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In modern cities, there is an increasing trend for the development of business agglomeration, which can
foster the prosperity of individual businesses by clustering stores and industries. Recently, the advent of
Point-of-Interest (POI) data enables a new paradigm for studying the causal effect of business agglomeration
in a data-driven way. To this end, we aim to quantify the contribution of the agglomeration effect to the
check-in volume at POIs. This is a non-trivial causal effect estimation task due to the higher-order spatial
interference typically exhibited by the agglomeration distribution. Moreover, the confounding bias can be
exacerbated due to the complex spatial and functional properties inherent to confounders. Therefore, we
propose a Causal effect estimation framework for AgglomeRation Effect (CARE) measurement, which
includes a Spatial Interference Diffusion Network (SIDN) and a Disentangled Propensity Estimator
(DPE). SIDN captures spatial interference by spreading the treatment effect among POIs through a dedicated
spatial agglomeration hypergraph. Then, DPE models a POI's propensity of receiving the treatment and
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further unravels the spatial and inherent aspects of propensity by disentangled learning objectives. In addition,
we incorporate SIDN and DPE into a unified causal effect estimation architecture using neural Robinson
decomposition. Finally, extensive experiments on three real-world datasets validate the effectiveness and
universality of CARE for measuring the agglomeration effect.

CCS Concepts: » Mathematics of computing — Causal networks; - Information systems — Business
intelligence;

Additional Key Words and Phrases: Business agglomeration, causal effect estimation, hypergraph neural
networks
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1 Introduction

With urbanization advances, agglomeration development has become indispensable in various
urban constructions. In particular, as shown in Figure 1(a), there exist many commercial agglomer-
ation areas within the city, such as high streets and shopping centers, consisting of closely located
individual businesses. The prosperity of such agglomerations can significantly benefit individual
businesses by attracting more customers and creating additional commercial opportunities. Ana-
lyzing how agglomeration influences the commercial performance of individual businesses offers
valuable insights for urban management and commercial strategy. However, existing research
concerning urban agglomeration [20, 32, 44, 64, 65] has rarely studied the specific agglomeration
effects on individual businesses.

In this work, we propose to systematically investigate the effect of agglomeration on individual
businesses through a quantitative lens. Given that check-in volume serves as a reliable indicator of
popularity and represents commercial opportunities, we use it as a valuable surrogate to study the
commercial effect. Specifically, as Point-of-Interest (POI) and Area-of-Interest (AOI) data play
important roles in Location-Based Services (LBS), for example, Google Maps and Yelp, we aim to
quantify the contribution of the agglomeration effect to the check-in volume at POIs in a data-driven
way. Here, we present an illustrative example of business site selection to showcase our motivation.

Motivating Example: Consider the scenario depicted in Figure 1(a) where a new fast-food chain,

specifically a McDonald’s, is to be established within one of the agglomeration areas (i.e., AOl a; or az).
Suppose our observations reveal that the POIs within a, generally experience a low check-in volume,
whereas those within a, are more popular and attract a larger customer base. Initially, placing the store
in a; might seem wise due to its generally higher popularity. Yet, it’s essential to delve deeper. The lower
foot traffic in a; could stem from a mismatch between existing businesses and the area’s focus, not a
lack of customer interest. If the new store’s concept resonates more closely with ay’s characteristics, it
might benefit from a stronger agglomeration effect, potentially attracting more customers and making
a, a more strategic choice.
Therefore, it is important to thoroughly investigate the agglomeration effect on POlIs, as it can
offer fresh insights into leveraging agglomeration for increased business visibility and customer
attraction. This knowledge can significantly aid in commercial decision-making and ultimately
support the growth of the urban business economy.

In the literature, as understanding popularity can reveal key commercial insights, many research
efforts [19, 31, 60, 63] focus on using spatial-temporal clues and auxiliary POI information to predict
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Fig. 1. (a) An illustration of business agglomeration and the motivating example. (b) The causal graph
illustrates the business agglomeration effect on POI check-ins. The check-in outcome (Y) is jointly influenced
by the agglomeration level (treatment, T)—which includes interference effects, depicted by dashed lines—and
the POI attributes (covariates, X). Additionally, the agglomeration effect on Y is confounded by the POI’s
attributes. POI, Point-of-Interest.

the POI’s popularity and demand. However, these works often cannot predict the specific portion of
popularity resulting from agglomeration, due to a lack of detailed exploration into how POIs interact
with their agglomeration areas. Meanwhile, several qualitative studies conceptually examined the
impact of agglomeration in urban areas, encompassing aspects such as cooperation and competition
within agglomerations [48], as well as its impact on consumer choices concerning shopping purposes
and destinations [2]. Nevertheless, these studies fall short of providing comprehensive decision-
making support due to the inability to uncover the quantitative agglomeration impact on POIs.

Owing to the capability of causal inference theory in exploring the underlying mechanism of
the outcome generation process, causal effect estimation emerges as a promising approach for
agglomeration effect quantification. Therefore, we employ a causal graph to tackle the counterfactual
question: What would have been the check-in volume of the POI if it had not been influenced by its
associated agglomeration area? Specifically, as shown in Figure 1(b), the check-in behavior of a
POI (outcome, Y) is jointly influenced by the agglomeration (treatment, T) and the POI attribute
(covariate, X). Moreover, the agglomeration effect on the check-in outcome is confounded by the
POI’s attributes. However, disentangling the pure causality of the agglomeration effect on the
check-in outcome presents genuine challenges. First, agglomerations may have spillover effects,
influencing not only the POIs within their territory but also neighboring POIs (the dashed lines in
Figure 1(b)). Such interference often exhibits higher-order impacts due to the spatial agglomeration
distribution. As a result, solely modeling the direct treatment effect from an agglomeration area to
POIs is inadequate. Second, the role of the confounders, that is, the POI attribute, becomes more
complicated in geographical settings. This complexity arises because the spatial and functional
characteristics of POIs are intertwined to confound the check-in outcome, making it hard to
eliminate the blended confounding bias.

To overcome the aforementioned challenges, we propose a Causal inference framework for
AgglomeRation Effect measurement (CARE). We majorly equip CARE with two dedicated
modules, namely Spatial Interference Diffusion Network (SIDN) and Disentangled Propen-
sity Estimator (DPE). Specifically, SIDN aims to propagate spatial interference based on the
spatial agglomeration distribution. It starts by aggregating the POIs within each hyperedge to
create a hyperedge representation on top of a proposed agglomeration hypergraph. Subsequently,
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the treatment representation is integrated into the aggregated hyperedge representation, facili-
tating spatial-aware propagation. An environment representation, depicting other POIs and their
received treatments, is then derived by distributing the shared hyperedge information back to
each POI according to the hypergraph connectivity. On the other hand, DPE is designed to model
the propensity of POIs to receive treatment while disentangling spatial and inherent factors. By
constructing semantic corrupted treatment samples and employing a triple-view negative sampling
strategy, propensity representations are learned in both the geographical and inherent subspaces.
To achieve a unified causal effect estimation framework, we adopt neural Robinson decomposition,
effectively integrating SIDN and DPE. This integration enables the removal of confounding bias,
allowing us to obtain the pure contribution of the agglomeration to individual POIs.
The main contributions of this work are as follows:

—To the best of our knowledge, we are among the first to quantitatively study the causal effect
of agglomeration areas on individual POIs. We propose CARE, a causal effect estimation
framework designed to capture spatial interference and provide disentangled propensity
estimation, enabling us to identify the causal effect of agglomerations on POIs.

—We incorporate the spatial spillover effect into the causal graph by modeling higher-order
spatial interference with the help of agglomeration hypergraph, multiset aggregation, and
treatment-aware spatial propagation.

—To obtain optimal propensity estimation, we unravel the tendency of spatial objects receiving
treatments by the feature disentanglement and a triple-view negative sampling with respective
corrupted treatments.

—Extensive experiments on three real-world datasets validate the effectiveness and universality
of CARE in inferring the agglomeration effect on POls.

