be correlated with performance measures to identify
structural factors associated with delay, as demonstrated in

2.7 Algorithms

Schema Enumeration. Given a source type and maximum length k, schemas
are enumerated by Breadth-First Search (BFS) on the type graph, treating edges
as bidirectional and requiring simple paths, i.e., no repeated types (so a type-
revisiting connection, such as an item linked to the other items in its package,
is excluded).

Instance Path Finding. For a given schema and source entity, instance paths
are found via schema-guided step-wise expansion, extending partial paths one
step at a time while pruning acyclicity or temporal violations early. The per-
source worst-case complexity is O(d¥ ), where dpyax is the maximum node de-
gree in the instance graph; in practice, type-guided expansion and selectivity-
based pruning keep runtimes well below this bound.
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3 Evaluation

We evaluate path schemas along three research questions: (RQ1) What struc-
tural properties do path schemas exhibit across datasets, and how effectively
do metrics separate meaningful schemas from noise? (RQ2) How does the ap-
proach scale? (RQ3) Do path schemas enable cross-type performance analysis
and unsupervised discovery of performance correlations?

3.1 Implementation

We implemented path schema discovery in the open-source Rust4PM library [14]
with data parallelization. Two optimizations keep discovery tractable: selectivity-
based early termination maintains an upper bound and stops once it falls below
the pruning threshold, and only connection endpoints and timestamps are ma-
terialized, not full intermediate paths. We integrate this into the object-centric
query tool OCPQ [15] for interactive analysis: The analyst imports
an OCEL 2.0 log [6], selects source and target types on the type graph, and
the tool ranks schemas in a sortable table with metric heatmaps. Selecting a
schema highlights its path and shows details and throughput; temporal con-
straints and event-selection strategies can be configured interactively. A schema
can also be edited as an OCP(Q query, bridging automatic discovery and manual
querying. revisits the running example of (as one of five RQ3
scenarios,. Selectivity ranks the orders—items path above the
noisy products path. The initial implementation, evaluation code and results
are publicly available at https://github.com/aarkue/oced-path-con,

place order (2000) ~ = package delivered (1128) ~ 3 2 None oAl ¢ ||

3= Types (13/17) Radar  Details Qe

& Open as OCPQ query
—
place order orders items package delivered

COVERAGE ELECTIVITY REACH EXCLUSIVITY
4264 1.000 0.469 1.000 0.265

Download connections

SUPPORT COVERAGE  SELECTIVITY REACH EXCLUSIVITY
2000 1.000 1.000 0.857 0.483

Schema Len Support Coverage Selectivity ¥ Reach THROUGHPUT TIME (2000 CONNECTIONS)
| @ [ place order | > (orders ) > (items) <[ package deli... 3 4264 1.00 0.47 100 1d 3h 11d 11h 1ad 14h s
place order | > (items) < (packages) < package deli... 3 4264 1.00 047 | 1.00 Mean: 14d 14h
place order | > (items) < [ package deli.. 2 4264 1.00 047 | 1.00 a0 “
| @ [place order | > (products) < [ package deli... | punea 2 207685 0.15 0.00 1.00 20% :
place order | > (products) < (items) < [ package  ‘pruned 3 208127 0.15 0.00 | 1.00 10% :
place order | > (items) > (products) < [ package  ‘pruned 3 208384 0.14 0.00 | 1.00 T e T

0.00 0.00 0.00 Throughput time

Fig.4: The place order — package delivered scenario in the tool. The dis-
criminating orders—items schema (blue) and the noisy products schema (red)
in the type graph. Bottom right: throughput distribution under the last filter.
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3.2 Datasets and Setup

Beyond this example, we evaluate path schemas systematically: we use five
OCEL2.0 [6] datasets spanning different domains and scales (Table 1f). Or-
der Management (OM), Container Logistics (CL), and Procure-to-Pay
(P2P) are standard simulated object-centric logs covering retail, logistics, and
finance, respectivelyﬂ BPIC2017 [9] and BPIC2019 [I0] are real-life datasets
converted to OCED [I3]; at more than 1M events and 100K objects they serve
as scalability stress tests. Together, the five datasets form a broad spectrum:
Simulated logs provide controlled structural properties (role specialization, hub
types, 020 edges), while BPIC2019 lacks 020 relationships entirely, requiring
cross-type connections to be recovered through event co-occurrence at k=4.
also shows one specific E2E scenario (i.e., pair of event types) per dataset
that will be further analyzed to address RQ3.

