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Abstract
Spatial labeling assigns labels to specific spatial lo-
cations to characterize their spatial properties and
relationships, with broad applications in scientific
research and practice. Measuring the similarity be-
tween two spatial labelings is essential for under-
standing their differences and the contributing fac-
tors, such as changes in location properties or la-
beling methods. An adequate and unbiased mea-
surement of spatial labeling similarity should con-
sider the number of matched labels (label agree-
ment), the topology of spatial label distribution,
and the heterogeneous impacts of mismatched la-
bels. However, existing methods often fail to ac-
count for all these aspects. To address this gap,
we propose a methodological framework to guide
the development of methods that meet these re-
quirements. Given two spatial labelings, the frame-
work transforms them into graphs based on loca-
tion organization, labels, and attributes (e.g., loca-
tion significance). The distributions of their graph
attributes are then extracted, enabling an efficient
computation of distributional discrepancy to re-
flect the dissimilarity level between the two label-
ings. We further provide a concrete implemen-
tation of this framework, termed Spatial Labeling
Analogy Metric (SLAM), along with an analysis
of its theoretical foundation, for evaluating spa-
tial labeling results in spatial transcriptomics (ST)
as per their similarity with ground truth labeling.
Through a series of carefully designed experimen-
tal cases involving both simulated and real ST data,
we demonstrate that SLAM provides a comprehen-
sive and accurate reflection of labeling quality com-
pared to other well-established evaluation metrics.
Our code is available at https://github.com/YihDu/
SLAM.

*Corresponding author.

1 Introduction
One of the most puzzling questions in the U.S. in 2024 is who,
Trump or Harris, will step into the president office. The an-
swer to this question may be explored through labeling each
state’s preference for Democrats (blue) or Republicans (red)
on the election poll map before the Election Day and com-
pare its similarity to those from 2016 and 2020 (Figure 1a).
If it more closely resembles the 2020 map, Harris is likely
favored; otherwise, Trump may prevail. This scenario exem-
plifies the task of spatial labeling and its similarity measure-
ment. More formally, spatial labeling involves assigning la-
bels to specific spatial locations (a.k.a. spatial spots) through
manual assignment, spatial classification, or clustering algo-
rithms. For instance, in pathological analysis, spatial cluster-
ing methods assign group labels to fixed spatial spots across
a tissue section[Xu et al., 2024a], dissecting it into biolog-
ically distinct domains (Figure 1b) based on spot-wise gene
expression profiles detected by spatial transcriptomics (ST)
technologies[Dries et al., 2021]. Similarly, in epidemiolog-
ical analysis of influenza at specified geographical locations
[Wang et al., 2019], the primary influenza type at each loca-
tion serves as its spatial label.

In scientific research, it is common to compare two spatial
labelings of identical locations by measuring their similarity.
For example, evaluating the effectiveness of ST classification
and clustering methods requires comparing spatially labeled
tissue section with the ground truth labeling[Xu et al., 2024b]
(Figure 1b). Measuring similarity between spatial labels of
major influenza types over time can estimate the virus’ evo-
lutionary trend and rate. Therefore, adequate measurement
of spatial labeling similarity facilitates the knowledge discov-
ery and data mining from spatial data, which should consider
three aspects: label agreement, spatial label distribution, and
the severity of mismatched labels. Label agreement refers
to the total number of matched labels. Spatial label distri-
bution concerns the consistency in topological structures be-
tween two spatial labelings, implying that similarity can vary
with spatial organization of matches and mismatches. Mis-
match severity highlights the heterogeneity in mismatches’
impact on overall similarity. Using faked election poll maps
as an illustration (Figure 1c), label agreement indicates the
number of states favoring the same party in both maps. The
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Figure 1: Spatial labeling and its similarity measurement. a, Label each state’s favoring for the two parties on the poll map and compare the
current map to historical ones. b, ST measures gene expression profiles at spots across a tissue section. Spatial labeling method assigns labels
to spots to represent underlying biological domains. c, Three aspects in measuring spatial labeling similarity.

impact of spatial label distribution can be seen in the dissim-
ilarity between a horizontally split map (northern states for
Democrats versus southern states for Republicans) and a ver-
tically split map (eastern states for Democrats versus western
states for Republicans). Mismatch severity means that differ-
ing in Alaska’s color (3 electoral votes) is less significant than
differing in California’s color (55 electoral votes).