2 Related Work

POI Mining. As LBS rapidly develops, POIs have become the focus of many urban applications. One
of the most representative works is the POI recommendation, which aims to provide a list that fits
a user’s interest and current location. Existing works [28, 29, 57] mainly follow the collaborative
filtering paradigm with spatiotemporal awareness and auxiliary information of POIs [52, 54].
In addition, some works have investigated various spatial knowledge to fulfill the POI-related
inference. For example, [9, 27] proposed spatial-aware Graph Neural Networks (GNNs) to infer
the relationships among POIs. multiple social clues on LBS. [19] devised a dynamic graph-based
approach to predict the popularity of stores to support site selection based on historical data. [31, 63]
modeled the POI demand with human mobility patterns. Nevertheless, while the agglomeration of
POIs acts as a universal phenomenon in cities, few studies have discussed the agglomeration effect
on individual POlIs.

Causal Effect Estimation. It is helpful for decision-making to identify the causal effect. With
Random Controlled Trial being impractical, learning the ITE from observational data has attracted
lots of research attention, regression model BART to estimate the causal effect. Most existing
works assume the Stable Unit Treatment Value Assumption (SUTVA), which ignores potential
interference among units. To address this limitation, recent studies explore causal effect estimation
in settings where units influence each other through network connections. Two main approaches
have emerged: one focuses on designing assignment strategies that allow interference by relaxing
SUTVA and explicitly modeling spillover effects [3, 6, 21]; the other investigates observational data
where outcomes depend not only on an individual’s own treatment and covariates but also on those
of their neighbors [16, 17, 22, 34, 36, 37]. In addition, causal effect estimation has also been applied
to practical applications such as bike-sharing station construction [53], team competition [61], and
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online review assessment [10]. In this work, we resort to causal effect estimation to quantify the
agglomeration effect on the performance of individual POIs.

Representation Learning on Hypergraphs. As a generalization of the graph in which an edge can
join any number of vertices, the efforts on hyperGNNs mainly fall into two main categories, namely
Clique-Expansion (CE)-based and tensor-based approaches. The key idea of CE-based methods
is to convert hypergraphs to ordinary graphs by replacing hyperedges with cliques, higher-order
complex data correlations, hypergraphs based on the spectral theory of hypergraphs, mechanism in
the learning process on hypergraphs to nurture flexibility. In parallel, some works [7, 15] designed
more sophisticated propagation rules on hypergraphs, which they formulate as the Z eigenproblems
for hypergraphs without using CE, merits of both CE and tensor-based methods with the multiset
function. In this work, we first carefully design a spatial agglomeration hypergraph based on
real-world geographical distribution and capture the spatial interference with the aid of hypergraph
learning techniques.

3 Preliminaries

This section will first introduce several basic causal definitions following the potential outcome
framework [43]. Then, a formal problem definition is presented.

3.1 Background Causal Concepts

In the traditional potential outcome theory, a treatment refers to an intervention or condition
whose causal effect on an outcome is of interest. Treatment ¢ usually falls in binary values, that is,
t € {0, 1} (either applied or not). Nevertheless, here we generalize to the multiple treatment setting
for clearer elaboration. In other words, suppose we have a treatment set 7~ = {tl, to, .., 7 } Then,
we define potential outcome as:

Definition 1 (Potential Outcome). Given a unit i and a treatment ¢ € 7, the potential outcome of
unit i under treatment ¢ is the outcome value that would have been if the treatment of the unit i
had been set to ¢, which is denoted as Y;(t,—i,T-;) € R, where —i denotes the units except for i,
and T_; refers to the treatments received by all units except for i.

Particularly, in the common SUTVA, the outcome of each unit is not affected by the treatments
assigned to other units, that is, VT_;, T’ , Y;(t, —i, T_;) = Y;(t,—i,T’,). However, in this work, we
will study a problem where interference is present, such that the outcome is also influenced by the
treatment assignments of other units, that is, VI_; = T, Y;(t, —i, T_;) = Y;(t,—i,T’,). In addition,
for a unit i, among all the potential outcomes under different treatments, only one outcome, where a
specific treatment is applied, can be observed. We call such a potential outcome the factual potential
outcome. Conversely, the remaining potential outcomes are known as the counterfactual potential
outcomes.

Based on the definition of the potential outcome, ITE is defined as the difference between the
potential outcomes at treatment value ¢ and ¢’ for a unit i:

Ti(t, t,> —i, Tfi) = Yl(ts _i> T*i) - Yi(t,’ _i> T*i)' (1)

3.2 Problem Definition

We start by providing several important data structures related to our problem and then introduce
the problem definition studied in this work. Key notations employed throughout this article are
summarized in Table 1.

Initially, following many previous works [25, 30, 56] that divide a city into grids for various
urban analyses, we also divide the city into grids, each spanning an area of Ad x Ad km?, to signify
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Table 1. Key Notations in the Main Text
Symbol ‘ Definition
Yi(t,—i,T_;) | Potential outcome of unit i under treatment ¢ with interference from other units —i
7;(t,t',—i, T-;) | ITE for unit i
YV, AR POI, AOI, and region set
v,a,r POI, AOI, and region
T Spatial treatment set
YO, P! Independent and affiliated POI set
T(v;) Factual spatial treatment of POI v;
Y;(t,—v;, T_y;) | PCV of POl v; under treatment ¢
0; Environment summary of POI v;
o Space of all the possible environment summaries
7;(a;) ITE of AOI a; on POl v;
P4, POI and AOQI feature vector
x(v),a,r POI, AO]L and region embedding
H Spatial agglomeration hypergraph
e;, e(alv) Hyperedge representation indexing by ID and by the object that it is assigned to
Die) Geographical closeness set of hyperedge e
v(e) Look up function for coordinates of the object that e is assigned to
c(-+) Coordinates distance function
w, 09, " Complete, geo, and inherent propensity representation
89, 8h 8" Geo, inherent, and random treatment negative sampler
m Conditional mean outcome

the region. We denote the set of regions as R = {ri}l

Rl
=1

denoted as £/ . Besides, the POI and AQOI are defined as follows.

with the center coordinates of each r;

Definition 2 (POI). A POl is a spatial item allocated to a geographical location. Formally, we use
v; to represent a POL 7(v;) to denote its located region, £ to represent its coordinates, p; to denote
its intrinsic attributes, and y; to indicate its check-in volume during a time period At.! Thus, each
POI v; can be represented by a four-tuple v; = (¥(v;), £, p;, ;).

Definition 3 (AOI). An AOI refers to an agglomeration area in LBS denoted by a;, which can be
deemed a special POI with a fixed bounding area. Formally, for an AOI a;, its center coordinates,
area, intrinsic attributes, and geographical boundary are denoted by ¢7, s;, q;, and I}, respectively.
Each AOI can be identified by a tuple a; = (¢2,s:,q;,T}).

Note that since AOIs are often clearly defined and easily searchable by users in modern LBS, we
treat each AOI as unique, with its own fixed identification, location, and boundaries in this work.
Based on the AOIs within a city, POIs can be classified into two categories: affiliated POIs that
belong to one of the AOIs, and independent POIs that do not belong to any AQOIs. Formally, given a

set of POIs V = {vi}l;‘;| and a set of AOIs A = {a,-}l“(;II

iz1» V can be divided into two disjoint subsets

fa person has had direct interaction with the POI in the real world, we call such interaction a check-in of the POL As our
problem is studied within a fixed period, we omit A# for brevity.
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Fig. 2. The demonstration of the spatial treatment and PCV where the region assignments are obtained
from dividing the city into grids, and the AOIs are well identified by modern LBS. (a) The factual spatial
treatment of POls v; and v; are given by a; and r}, respectively. This means that v; is located within the AOI
a;. On the other hand, v; is not located within any AOI, so we use a geographical indicator to represent its
spatial treatment. (b) The spatial treatment a; is implemented to both v; and v;. (c) The spatial treatment r;
is implemented to both v; and v;.

according to A:
V' = {oilo; €V, (Ila; € A, €T))},
(VO = {Uill)i € (V, (\/aj €A, flv ¢ fj)} s

where VO V1 are the independent and affiliated POI set, respectively, VOUV! =V and VoNY! =
(. Then, we introduce the definitions of spatial treatment and Potential Check-In Volume (PCV)
as follows.

Definition 4 (Spatial Treatment). The spatial treatment set 7~ is composed of the region set R and
the AOI set A (i.e., T = RUA). Then, given a POl v, if it is assigned to the spatial treatment a € A,
it means that v receives the direct agglomeration effect from the studied AOI a. Conversely, if v is
given the spatial treatment r € R, it means that v locates in r and receives no direct agglomeration
effect from any AQIs Va € A.