Table 1: An overview of the evaluation datasets and evaluation scenarios.

Log Characteristics Evaluation Scenarios
Dataset €] |O| |ET| |OT| Scenario Source Target
P2P 14,671 9,543 10 7 cr—ep Create Purch. Req. Execute Payment
OM 21,008 10,840 11 6 po—pd place order package delivered
CL 35,413 13,910 14 7 ro—dp Register Cu. Order Depart
BPIC2017 1,202,267 106,162 26 4 ca—oa A_Create Appl. 0_Accepted
BPIC2019 1,595,923 330,685 41 4 cpr—rgr Create Pur.Req.It. Record Goods Rec.

3.3 Results

RQ1: Structural Properties and Metric Distributions. We enumerated
all path schemas across the five datasets for k € {2, 3,4}, pruning schemas with
a selectivity below 0.01 early. For BPIC2019 at k=4, exhaustive enumeration
of all >2,000 type pairs exceeds practical time limits; we report results based
on a 10% stratified sample of type pairs (sampled proportionally across E2E,
E20, O2E, 020 categories). In total, 201,246 schemas were identified, growing
from 10,136 at k=2 to 134,356 at k=4 as longer paths traverse more type-graph
combinations. Of these, 81,750 (40.6%) are dead, yielding an overall realizability
of 0.594. Realizability varies across datasets: P2P (0.988) and CL (0.990) show
near-complete realization, OM (0.732) and BPIC2017 (0.906) exhibit moderate
rates, while BPIC2019 (0.491) has the lowest, reflecting its large type graph
(41 event types) combined with heavy role specialization of the Resource object
type. A further 37,083 alive schemas (18.4% of all) have selectivity below 0.01
and are pruned as uninformative, leaving 82,413 alive, non-pruned schemas for
analysis. Among these, E2E schemas account for 14-83% depending on dataset
and k; the remainder are distributed among E20, O2E, and 020 schemas, con-
firming that cross-type connections are widespread across all pair kinds.

! Sourced from https://wuw.ocel-standard.org/event-logs/overview/.
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Dead Schemas serve as a diagnostic: They signal that the type graph over-
approximates true connectivity. In OM, a schema from package delivered to
place order via employees and customers is dead because the employees type
connects to deliveries as shipper and to customers as sales rep, but these are dis-
joint populations. In BPIC2017, A_Accepted — Case_R — A_Submitted is dead
while the same pair via Application is alive (sel. 1.0). The Case_R objects asso-
ciated with A_Submitted events are disjoint from those linked to later lifecycle
events. In P2P, a schema linking approval to delegation through shared objects
is dead: Requisitions are either approved directly or delegated, but never both.
shows metric distributions across the alive, non-pruned schemas. Se-
lectivity and exclusivity are bimodal, with mass at both extremes, providing
the most differentiation between schemas: Schemas traversing a discriminating
type (1:1 or 1:few mapping) cluster near 1, while those traversing a resource hub
type (l:many) cluster near 0. Reach and coverage concentrate near 1.0, indi-
cating that most non-pruned schemas cover nearly all source and target entities.
BPIC2019 departs from this pattern: Coverage and reach frequently take values
near 0, reflecting its structural properties (many infrequent types).

| P2P W OM W CL BPIC2017 BPIC2019

- Selectivity Reach
2 04 0.4
(0]
=
5 0.3 0.3 ‘
L 02 ! 0.2 I
s o
g 01 | t 0.1 t
8:" O-I_‘-‘_:‘f m T — =S - i

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
- Exclusivity Coverage
(8]
c 04 0.4
(0]
3 03 0.3 ‘
g ° .
-
o 02 T 0.2 I
= -
= 01 L 0.1 t
8:" OI=~=¥—* o B E— ]

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1

Fig. 5: Distribution of selectivity, reach, exclusivity, and coverage across all alive,
non-pruned schemas, each dataset contributing equally.

Equivalence. All datasets exhibit non-trivial equivalence classes. In OM
and P2P, more than 75% of type pairs have a compression factor > 2 (i.e., 2r
path schemas collapse to < r equivalence classes). Beyond compression, equiva-
lence classes reveal structural invariants: In OM, three schemas connecting place
order to package delivered (via items directly, via items—packages, and via
orders—items) are equivalent (all sel. 0.47), implying that every item reachable
from an order via the O20 relationship also co-occurs with that order in events.
If this equivalence did not hold, it would signal items linked to orders through
020 edges but absent from order events, exposing an inconsistency in the data.
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— P2P —— OM ——CL BPIC2017 — BPIC2019
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Fig.6: Discovery time vs. number of source entities (log-log) across all entity
type pairs and datasets for k € {2,3,4}. The median discovery duration and
25th—75th IQR are shown, indicating a linear relationship.