Existing methods for evaluating spatial labeling similar-
ity can be broadly divided into two categories. The first fo-
cuses on label agreement and includes two types of meth-
ods designed for labels generated in classification and clus-
tering tasks, referred to as supervised and unsupervised, re-
spectively. Mathematically, assume that we have two spa-
tial labeling results over n spots: R1 = {r : r ∈ L1 =
{a1, a2, ..ak}}n and R2 = {r : r ∈ L2 = {b1, b2, ..bk′}}n,
where L1 and L2 represent their respective label space. Su-
pervised methods, applicable when the two label spaces are
identical (i.e., L1 ≡ L2), include accuracy, precision, re-
call, and F1 score. Unsupervised methods, used when L1 ̸≡
L2 (e.g., cluster labels assigned by clustering method ver-
sus ground truth labels), include the Adjusted Rand Index
(ARI) [Rand, 1971], Normalized Mutual Information (NMI)
[Cover, 1999], Jaccard Score [Jolliffe and Stephenson, 2012],
V-measure [Rosenberg and Hirschberg, 2007], and Fowlkes-
Mallows Index (FMI) [Halkidi et al., 2001]. They typically
work by counting agreements and disagreements between
pairwise spot labels. However, a significant limitation of both
supervised and unsupervised methods is that they treat spatial
spots independently, overlooking their spatial relationships.
Consequently, they can incorrectly regard two spatial label-
ing results with distinct topological organizations as having
high similarity. The second category comprises statistical
tests like the Weisfeiler-Lehman (WL) test [Huang and Vil-
lar, 2021] and the permutation test [Welch, 1990], which are
purposed for determining statistical significance of similarity
without quantifying similarity level, rendering them unsuit-
able for this study.

Additionally, both categories treat mismatched labels
equally, which, however, can differently impact the label-

ing similarity in practice. However, this limitation cannot be
trivially addressed by assigning weights to spots because the
spatial position of mismatched labels also matters. For ex-
ample, in the electoral map example, Georgia and Michigan
have identical weights (16 votes). However, Georgia’s shift
from red to blue holds more significance due to its geograph-
ical connection to other red states, signaling potential politi-
cal disunity. These limitations collectively restrict the use of
these methods to obtain a comprehensive, sensible, and unbi-
ased result.

To address these limitations, we propose a methodological
framework for measuring spatial labeling similarity, account-
ing for label agreement, spatial label distribution, and mis-
matching severity. The framework’s workflow comprises four
steps (Figure 2): Initially, if the two spatial labelings have dif-
ferent label spaces, they are matched to a common one using a
matching function (Step I). Next, we construct a basic graph,
where each spot is represented by a node positioned accord-
ing to its location, with spot attributes (e.g., gene expression
level) serving as node attribute. Edge types and weights are
set based on the labels and attributes of the connecting nodes
using a graph edit function, thereby incorporating the label
matching degree and mismatching severity (Step II). In Step
III, the distribution of graph attributes is estimated using an
attribute extracting function. The dissimilarity of two spatial
labelings is then represented by the expected discrepancy be-
tween their graph attribute distributions using a discrepancy
function(Step IV). To demonstrate the efficacy of this frame-
work, we implement it as Spatial Labeling Analogy Metric
(SLAM), a novel metric for evaluating the quality of spatial
labeling results and test it using both simulated and real ST
data. Our main contributions include:
• Methodological Framework and Implementation. We

propose a methodological framework for developing com-
prehensive and unbiased methods for measuring spatial la-
beling similarity, addressing label agreement, spatial la-
bel distribution, and mismatching severity which existing
methods fail to achieve simultaneously. We further imple-
ment the framework as SLAM, an innovative spatial label-
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ing evaluation metric, along with an analysis for its theo-
retical foundation (Appendix A.2 and A.3).