Definition 5 (PCV). Given a POI v, the potential check-in volume is the check-in volume that
would have been with vreceiving (not receiving) the direct agglomeration effect from a given AOI
(any AOISs).

The illustration of the spatial treatment and PCV is shown in Figure 2. Note that the direct agglom-
eration effect here means the effect from the studied AOI As stated before, there exists interference
in our studied problem, which contributes to the indirect agglomeration effect and will be discussed
later.

For Yo; € V1, we use a(v;) to denote the AOI that v; belongs to. Then for Yo; € V, we determine
its factual treatment (i.e., located AOI or region) £(v;) € 7 based on whether v; is an affiliated or
independent POI:

)

—~ 7(v;), ifv; € VO,
t(v;) =4~ .
a(vy), ifv; € V9.

Afterward, we propose quantifying PCV with the potential outcome.
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ProrosITION 1 (PCV QUANTIFICATION). Given a POl v;, its located regionr(v;), and an AOI aj,
when v; receives the direct effect from a;, PCV equals Y;(a;, —v;, T_,). While v; does not receive the
direct effect from any AOIs, PCV equals Y;(r(v;), —vi, T—y,).

First, we can naturally derive Y;(a;, —v;, T_,,) based on the definition of PCV and spatial treatment
a € A. Second, since 7(v;) is seen as a spatial treatment that describes the factual geographical
context when no direct agglomeration effect is present, we can utilize it to derive Y;(7(v;), —v;, T-o,)-
Proposition 1 provides the groundwork for studying the problem within the potential outcome
framework.

Due to the existence of spatial interference, inspired from [34], we further suppose that there
exists a summary function ¥, which can cover all the environmental knowledge and yield o; € O
for each POl v; € V (i.e., other POIs and their received treatment), where O denotes the space of
all the possible environment summaries:

0; = ¥(~0;, T-y,). 3)

In this article, we would like to study the effect of the AOI on the POI’s check-in volume, which
can be cast as the ITE estimation. Specifically, given a POl v; € V and an AOI a; € A, the ITE
7;(aj) is given by:

ti(a;) = E [Yi(aj, 00)|p;] - E [Yi(F(v:), 0)|p;] -

ProsLEM 1 (ITE EsTiMATION OF AOIs oN POIs). Given a POl v; € V ignorant about its factual
check-in volume and an AOl aj € A, predict the ITE 7;(a;) € R with the learned ITE estimator.

For a single PO, since we can observe only one of its PCVs (with or without receiving the explicit
effect from AOIs), following [34], we make an unconfoundedness assumption under interference to
ensure the ITE is identifiable.

AssuMPTION 1 (UNCONFOUNDEDNESS). The unconfoundedness assumes the PCVs of a POl v; are
independent with the treatment and summary of the environment given its attribute, i.e., Y;(t,0) L
t',o'|p;,Vt,t' € T,Yo,0" € O.

Note that since the summary function in Equation (3) is assumed to sufficiently capture interfer-
ence effects, there is no need to condition further on the covariates of other POIs. The interference
variance is already encapsulated in the summary representation, which is reflected in o’.

4 Methodology

Figure 3 presents the architecture of our proposed approach (CARE). It mainly consists of two
modules, that is, SIDN and DPE, which are incorporated into a unified causal effect estimation
framework with the help of neural Robinson decomposition. In particular, (1) SIDN diffuses interfer-
ence in forms of the indirect treatment effect over the designed spatial agglomeration hypergraph;
and (2) DPE unravels the original propensity estimation process into the geographical and inherent
aspects through a triple-view negative sampling. Afterward, with the conditional mean outcome,
the neural Robinson decomposition is employed to partial out confounding effects and further
identify the distinct contributions of an AOI on a POI’s check-in volume.

4.1 Spatial Treatment Representation Learning

We first embed the AOIs and regions into latent variables. Specifically, for an AOI a; € A, we
examine its attributes and employ a Multilayer Perceptron (MLP) to transform these attributes
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Fig. 3. The overview of CARE framework and its two major components, that is, SIDN and DPE.

into meaningful representations [63] a; € R%:
a; = MLP(q;), 4)

where gq; is the feature of a;, and d denotes the dimensionality. Concerning the regions, as we
expect them to act as geographical indicators that are indifferent to the functional semantics, we
randomly assign an initial embedding r; € R? for each r; € R. Afterward, based on the definition of
the spatial treatment (Definition 4), we derive the spatial treatment embedding ¢ by incorporating
the AOI embedding and the region embedding as:

a;, if ti €A,
ri, if L € R,

4.2 SIDN

In real-world scenarios, except for the direct effect from the studied AOI, there commonly exist
indirect effect from other nearby potential AOIs, and even POls, that is, the interference. For
example, when a person pays a visit to an AOI say, a shopping center, she or he may also visit
surrounding POIs that are not located within the shopping center, which means that an AOI could
affect surrounding POIs implicitly even if the AOI does not have a direct impact on these POIs.
The diffusion of such interference among the spatial objects heavily depends on geographical
distribution. Therefore, to deal with the spatial interference, we first define a spatial agglomeration
hypergraph according to the agglomeration and independence of POIs in the real world.

Definition 6 (Spatial Agglomeration Hypergraph). A spatial agglomeration hypergraph H; charac-
terizes the agglomeration and independence of POIs. H, can be denoted by H; = {V;, E;}, where
V; =V is the node set and &; is the hyperedge set that suggests hyper-connectivity among nodes.
Each hyperedge e € &; can be seen as a subset of V;, i.e., e € V;. Each AOI and independent
POI is assigned a hyperedge, denoted by e(a;) and e(v;), respectively, where a; € A, v; € V°. The
connectivity in H; can be depicted by an incidence matrix H € RIV/XI1&! and the entries are
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defined as:
1, foeVIAng el
h(v, e(a;)) = ST ged,
0, otherwise,
1, ifoeVoAav=uy;,
h(v,e(v;)) = N P eV
0, otherwise,

where (VSO =0, (Vsl =YL

The presence of aforementioned spatial interference breaks the SUTVA that the outcome of
each unit is not affected by the treatments assigned to other units [16, 22]. Several works have
put efforts into relaxing the SUTVA [3, 34, 47, 66], and [34] is the most related work to ours
which utilized the standard HyperGNN to model the interference among treatments and units.
Nevertheless, due to the limitation of the binary treatment setting and rigid message-passing
mechanism in standard HyperGNN, [34] fails to capture the relationships between the POIs and the
agglomeration effectively. Bearing these in mind, we propose a novel SIDN, which can diffuse the
indirect treatment effect based on the designed spatial agglomeration hypergraph. There are three
key components in SIDN, termed Multiset Aggregation, Treatment-Injected Spatial Propagation, and
Interference Distribution.

4.2.1 Multiset Aggregation (x — e). First, for Vu; € V, similarly with Equation (4), the POI
embedding x; € R? is initialized with an MLP encoder taking the POI attribute p, as input:

x; = MLP,(p,). (5)

Inspired by [11, 24], as the message-passing process on hypergraphs can be formulated with multiset
function,? and further enhanced by powerful function kernels, we utilize a multiset function f;, to
exploit the interaction among the nodes within the same hyperedge and aggregate the information
to obtain the hyperedge representation. The kernel of f;, is implemented with Transformer [50].

More specifically, given a hyperedge e; € &, the nodes connected by e; are aggregated with
multi-head attention:

e; = fm (X¢;) = o (LayerNorm (h; + MLP, (h;))),

h; = LayerNorm (||sz1 Py ||kK:1 o(k)),

M i
T (6)
o§k> = ngk) - Softmax ((Mfk)) Zz(\/’;)) ,
T T
MO =w x, +b, NP =wl X, +b,
where X, = || x; € R¥Ieil and || denotes a column-wise concatenation operation. W](J;),W](\f) €
U]‘ECi

RY% and bx;), bl(\];), zx;) € R¥ are learnable parameters. The aggregated representation e; can be
regarded as the hyperedge representation of e;.