RQ2: Runtime and Scalability. Schema enumeration completes in under
1ms even at k = 4. The cost lies in instance-level connection discovery:
plots discovery time against source count for all 82,413 non-pruned schemas,
showing a linear trend in log-log space. Runtimes. For targeted scenario anal-
ysis (including data loading), P2P, OM, and CL complete in under 3s at k=3;
BPIC2017 takes 3.3s and BPIC2019 takes 60s. For BPIC2019 at k=4 (466 enu-
merated schemas), the analysis completes in 5.5 min with a selectivity threshold
of 0.05 and 16.3min with 0.01. Selectivity-based pruning is also effective: At
threshold 0.05, 201 of 466 schemas are dead; selectivity pruning cuts the re-
maining 265 by more than half, leaving only 125 for the analyst to inspect.

RQ3: Cross-Type Performance and Correlation Analysis. We now demon-
strate the analysis workflow of end to end: metrics rank schemas, tem-
poral and selection filters set causal direction and performance semantics, and
counting schemas surface structural correlates of throughput.

Schema Selection and Metrics. reports distinct path schemas
for the E2E scenarios from at k = 3, grouped by equivalence classes.
Schemas are pruned during discovery when forward-temporal selectivity falls
below 0.001, deliberately lower than the 0.01 cutoff of RQ1 so that the table
retains low-selectivity schemas for contrast. Selectivity is the most discrimi-
nating metric. In OM, the schema via orders—items (sel.0.47) connects each
order to roughly two deliveries, reflecting physical item-to-package routing, while
the alternative via products—items (sel.~0) links every order of the same
product to every delivery (744K connections). BPIC2017 shows the same con-
trast: sel. 1.0 via Application—0ffer versus sel. = 0 through shared Case_R ob-
jects. Similar patterns hold for BPIC2019 (POItem sel. 0.92 vs. Resource sel. 0.01
with 615K connections). CL has only a single non-dead schema (sel. 0.76), which
already provides a meaningful connection. These results highlight where path
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Table 2: Path schema metrics (forward temporal, k=3). Schemas with identi-
cal metrics are grouped. Fwd./Bnd. red. show path count reduction under for-
ward and bounded (14 d) temporal constraints. Throughput columns show mean
throughput time across sources for first/last event selection.

Scenario Via Types Supp. Fwd. Bnd. Metrics (fwd.) Time Throughput
red. red. Cov. Rea. Sel. Excl. (ms) First Last

cr—ep Mat., Pur. Ord. 931 0% 92% 1.00 0.800.78 1.00 0.322.3d 23.3d
Mat., Goods Rec. 537 0% 90% 0.57 0.46 0.77 1.00 0.321.6d 22.6d

po—pd Orders, Items 4,264 0% 21% 1.00 1.00 0.47 0.26 0.9 5.3d 14.6d
Products 744,823 48% 92% 1.00 1.00 0.00 0.00 54 0.7d 228.4d

ro—dp Cu. Ord., Tr. Doc. 754 0% 62% 0.95 1.000.76 0.17 0.216.0d 19.6d
ca—oa Appl., Offer 17,228 0% 54% 0.55 1.00 1.00 1.00 718.1d 18.1d
Case_R 155,240 33% 93% 0.02 0.68 0.00 0.08 11 92.5d 208.8d

cpr—rgr POItem 46,752 0% 43% 0.92 0.150.92 1.00 1515.3d 15.5d
Po 748,683 0% 26% 0.95 0.18 0.06 0.08 84 13.6d 20.7d

Resource 615,260 71% 90% 0.11 0.050.01 0.02 54 6.4d 62.6d

schemas go beyond prior work (cf. : OPerA [I7] requires a shared ob-
ject between measured events, and OC-DFG analysis [5] stays within one object
type. Where a shared object exists (OM via items, BPIC2019 via POItem), our
single-hop schema recovers the same connection these approaches would use.
However, the P2P and CL scenarios have no shared object at all and require
multi-hop schemas (k = 3); the discriminating BPIC2017 schema likewise needs
two hops (Application—Offer, k = 3), as the only shared object (Case_R) yields
a near-zero-selectivity connection. Manual EKG queries [IT] could express any of
these traversals but require the analyst to know the path structure a priori; path
schemas instead discover and rank all of them automatically, including multi-
hop connections that no existing approach surfaces without such prior knowl-
edge. When the relevant path is already known, a manual query may suffice;
path schemas help most when many candidate connections must be compared
without knowing which is relevant a priori.