4.2.2 Treatment-Injected Spatial Propagation (e — e€’). The diffusion of spatial interference
depends on geographical closeness. For example, when people check in an AOI/POL, they are unlikely
to visit other AOIs/POls located far away from it in a short period [49]. However, typical MPNN
cannot fully handle the diffusion as mentioned earlier on the spatial agglomeration hypergraph

2 A function is permutation invariant if the output is regardless of the order of inputs. Then, if a function is permutation
invariant, we call it a multiset function.
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due to the isolation among hyperedges. To remedy this, we inject the treatments into the acquired
hyperedge representations and adaptively propagate them with spatial awareness:
Ue(a;) = MLP, ([e(ai) “ ai]) ,a; €A

Ue(s)) = MLP, ([e(0r) || F(o)]) .0 € VY, @)

where 7(v;) is the region embedding of 7(v;). Afterward, we propagate the merged representation
with the help of attention mechanism [51]:

e; = 0'( Z ﬂijWPuej),
e;cD(e;) (8)
exp(uij)

" Yecen(er) P (Hik)

TTij Mij = CT(Z;WP [ue,- I ue,-]) ,
where zp € R and Wp € R?*?? are trainable parameters. D (e;) is the geographical closeness set
w.r.t e;, which is defined as:

D(er) = {ejls (Y(e). Y(e))) < p. Yei e; € Es},

V(e(a;) =¢a;€ A, Y(e(v) =¢,0v; € % ©

where ¢(+, -) calculates the distance between two coordinates and p° is a distance threshold for the
propagation. Once the treatment effect and the hyperedge summary have been diffused through
the spatial propagation pipe, the updated representation e of e; is ready to be distributed back to
each node.

4.2.3 Interference Distribution (¢’ — o). After the aggregation and propagation of node v;, we
can acquire its environment representation o; by absorbing the representation from its hyperedge:

0; = WDe;,vl- €ej, (10)

where Wp € R%* is a learnable parameter. The environment representation o can selectively
convey the environmental information of other POIs along with the treatments they have received.

Note that multiple SIDN layers can be stacked to capture higher-order spatial interference while
only injecting the treatment representation in the first layer.

4.3 DPE

In causal studies, propensity score [41] generally refers to the conditional probability of a unit
being exposed to a particular treatment given a set of observed covariates, which is widely used to
alleviate the selection bias when estimating the causal effect from observational data [1, 22, 35,
41, 42]. However, when estimating the propensity score of spatial objects (e.g., POIs and AQIs),
the situation gets more complicated. First, the original propensity score is inadequate in fully
capturing the exposure due to the presence of spatial interference. Second, the propensity of a
POI exposed to a specific treatment depends on geographical proximity. For example, a POI is
more likely to be exposed to an AOI treatment if the POI is located within the boundary of the
AOQI Moreover, different business characteristics of the AOI may have different impacts on the
propensity of exposing the POL Unfortunately, if we directly model the conditional probability
P(t|p) (t € 7), not only the spatial interference but the entangled spatial and functional effects
may lead to sub-optimal estimation of the propensity score and thus hinder the final ITE inference
objective. To this end, we devise a DPE to unravel the estimation process into the geographical
aspect and inherent aspect.
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4.3.1 Feature Disentanglement. Specifically, to incorporate the spatial interference into the
propensity estimation, we first introduce the propensity score under interference P(t,o|p) [14].
Following [22], given a POl v; € V, a treatment V¢ € 7, and an environment summary Yo € O, we
then extend the propensity score into the propensity representation w(v;):

w(v;) £ E[h(t,0)|p,]. (11)

where h(-) is an arbitrary function responsible for blending the two types of representations, that is,
the treatment and the environment representation. We implement A(-) with a linear transformation
of the concatenation of the representations because of its simple yet effective implementation as:

h(t,0) =WL[t || o] +br, (12)

where Wr € R?>4 b € R?@ are parameters. As aforementioned, the direct approximation of
propensity representation is entangled by geographical and inherent factors. To activate disen-
tanglement, we use two separate MLPs to project the initial POI attribute p; of v; into geo and
inherent spaces and obtain the propensity representations in these two spaces, respectively:

@?(v;) = MLPy(p;),  @"(v;) = MLP4(p)), (13)

where w9, w" € R? are geo and inherent propensity representations, respectively. We also combine
representations of these two subspaces to generate a complete propensity representation:

w(v;) =WE [0 (v) || @"(v1)] + be, (14)
where @ € R and W € R24%4 b e R9 are learnable parameters.

4.3.2  Triple-View Negative Sampling. At the POI level, the propensity to receive agglomeration
treatment is confounded along two structurally distinct dimensions: (1) geography, which drives ex-
posure to spatial interference, and (2) intrinsic POI attributes, which govern baseline attractiveness.
These axes are often entangled in observational data, making it difficult to disentangle whether a
POIs treatment likelihood arises from its location or inherent appeal. Negative sampling is a widely
used training strategy and has been applied in various fields, such as recommendation [38, 39, 67],
knowledge graph completion [55], and self-supervised learning [8, 26]. As negative sampling can
efficiently address the complex geographical and inherent characteristics of the propensity by
making informative contrasts, we propose a triple-view negative sampling strategy to achieve
representation disentanglement, where three sets of representative negative treatment samples are
constructed.

In particular, we build three samplers: geo sampler, inherent sampler, and random sampler, and
adopt Bayesian personalized ranking (BPR) criterion [39] to learn the respective propensity
representations. Given a POI v;, since (v;) (Equation (2)) represents its factual treatment, we take
t(v;) together with o; as the positive sample of v;.

For negative sampling, we first build the geo sampler based on the following two empirical
observations as illustrated in Figure 4(a):

—For an affiliated PO, that is, Vo € V!, it is less likely to receive direct treatment effect from
those AOIs far away.

—For an independent POI, that is, Yo € VO it is less likely to receive direct treatments of the
regions r € R \ {r(v)} as v does not locate in these regions.
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Fig. 4. lllustration of negative spatial treatments generated by the two proposed samplers: the geo sampler
and the inherent sampler. In the notation of spatial treatments, subscripts i/j denote the target POI, and
superscripts +/— indicate positive and negative treatments, respectively.

Besides, the negative environment summary is also sampled corresponding to each sampled
treatment. Therefore, the geo sampler is given by:

S9 = {(0,’, tj, Ok)|Ui € (Vl,tj € ﬂ,g ((iv, [ja) > pa,?(z)k) = tj}
U {(Ui, tj,Ok)|Ui € (VO, tj eRr \ {7(0,‘)},?(0]() = tj} s

where p¢ is a distance threshold. For the inherent sampler, we instruct its sampling process inspired
by the following observational insights as illustrated in Figure 4(b):

(15)

—The affiliated POI v € V! is most likely to receive direct treatment effect from the AQOI it
belongs to instead of its nearby regions because it lies in a functional area with semantics,

that is, the AOL
—The independent POI v € V' is less likely to be affected by direct treatment effect of nearby
AOIs because there are no functional areas covering it.

In other words, we use counterpart types of treatments to reinforce the functional properties of
AQIs. Consequently, with the environment summary similarly sampled, the negative samples
generated by the inherent sampler are:

Sh = {(Ul', tj, Ok)ll)i € (Vl, tj € R,g (flv, fjr) < pa,?(vk) = tj}
3 , (16)
U {(U,’, tj, Ok)l()i (S (VO, tj € \7[,5' ([iv’ f]a) < pr, t(Z)k) = tj}

where p” is another distance threshold. Besides, to ensure the learning process is not overly biased
toward the geo and inherent negative samples, we utilize an extra random sampler to discover the
distribution of comprehensive negative facts:

S = {(Ui, tj,Ok)|Ui eV, tj € T\ {?(U,)} ,?(Uk) = tj} . (17)

4.3.3 Learning Objectives. Afterward, given a POl v, a treatment ¢t € 7, and an environment
summary o € O, we define the approximation score based on the representations as follows:

n(w,0,1,0) £ lw(v) — h(t, 0)]l3.- (18)
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Consequently, with the pairwise comparisons between negative and positive samples under the
BPR criterion, we derive the following loss functions:

L) = Z [6 + n(w?, v, 1(0:), 01) — (@Y, 01, 1, 01) |, ,

(vi,tj,0k)€SY

£}’; = Z [5 + n(wh» Ui,?(Ui),Oi) - U(wg’ Z)i’tj’ok):|+’ (19)

(vistj,0x) eSh

L= Z [5 + (@, 05, £(0;), 0;) — n(@, 03, t, ok)]+,
(vi,tj,0)€ES”

where [-]+ = max(0, -) denotes the standard hinge loss, and § is the margin size. Then, we derive
the propensity loss by integrating the above three loss functions:

Lp=LL+ L)+ L] (20)

4.4 Neural Robinson Decomposition.

Robinson decomposition was initially proposed for parametric components estimation in partially
linear models [40]. Recently, the Robinson decomposition has been applied in causal effect estimation
to partial out the confounding effect [4, 22, 35] such that the separate contributions of treatments
and covariates to the outcome can be identified. The core idea is to use propensity to decouple the
outcome into two parts: the conditional mean outcome, which is solely a function of the covariates,
and the treatment effect, which captures the additional impact introduced by the treatment. These
two components are modeled separately in a two-stage training process, allowing us to estimate
causal effects effectively. In this section, we aim to incorporate the proposed SIDN and DPE into a
unified causal effect estimation framework with the aid of neural Robinson decomposition [22].

We first define the conditional mean outcome of a POI v; € V, which captures the expected
outcome associated with the POI attribute:

m(v;) = E [ylp,] - (21)

Besides, we employ another MLP to encode the POI attribute into low-dimensional representation
v; for Robinson Decomposition:

v = MLP,(p,). (22)

According to the product effect assumption [22], the effect of a treatment on a unit can be modeled
by the inner product of their representations. We extend this assumption to deal with the causal
effect under interference as:

AsSUMPTION 2 (PRODUCT EFFECT UNDER INTERFERENCE). The potential outcome Y;(t;, 0;) of POl v;
with treatment t; under spatial interference can be inferred as:

Yi(tj, Oi) = U?h(tj, Oi) + €, (23)

where 0; is the environment representation of v; obtained from SIDN. Then, ¥(v,t,0) € V X T X
O,E [¢|x,t,0] =E [¢|]x] =0.

With Assumption 2, given a POI v;, the conditional mean outcome m(v;) in Equation (21) can be
further inferred by:

m(v;) = v} @ (v;), (24)
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where  is the complete propensity representation (refer to Equation (14)). Afterward, the neural
Robinson decomposition of Equation (23) is derived as:

Yi(tj,0) — m(v;) = o (h(t},0;) — @(v;)) +e. (25)

4.5 Optimization and Inference

We discuss the learning of model parameters on top of neural Robinson decomposition. With
Equation (25), given the conditional mean out m and complete propensity representation w, we
have the following overall loss function:

L= Z {yi = [m(v) + o] (h (E(v), 0:) - w(vi))]}z, (26)

v; eV

where y; is the factual check-in volume of POI v; (i.e., y; = Y;(£(0;), 0;)) and £(0;) is the treatment
representation of Z(v;). Since in Equation (26), the overall loss is coupled to the conditional mean
outcome m and propensity w, we learn the parameters in a two-stage manner.

Stage 1. As the conditional mean outcome defined in Equation (21) only depends on the POI
attribute (covariates), a sole MLP is employed to learn a basic regression function:

m(v;) = MLP, (p,), (27)

where the parameters are optimized with the following objective:

Lo= ) Im() -yl (28)

v; eV

Stage 2. Although with Equation (11), the propensity representation is only conditioned on the POI
attribute. It is also bundled with the treatment representation, environment representation, and their
interactions in the representation learning process (see Equation (20)). Therefore, we alternatively
optimize the propensity loss (Equation (20) together with the overall loss (Equation (26)). Specifically,
the alternative optimization in stage 2 until convergence is performed as follows:

—Optimize £ in Equation (26) for N steps while the parameters in conditional mean outcome
m and propensity w are fixed.
—Optimize Lp in Equation (20) for one step by only updating the parameters in propensity .

The summary of training CARE can be found in Algorithm 1. Afterward, we can use the trained
CARE to estimate the ITE w.r.t. an AOI impacting a POI’s check-in volume. Specifically, given a
POI v; and an AOI aj, the ITE is inferred as:

#(a;) =o; (h(aj,0;) — h(F(v;), 0:)), (29)

where 7(v;) is the region embedding of 7(v;).

Revisiting the motivating example in Section 1, consider a siting decision such as the McDonald’s
case. The ITE estimated by CARE can support more informed choices. Specifically, given two AOIs
and a PO, one can compute the ITE using Equation (29) and then select the site with the higher
ITE—subject to practical constraints.

5 Experiments

In this section, we conduct experiments on two real-world datasets to evaluate the effectiveness of
the proposed CARE framework in estimating the agglomeration effect on POlIs.
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Algorithm 1: Training Procedure of CARE
Input :POIset V, AOI set A, region set R, spatial agglomeration hypergraph
Output: The agglomeration ITE estimator

1 Initialize parameters: O = {MLPa, {ri}l(R| Wr, bT},

i=1°

Osipn = {MLP )¢}, Win NP0} BNy 2(m,p) | ©DpE = {MLP 4 1), We, b},
Ocmo = {MLP,}, ©x = {MLP,};

2 while not converged do

3 Get conditional mean outcome m(v) by Equation (27);

4 Get loss Lo by Equation (28);

Update parameters Ocpo according to the gradient of Lo;

end

while not converged do

/* Spatial Interference Diffusion Network */

Get AOI representations a; by Equation (4);

© e N & w

10 Get POI representations x; by Equation (5);

11 Get hyperedge representation e; by Equation (6);

12 Get updated hyperedge representation e; by Equations (7) and (8);
13 Get environment representation o; by Equation (10);

14 /* Disentangled Propensity Estimator */

15 Get geo, inherent and complete propensity representations w9(v), " (v), w(v) by
Equations (13) and (14);

16 Get negative sample sets 89, S", S” by Equations (15) to (17);

17 Get propensity loss Lp by Equations (18) to (20);

18 Get loss £ by Equation (26);

19 /* Optimization Stage 1 */

20 forn=1toN do

21 ‘ Update parameters O¢7 sipn,x} according to the gradient of L;
22 end

23 /* Optimization Stage 2 */

24 Update parameters ©ppg according to the gradient of Lp;

25 end

26 return Fo; gy,

5.1 Experimental Setups

5.1.1 Dataset. We construct the datasets based on two real-world online map application datasets
(Shanghai and Chengdu), where users’ check-ins and queries on both POI and AQI data were
recorded, and one public POI check-in dataset (NYC [59]). For the Shanghai and Chengdu datasets,
we utilized the overall POI check-ins initiated by the users from 04 January 2019 to 04 July 2019
as the factual check-in volume of each POL To assure the data quality, we filtered out the POIs
where the check-in volume is less than ten or greater than 50,000. We also eliminated the AOIs
with less than three affiliated POIs. Then, we incorporate the category, the coordinates, the located
administrative region, and the existence duration to construct POI and AOI features. For the NYC
dataset, we adopted the POI check-ins from 12 April 2012 and 16 February 2013. Similarly, POIs
with check-ins fewer than 5 or more than 1,000 times were filtered out. Given the unavailability of
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Table 2. Statistics of Our Datasets

Statistics Values
Shanghai ‘ Chengdu ‘ NYC
#POls Affiliated 93,207 70,179 6,927
Independent 72,808 57,938 3,061
# AOIs 8,996 5,980 200
Average check-in volume 80.61 82.58 17.85
Average # POIs in an AOI 10.36 11.74 34.64

AOI information in this dataset, a density peak clustering algorithm was employed as an adaptive
measure to form synthetic agglomeration areas. Within these clusters, core and border points
were identified as affiliated POIs, while noise points outside of the clusters were considered as
independent POIs. To maintain diversity in areas of high density, a random selection of border and
core points were reclassified as noise points. POI features were constructed using the category,
coordinates, and ID, while, due to the absence of AOI information, only the ID was utilized for
constructing AOI features. Moreover, for these three datasets, we randomly split the POIs into
a training set, a validation set, and a test set following the proportions: 60%/20%/20%. And we
evaluate the ITE of POIs in the test set. The statistics of datasets are given in Table 2.