Coverage complements selectivity: OM reaches full coverage, while the dis-
criminating BPIC2017 schema covers only 55%, reflecting that not all applica-
tions lead to an accepted offer. Event Selection captures different performance
semantics: In OM, ofs yields 5.3d mean throughput vs. 14.6 d for ;4. This
9.3-day gap quantifies the additional time until all packages of a multi-item or-
der are delivered. Temporal Constraints serve two roles. The forward filter
prunes acausal connections: Broad schemas see up to 71% reduction, while dis-
criminating ones see 0%, suggesting that these specific high-selectivity schemas
are already temporally coherent. The bounded 14 d filter limits the time horizon
and reaches reduction values of 21-93%.

020 Recovery Through Co-occurrence. BPIC2019 lacks O20 relation-
ships, so cross-type E2E connections require k=4 with event co-occurrence as
the bridge. At k=3, schemas traverse a single object type, where POItem is the
most discriminating (sel. 0.92). At k=4 (threshold 0.01), 466 schemas are enu-
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Fig. 7: Automatic correlation discovery. All enumerated counting schemas ranked
by Spearman correlation with E2E throughput (p < 0.01 for all); equivalent
schemas are collapsed. Right: Visualization for the top-ranked OM (top) and
BPIC2017 (bottom) counting schema against throughput time.

merated (201 dead, 102 pruned, 163 alive); all high-selectivity schemas connect
through POItem or PO, confirming that meaningful cross-type connections can
be recovered from event co-occurrence alone when O20 relationships are absent.
Counting Schema Correlation. For each E2E scenario, we enumerate all
counting schemas from the source event type. Each source event
yields one reachability count and one throughput time (o4s¢); we rank counting
schemas by Spearman correlation across source events, collapsing equivalence
classes left). In OM, equivalence classes reduce 37 counting schemas
(k=2) to 20 distinct classes. The top-ranked class counts packages per order
(4 equivalent schemas, p = 0.714, p < 0.001): single-package orders have a
median throughput of 5.9d vs. 26.0d for 5-package orders (Figure 7| right).
No direct order—package relationship exists; the 2-hop schema through item
discovers this connection automatically, outperforming the best single-hop base-
line (items per order, p = 0.386). The second-strongest predictor is item out of
stock (p = 0.709, count >1 for 54% of sources): orders with at least one out-of-
stock item have a mean throughput of 20.3d vs. 7.9d otherwise. For BPIC2017,
the number of A_Incomplete events per application (p = 0.406, count >1 for
73% of sources) is the strongest predictor right), suggesting rework-
driven delays where repeated resubmission of incomplete information prolongs
processing. For P2P, delegated vs. direct approval schemas show opposing cor-
relations (p = £0.185), linking the approval route to throughput; for CL, the
1:1 structure yields zero variance, so no correlations emerge. For BPIC2019, the
strongest predictor counts POItems reachable via Clear Invoice on the shared
PO (p = —0.410, count >1 for 54% of sources), likely reflecting that items on
larger POs complete faster (11.9d vs. 19.8d). All these patterns were discovered
automatically without prior domain knowledge of the process structure.

3.4 Threats to Validity

Selectivity and coverage are proxies for connection meaningfulness; no ground
truth exists for schema relevance. Still, high-selectivity schemas consistently



Path-Based Entity Linking in Object-Centric Event Data 15

yield domain-interpretable connections (e.g., item-to-package routing in OM),
while low-selectivity ones produce combinatorial noise. Domain-expert valida-
tion remains future work. The RQ3 counting-schema correlations are associa-
tive, not causal; we guard against spurious associations with significance thresh-
olds (p < 0.01, Bonferroni-corrected), but causal interpretation requires do-
main knowledge. Three datasets are simulated; the two real-life logs (BPIC2017,
BPIC2019) are BPI challenge data converted to OCED rather than originally
object-centric. Both still offer realistic scale (> 1M events), and BPIC2019’s
lack of O20 relationships stress-tests the approach. Validation on object-centric
industrial data would strengthen generalizability. We restrict schemas to acyclic
paths; bounded revisitation is a natural extension. At k > 5, combinatorial
growth can make exhaustive enumeration impractical.