Because of the lack of ground truth of counterfactual outcomes, it is hard to obtain the true
causal effect of agglomeration from observational data. Therefore, we design a simulation strategy
to generate the counterfactual check-in volume based on observational data. Although this ap-
proach follows standard practice [22, 34, 46] in causal inference, we acknowledge its limitations:
performance is measured against simulated outcomes shaped by our modeling assumptions, not
against real-world causal effects. To reduce overfitting to one design, we vary key parameters
(introduced later) and run experiments to test robustness across different simulation environments.
These checks strengthen confidence in our findings within the semi-synthetic setting. Note that
the generated ITE is solely utilized for evaluation purposes. Conversely, our model is trained on
real-world observations, guaranteeing its practical feasibility. For the affiliated POI Vo; € V! where
Yi(a(v;), 0;) = y; is the factual check-in volume, we construct its counterfactual check-in volume
Y;(r(v;)) as follows:

17 (@0) = yi (1 - k- 9701 @(01)) - ga(vr.a(01)) + £ | (30)
where k is a hyperparameter, ¢ is a random noise from Gaussian distribution N (0,1), and g5 and
gq are the function- and distance-aware decay factors, respectively, which will be introduced later.
For the independent POI Vo; € VY, since Y;(7(v;)) serves as its factual check-in volume, we sample
several AQOIs next to v; to evaluate how the nearby AOIs could affect v; if it receives the explicit
effect from these AOIs. Given a sampled AOI a € A that is near the independent POl v; € V°, we
calculate the counterfactual volume Y;(a) similarly with Equation (30):

[Vi(a) =y, (1+x-gs(0;,0) - ga(v;, @) + & | (31)
Generally, the design intuition behind the two decay factors, g5 and gq4, stems from real-world

observations. Initially, a distance-aware decay factor g, is instantiated using a piecewise radial basis
function. This function simulates the diminishing effects of increasing geographical distance as:

if £ € T%,

. (32)
otherwise,

1)
ga(vi,a;) = {e—/lg(liu,f;-z)
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where A is a hyperparameter. Afterward, since the impact of an AOI on a POI primarily hinges on
their level of match, we employ the cosine similarity of the features in function-aware decay factor
gy to measure the functional affinity of a POI-AOI pair. This is scaled by the query volume of the
AOI, reflecting its influence as follows:

T
1 P; q; ) (33)

gf(vi,a;) = Norm (log Q(a;)) (5 * 2[lp;Illig;ll

where Q(a) is the query volume of AOI a within the dataset time span, and Norm denotes a
normalization operation. Specifically, for the dataset that lacks AOI information (i.e., the NYC
dataset), following [34], we adopt a linear Gaussian model to determine the factor g:

gf(vi: aj) = X}Pis (34)

where y ; is the Gaussian vector for a;, with each element adhering to the standard normal
distribution.

5.1.2  Baselines. We compare the proposed CARE approach with the following baselines.

—Two vanilla methods:

—Mean uses the average check-in volume of the units under a specific treatment as the outcome
prediction of a POI given this treatment.

-Ordinary least squares (OLS) linear regression takes the concatenation of the POI feature
and the treatment feature (AOI feature or region one-hot vector) as input to fit a linear
regression model.

—Two POI prediction methods:

—DeepR [27] is originally proposed for POI competitiveness inference. It splits the neighbors
of a POl into several sectors according to their location and aggregates information from
each sector.

—PRIM [9] is another POI relationship inference model that integrates the POI category
taxonomy and utilizes a self-attentive extractor to distill spatial context.

We equip these two POI prediction methods with Hilbert-Schmidt Independence Criterion
(HSIC) regularization [17] to enable counterfactual ability.

—Six causal effect estimation methods:

—Counterfactual Regression (CFR) [46] balances the representations between treatment
and control units to achieve counterfactual inference. We use Wasserstein distance as the
Integral Probability Metric (IPM) to penalize imbalance. We extend CFR to the multi-
treatment setting as [62] suggested.

—HyperSCI [34] models higher-order interference powered by the hyperGNNs. The IPM choice
and the multi-treatment extension are similar to CFR.

—SIN [22] employs GNNs to encode the structured treatments and proposes the generalized
Robinson Decomposition to isolate the causal components. As there are no structured
treatments in our work, we replace the GNNs with MLPs.

—BART [18] predicts the outcomes with an ensemble of multiple regression trees.

—GraphITE [17] also utilizes GNNs to vectorize structured treatments into embeddings and
uses HSIC regularization to enhance the independence of the targets and the treatments.
Similarly, we replaced the GNNs with MLPs due to the absence of structured treatment data.

— HyperSCI(HSIC) is an upgraded version of HyperSCI, where we replace Wasserstein distance
with HSIC regularization and embed the treatments to support the multi-treatment setting.

ACM Transactions on Knowledge Discovery from Data, Vol. 20, No. 3, Article 46. Publication date: March 2026.



How Business Agglomeration Affects Individual Points-of-Interest 46:19

5.1.3 Implementation Details. We implemented CARE using PyTorch 1.12.1 and PyTorch Geo-
metric [13] 2.2.0. We trained the model on a CentOS 6.3 Linux machine with 24 cores, 251 GB of
RAM, and NVIDIA P40 GPU with 22 GB of GPU memory. Then, we performed a random parameter
search on the validation set regarding the latent dimensionality in {50, 100, 200}, # MLP and SIDN
layers in {1, 2, 3}, # attention heads in {1, 2, 4}, # steps of optimizing £ in {3, 5, 10, 15}, dropout in
{0,0.1,0.3,0.5,0.7}, learning rate in {0.001, 0.005, 0.01}, and # negative samples in {1, 3, 5}. Besides,
we set the distance thresholds p°, p* as 3km and p” as 8km. We choose Adam as the optimizer to
train CARE using an L2 regularization with weight 107>, In the experiments, the decay coefficient A
in g4 (Equation (32)) is set to 0.4. Given an independent POI v € V°, we pick 3 closest AOIs to v as
its counterfactual treatments. Regarding the hyper-parameter configurations of the baselines, for
PRIM, the number of GNN layers is set to 1, and the coefficient of the radial basis function kernel is
fixed at 2. For DeepR, the spatial context is divided into four sectors, and the grid size is set to 0.1km.
In the case of CFR, the coeflicient of the IPM is set to 1. For HyperSCI, the IPM coefficient is set
to 0.1 on the Shanghai and NYC datasets, and 10 on the Chengdu dataset to account for its denser
spatial structure. For SIN, the hyper-parameters are selected via random search following the same
strategy as CARE. For BART, the number of regression trees is set to 100. Finally, for GraphITE and
HyperSCI(HSIC), the coefficient of the HSIC regularization term is set to 10.

5.1.4  Evaluation Metrics. In the literature, there are two widely used evaluation metrics for
treatment effect estimation, namely Rooted Precision in Estimation of Heterogeneous Effect (\/éperE)
[18] and Mean Absolute Error on average treatment effect (earg) [46]. As our problem setting can
be seen as a multi-treatment one, following [33, 45], we extend the two original metrics into the

multi-treatment variants \/epggg and €arg as:

| Al nj

VEPEHE = L Z i (fvi(aj) - Tu,—(aj))z,

Al =\ I

nj nj

K]
____ 1 1<, 1

€ATE = T — (aj)—— ) 14,(aj)|,
T ] 2y 2 ) D)

i=1 7=

where n; denotes the number of POIs to be evaluated that receive the explicit effect from AOI a;.
Such POIs include affiliated POIs that belong to a; and independent POIs that have the sampled
nearby AOI as a; (see Equation (31)). The lower the metrics, the better the performance.

5.2 Overall Performance Comparison

We conduct the experiments on Shanghai and Chengdu datasets by varying the hyperparameter x,
which controls the significance of the effect from AOIs in the counterfactual outcome simulation,
to validate the universality of CARE in various simulation environments. The overall performance
results of CARE compared to the baselines in three different simulation settings on Shanghai and
Chengdu datasets are presented in Table 3, where the mean and standard deviation of the two
metrics are obtained through five random runs using different initial parameters. As can be seen,
CARE consistently achieves the best performance w.r.t. all metrics and all k settings on both datasets.

Particularly, CARE outperforms the most competitive baseline in terms of v/épgrr, achieving an
average improvement of 5.87% and 11.45% on Shanghai and Chengdu datasets, respectively, across
different k values. In addition, the average improvements of €a7g across different x are 15.78% and
14.68% on Shanghai and Chengdu datasets, respectively, surpassing the best baselines. Moreover,
we have the following observations.
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Table 3. Performance Comparison between CARE and All the Baselines under Different k Settings

Datasets Methods k=03 k=05 k=07
VePEHE ‘ €ATE VEPEHE ‘ €ATE \ePEHE ‘ €ATE
Mean 79.81 75.77 82.16 77.26 84.70 78.82
OLS 87.31 68.65 89.13 69.14 91.14 69.77
PRIM 28.39+12.2 | 24.55+12.0 | 33.30+12.0 | 27.34+12.0 | 38.57+11.8 | 30.43+12.0
DeepR 13.40+3.87 | 9.58+4.02 | 18.12+3.32 | 11.76+346 | 23.37+2.84 | 14.56+2.93
CFR 50.27+0.15 | 43.85+0.15 | 52.76+0.18 | 45.43+0.17 | 55.44+0.18 | 47.08+0.18
Shanghai HyperSCI 36.53+0.11 | 30.84+0.10 | 38.44+0.11 | 31.62+0.09 | 40.64+0.10 | 32.58+0.08
SIN 18.03+6.05 | 13.36+5.35 | 23.31+5.87 | 16.55+5.32 | 28.96+5.69 | 20.06+5.23
BART 14.56+1.11 | 9.30+0.52 | 17.77+1.10 | 11.40+0.51 | 21.08+1.09 | 13.51+0.50
GraphITE 12.71+5.08 | 9.30+553 | 18.67+5.10 | 13.09+5.69 | 24.80+5.11 | 17.05+5.80
HyperSCI(HSIC) | 10.10+0.42 | 6.39+0.53 | 15.99+0.55 | 9.98+0.74 | 22.11x0.66 | 13.87+0.89
CARE 9.31+0.49 | 5.23+0.48 | 14.76+0.22 | 8.27+0.22 | 20.64+0.19 | 11.88+0.38
Mean 68.84 64.47 71.28 65.97 73.92 67.55
OLS 63.93 50.24 65.83 50.88 68.01 51.64
PRIM 20.39+7.20 | 16.37+7.18 | 25.11+7.43 | 18.73+7.77 | 30.36+7.50 | 21.64+8.07
DeepR 12.24+291 | 8.23+3.11 | 16.90+231 | 10.20+2.45 | 22.20+1.82 | 12.96+1.87
CFR 41.76+0.12 | 36.08+0.18 | 44.66+0.13 | 37.98+0.18 | 47.72+0.13 | 39.92+0.18
Chengdu HyperSCI 46.41+0.13 | 40.54+0.16 | 48.39+0.13 | 41.44+0.16 | 50.62+0.12 | 42.43+0.14
SIN 21.31+7.29 | 13.82+5.26 | 26.18+7.11 | 16.45+537 | 31.56+6.94 | 19.59+5.40
BART 15.01+0.57 | 9.41+0.20 | 18.37+0.52 | 11.63+0.21 | 21.87+0.51 | 13.86+0.21
GraphITE 11.96+1.00 | 8.18+0.90 | 17.41x0.65 | 11.20+0.78 | 23.24+0.73 | 14.68+1.14
HyperSCI(HSIC) | 11.18+1.57 | 6.49+0.90 | 16.39+1.63 | 9.19+1.08 | 22.05+159 | 12.59+1.21
CARE 9.10+0.33 | 4.85+0.29 | 14.67+0.09 | 8.02+0.18 | 20.72+0.19 | 11.83+0.41
Mean 10.06 8.56 10.38 8.69 12.65 10.06
OLS 7.06 6.11 7.31 6.09 9.06 6.36
PRIM 3.59+0.13 | 2.55+0.12 | 4.21+0.11 | 2.96+0.09 | 7.92+0.05 5.82+0.08
DeepR 3.55+0.11 | 2.58+0.12 | 4.20+0.11 | 3.03+0.13 | 8.01+0.11 | 5.97x0.13
CFR 6.02+0.29 | 4.66+0.28 | 6.30+0.22 | 4.69+0.21 | 9.07+0.23 6.29+0.19
NYC HyperSCI 8.06+0.03 | 7.12+0.07 | 8.19+0.10 | 7.01£0.09 | 9.27£0.10 | 6.56+0.17
SIN 3.99+039 | 2.86+039 | 4.51+035 | 3.15+035 | 7.97+0.28 5.72+0.27
BART 3.58+0.13 | 2.67+0.09 | 4.15+0.08 | 3.07+0.12 | 8.03+0.16 6.07+0.10
GraphITE 3.81+0.21 | 2.70+0.24 | 4.39+0.21 | 3.05+0.25 | 7.98+0.26 | 5.78+0.30
HyperSCI(HSIC) | 3.69+0.09 | 2.52+0.07 | 4.31x0.09 | 2.97+0.08 | 7.99+0.06 | 5.82+0.03
CARE 3.33+0.08 | 2.31+0.11 | 3.96+0.09 | 2.75+0.11 | 7.74+0.10 | 5.68+0.13

The best results are highlighted in bold and the second best are underlined.

Among all the baselines, the naive baselines (Mean and OLS) perform the worst in all conditions,
demonstrating that simply using the average volume level or a polynomial regression model is
not enough to depict the ITE distribution. The POI prediction methods (PRIM and DeepR) achieve
relatively better performance, and even attain some second-best performances on NYC dataset,
with the spatial awareness of POIs captured by the devised GNNs. However, as each hyperedge is
expanded into a fully connected graph, the expression power of the geographical agglomeration is
weakened. Besides, the implicit interaction between the treatments and the POIs is poorly modeled.
Within the causal effect estimation methods, CFR and the original version of HyperSCI show
unsatisfying performance despite the counterfactual inference ability. The main reason is that they
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are originally designed for the binary treatment setting, and could become overwhelmed when
encountering so many treatments, as demonstrated in our problem. By modeling the treatments as
representations, baselines like SIN, BART, and GraphITE can deal with the multi-treatment setting
and thus perform relatively more promising. Nevertheless, without incorporating geographical
information, which is beneficial to spatial prediction, the performance of these methods is not as
good as CARE. As an upgraded version of HyperSCI, the power of HyperSCI(HSIC) in handling
multiple treatments is unleashed with HSIC regularization. Owing to the ability to learn the
spatial agglomeration and spillover effects through standard HyperGNN, it achieves competitive
performance among the baselines. However, it is not qualified to cope with the isolated hyperedges
on the spatial agglomeration hypergraph and the entangled confounding bias. In CARE, we design
SIDN to smoothly diffuse the spatial interference based on the agglomeration hypergraph and
DPE to accomplish the disentanglement of geographical and inherent propensities. Therefore,
the performance of CARE is greatly improved on all metrics and all datasets with satisfactory
margins.

5.3 Ablation Study

To evaluate the effectiveness of different modules, we compare CARE with its different variants:
(1) CARE-T removes the treatment injection and only spatially propagates the hyperedge repre-
sentations, so the spatial diffusion of interference is eliminated. (2) CARE-P removes the spatial
propagation process while keeping the treatment injection. As a result, there will be no information
sharing among hyperedges. (3) CARE-I removes the environment representation learned by SIDN,
such that the spatial interference based on the agglomeration is neglected. (4) CARE-D removes the
disentanglement in the propensity estimator, which only uses a random negative sampling strategy
to learn the propensity representation. (5) CARE-R removes the random negative sampler from the
propensity estimator, only retaining two disentangled samplers.

As can be seen from Figure 5, CARE shows enhanced performance over a majority of the variants,
proving the critical roles of our designs in estimating the ITE of AOIs on POIs. Specifically, the
performance degrades if we remove the treatment injection (CARE-T), which indicates that the
indirect treatment effect does deserve careful management. Besides, CARE outperforms CARE-P
in most cases, showing that explicitly modeling geographical distance among AOIs and POIs can
boost the diffusion of spatial interference. Also, the performance experiences a decrease when the
environment representation, which captures spatial interference, is not included (CARE-I), providing
further evidence of the advantages of incorporating the agglomeration spillover effects for predicting
the ITE. In addition, removing the disentanglement learning of propensity estimator (CARE-D) also
results in performance decline, which verifies that the propensity entanglement of spatiality and
functionality could restrict the ITE estimation of spatial objects. Finally, eliminating the random
negative sampler in DPE (CARE-R) leads to the deterioration in performance, underscoring the
essential role of such a design in regularizing disentangled propensity learning.