4 Related Work

Performance analysis is well-established in case-centric process mining, with ma-
ture frameworks for defining and computing KPIs over single-case traces [7]. In
Object-Centric Process Mining (OCPM) [1]], performance analysis is less devel-
oped. Most object-centric discovery techniques (OC-DFGs [5], OC Petri nets [1])
model control flow within individual object types. OPerA [I7] measures sojourn
times and synchronization delays within a single object’s lifecycle, requiring a
perfectly fitting object-centric Petri net as input. Park et al. [I§] extend OC-
DFGs with waiting and service times at activities. Both approaches compute
performance along an object’s lifecycle trajectory, so they require that the mea-
sured events share a common object; they cannot express durations where no
single object participates in both endpoints (e.g., order placement to package
delivery, linked only through items). De Leoni and Volpato [16] show that such
implicit interferences between object-centric executions significantly affect pre-
diction accuracy, motivating the need to make hidden connections explicit.
More expressive frameworks can capture these cross-type relationships: Esser
and Fahland [IT] proposed Event Knowledge Graphs (EKGs), storing events and
objects as labeled property graphs and supporting hand-crafted Cypher queries
for cross-object performance measures. OCPQ [I5] provides a visual query lan-
guage for selecting and querying combinations of objects and events. However,
both approaches require manually specifying the exact traversal path, which as-
sumes prior knowledge of the data’s structure. A generic Cypher query could
enumerate instance paths up to a fixed length without such prior knowledge,
but returns raw paths rather than ranked typed schemas, without dead-schema
or equivalence detection, temporal filters, or counting schemas. Path schemas
automate this by enumerating all type-level schemas from the type graph, which
is derived automatically from the log rather than supplied, and ranking them by
quality metrics, as demonstrated in where metrics rank meaningful
routes ahead of spurious ones. Discovered schemas could also serve as a start-
ing point for EKG or OCPQ analysis by generating candidate queries. [Table 3
summarizes the positioning of path schemas against these approaches.
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Table 3: Positioning against existing OCED approaches for performance analysis.
EKG/OCPQ require manual specification of cross-type connections. OC-DFG is
based on DFGs built from the data, but requires no further model as input.

OPerA [17] OC-DFG [5/I8] EKG [11]/0CPQ [I5] Path Schemas

Metric scope activity activity pair flexible flexible
Cross-type X X v v
Model-free X ~PFG v v
Auto. discovery N/A N/A X v

Prescriptive formalisms such as Proclets [I2] and Object-Centric Behavioral
Constraints (OCBC) [3] define inter-object interactions at design time. Path
schemas take a descriptive perspective, discovering how entities connect across
types and enabling cross-type performance measurement directly from data.

Adams et al. [2] define process executions as connected subgraphs where the
analyst selects participating object types. Van Detten et al. [§] generalize this
into a framework for case construction. Basmer et al. [4] take a more exploratory
approach, materializing views from different context definitions to help analysts
discover relevant perspectives on the data. All three define connections at the
level of case notions or contexts; path schemas instead operate at the entity-to-
entity level, discovering and quantifying specific connection patterns.

The concept of type-level path templates also appears in heterogeneous infor-
mation networks as meta-paths [19], where selecting meaningful paths for a given
task is an active research challenge addressed through learning-based methods.
Instead, we apply exhaustive enumeration combined with interpretable quality
metrics, providing a ranking without requiring predefined training data. Tem-
poral filters and structural properties like dead schemas and equivalence classes
arise specifically from the structure of object-centric event data.

5 Conclusion

We introduced path schemas as a new analytical primitive for object-centric pro-
cess mining that discovers and quantifies cross-type entity connections without
requiring a process model or domain knowledge. Our evaluation on five datasets
shows that structural properties expose type-graph overapproximation, that the
introduced metrics rank discriminating schemas ahead of spurious ones, that
reachability counts can reveal structural correlates of performance without su-
pervision, and that targeted analysis scales to logs with millions of events.

Future work. Dead schemas and equivalence classes are promising diagnostics
deserving deeper investigation. Further extensions include attribute-awareness,
bounded cyclic paths that allow recurring types such as items packaged together,
and validation with domain experts on object-centric industrial data.
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