5.4 Parameter Sensitivity Analysis
Figure 6 presents the parameter sensitivity analysis of CARE on two datasets.

The Number of Steps N for Optimizing L. We analyze how the number of steps for optimizing £
affects the performance by varying N from 1 to 5. As shown in Figure 6(a), (d), and (g), utilizing
a too small value for N leads to an increase in errors, while a relatively large value for N results

in poorer performance. When N grows, the optimization frequency of the propensity estimator
decreases during the alternative optimization process. Too frequent optimization of propensity
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Fig. 6. Parameter sensitivity analysis on three datasets (x = 0.5).

could disturb the primary optimization objective, while the opposite could lead to poor elimination
of the confounding bias. Therefore, it is beneficial to find a tradeoff of the value for N.

The Distance Threshold p® for the Spatial Propagation. To further probe the impact of the distance
threshold p° in the treatment-injected spatial propagation of SIDN, we vary p* from 1km to 5km on
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Table 4. Contribution of Two Training Stages (k = 0.5)

Shanghai Chengdu NYC
VEPEHE €ATE VEPEHE €EATE VEPEHE €ATE

Only Stage 1 16.14+003  10.60+0.04 | 16.51+0.04  10.94x0.05 | 4.16+0.03  3.06+0.02
Only Stage 2 16.98+0.17  10.16x0.20 | 17.84x0.65  9.75%034 | 4.07x0.15  2.90+0.17
Stage 1and 2 | 14.76x0.22  8.27:0.22 | 14.67+0.09 8.02+0.18 | 3.96+0.09 2.75:x0.11

Training stage

The best results are highlighted in bold and the second best are underlined.

both datasets. As illustrated in Figure 6(b), (e), and (h), the performance remains stable on Shanghai
and NYC dataset while fluctuating over a reasonable range on Chengdu dataset. This variability
on Chengdu dataset may be attributed to the unique spatial distribution of its aggregation areas,
where business circles are predominantly aligned along the city’s urban axis. Besides, we can also
observe that a large distance threshold (e.g., 5 km) generally produces slightly worse performance
on the Chengdu dataset. This is because a large threshold could weaken the discriminative ability of
the spatial propagation as more and more members are involved in the closeness set (Equation (9)).
Although a larger threshold does not adversely affect performance on Shanghai and NYC datasets,
it is still not advisable as it may lead to computational inefficiency by overextending the closeness
set. Thus, a proper p°® could bring performance and efficiency improvements.

The Grid Size Ad. We also investigate the influence of the size of the grid that determines
the division of urban regions by varying Ad from 1km to 5km. Figure 6(c), (f), and (i) show that
the performance generally reaches its peak at a grid size of 3 km X 3 km. On the one hand, with the
increase in grid size, the receptive field regarding geography within the control group expands,
as neighboring independent POIs could receive the same treatment. On the other hand, larger
granularity is not always good, as it may jeopardize the spatial discrimination of treatments
concerning the control group.

5.5 Contribution of Two Training Stages

To further validate the effectiveness of the two-stage training strategy, we compare the perfor-
mance of CARE against its single-stage variants, each omitting one of the two stages described
in Section 4.5. The results are presented in Table 4. As shown, the two-stage training consistently
outperforms its single-stage counterparts, confirming its advantage in disentangling confounding
effects. Specifically, removing Stage 1 prevents the model from properly estimating the condi-
tional mean outcome, leading to inferior performance. Conversely, omitting Stage 2 results in
entanglement between treatment and outcome, which undermines the accuracy of ITE estimation.

5.6 Temporal Dynamics Analysis

We further investigate the fine-grained temporal dynamics captured by CARE on the Shanghai
and Chengdu datasets. Specifically, we divide the data into weekdays and weekends, and compare
the performance of CARE against several competitive baselines. The results are presented in Fig-
ure 7(a) and (b). As illustrated, CARE consistently outperforms the baselines across both datasets,
demonstrating its ability to accurately estimate treatment effects under varying temporal condi-
tions, thereby confirming its robustness and generalization capability. In addition, we compute the
proportion of the agglomeration effect on POIs relative to the total check-in volume for weekdays
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Fig. 7. Detailed performance analysis on weekdays and weekends for the Shanghai and Chengdu datasets.

Table 5. Efficiency Comparison across the Three Datasets

Methods Training time (s) Inference time (s)
Shanghai | Chengdu ‘ NYC Shanghai | Chengdu ‘ NYC
DeepR 96.284 65.526 6.343 1.261 1.064 0.095
GraphITE 99.449 77.607 22.301 0.336 0.339 0.018
HyperSCI(HSIC) 94.021 36.559 9.143 0.418 0.416 0.048
PRIM 66.032 47.359 7.381 0.923 0.925 0.058
SIN 1.094/0.515 | 0.845/0.442 | 0.068/0.197 0.080 0.077 0.021
CARE 0.339/5.999 | 0.275/0.660 | 0.030/1.052 0.434 0.148 0.052

Training times for different stages are reported separately if multiple stages are required.

and weekends, as shown in Figure 7(c). The results reveal that the agglomeration effect is more pro-
nounced during weekends, which aligns with the intuitive observation that agglomeration areas tend
to attract more visitors on weekends, when people are more inclined to engage in leisure activities.

5.7 Efficiency Comparison

To assess efficiency, we present the results of our proposed CARE framework and comparable
baselines in terms of the training time and inference time in Table 5, standing for the offline training
efficiency and deployed ITE estimation efficiency, respectively. The training time is measured as
the average duration of one epoch, while the inference time refers to the processing time to obtain
estimated ITE results with the inference batch size of 1.

It is evident that DeepR, GraphITE, HyperSCI(HSIC), and PRIM exhibit lower efficiency in terms
of time consumption due to the computational requirements of the HSIC regularization term, which
consumes significant time and cannot be accelerated by GPU. SIN, on the other hand, is the most
efficient baseline, as it removes the computationally intensive HSIC regularization component and
adopts a lighter two-stage training strategy to mitigate confounding factors. However, it comes
at the expense of sub-optimal performance in estimating the ITE. As for our CARE framework, it
takes slightly longer times than SIN due to the incorporation of spatial interference modeling and
the negative sampling process. However, CARE achieves the best overall performance, making this
modest increase in computational cost justifiable. This is especially notable when contrasted with
baselines such as HyperSCI(HSIC), which exhibit significantly higher computational overhead yet
deliver subpar performance.

ACM Transactions on Knowledge Discovery from Data, Vol. 20, No. 3, Article 46. Publication date: March 2026.



How Business Agglomeration Affects Individual Points-of-Interest 46:25

Kt
(c) GraphITE

= B

-

A
SIC)
Ao

(a) CARE
5 b ape
&

HyperSCI(H
I N

p 2
3

(d) SIN (e) DeepR : (f) BART \

Fig. 8. The visualization of the ITE proportion inference by different methods.

5.8 Visualization Analysis

To intuitively demonstrate the superiority of CARE in inferring the agglomeration effect on POIs,
we visualize the ITE proportion predicted by CARE and some competitive baselines for each
affiliated POI in the Shanghai test set. The results are shown in Figure 8 and deeper color means
the agglomeration area has a more significant effect on the POI's check-in volume. As can be
observed, CARE has distinguished several agglomerations that have a potentially high effect, while
the baseline seems to predict the ITEs all over the city evenly.

6 Conclusion and Future Work

In this article, we studied the business agglomeration effect by quantifying the contribution of the
agglomeration effect to the check-in volume at POIs. We formulate the problem as a causal effect
estimation task and introduce a causal framework, namely CARE. This framework is designed to
partial out the entangled confounding variables and accurately identify the agglomeration effect
while accounting for the interference that is spatially diffused among POIs. Along this line, we
devised a SIDN to capture spatial interference by spreading the treatment effect on a dedicated
agglomeration hypergraph. Then, the DPE was proposed to unravel the propensity into geographical
and inherent aspects by a triple-view negative sampling strategy. After that, the agglomeration
effect was estimated on top of the neural Robinson decomposition. Extensive experiments on three
real-world datasets demonstrated the effectiveness and the universality of the proposed approach.
In future work, we aim to incorporate more complex factors that may influence POI check-in
volumes, such as weather conditions, traffic patterns, and population density, to gain a deeper
understanding of check-in behavior.
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