• Experimental Validation. Through deliberately designed
experimental scenarios, we demonstrate that the evaluation
outcomes using SLAM provide the most accurate reflection
of the spatial labeling quality in ST, compared to existing
metrics.

2 Related Work
2.1 Label Matching-Based Methods
Labeling matching-based methods focus on the number of
matched and mismatched labels between two spatial label-
ings, and can be divided into two categories which we refer
to as supervised or unsupervised. Supervised methods re-
quire that two spatial labelings share the same label space,
as explained in the Introduction section. Prevalent supervised
methods include accuracy, precision, recall, and F1 score. In
these methods, one spatial labeling is treated as the reference,
and mismatched labels in the other labeling are considered
errors to calculate the corresponding metrics. Unsupervised
methods, on the other hand, do not require matched label
space, instead emphasizing pairwise label agreement. That is,
two locations agree if they either share the same label or not in
both spatial labeling results. Common unsupervised methods
include ARI, NMI, Jaccard Score, V-measure, and FMI. The
ARI is an improved version of Rand index (RI), which cal-
culates the ratio of location pairs that consistently share label
or not to all possible location pairs in two spatial labelings.
NMI normalizes the mutual information between two spatial
labelings using their average entropies, accounting for dif-
ferent labeling dispersion degree and numbers, with a larger
value indicating greater similarity. V-measure is equivalent to
NMI, using arithmetic mean as the aggregation function. The
Jaccard Score is computed as the ratio of the intersection to
the union of the two sets of label pairs created from two spa-
tial labelings. FMI takes one spatial labeling as reference and
counts true positives (TPs), false positives (FPs), and false
negatives (FNs) based on label agreement between the two
spatial labelings. It is calculated as the geometric mean of
precision and recall from TPs, FPs, and FNs. While these
metrics highlight different aspects of the agreement between
the two spatial labelings, they all assume that locations are
equal and independent, overlooking spatial relationships and
varying significance among locations, thus leading to biased
evaluation results. The detailed calculation of these methods
can be found in Appendix F.

2.2 Statistical Test-Based Methods
Statistical test-based methods (e.g., WL test) typically in-
volve computing a statistic under the null hypothesis that the
two spatial labelings are independent and dissimilar. If the
observed statistic value significantly deviates from the ex-
pected value, we reject the null hypothesis and believe the two
spatial labeling are significantly more similar than expected
by chance. The major drawback of these methods lies in their
inability to quantify and compare similarity levels across la-
beling pairs, making them unsuitable for the objective of this
study.

3 Method
3.1 Methodological Framework
Let Y (1) ∈ {a1 · · · , aK1

}n and Ŷ (2) ∈ {b2, · · · , bK2
}n de-

note the label vectors of the two spatial labelings to be com-
pared, where K1 and K2 are the total numbers of distinct
labels in Y (1) and Ŷ (2), respectively. If Y (1) and Ŷ (2) are in
distinct label space (e.g., K1 ̸= K2), Ŷ (2) is mapped to the
space of Y (1) using a matching function M : bv → au:

Y (2) = M(Ŷ (2), Y (1)). (1)
Let Gs(V,Es) represent the basic graph in Step II, where V

represents the set of nodes and Es ∈ {1, 0}|ES | the set of
edges. Given a spatial labeling result, its specific graph is
constructed using a graph attribute editing function G, which
incorporates the label distribution and, if available, spot at-
tributes X ∈ R|V |×d, where d denotes the attribute dimen-
sion:
G(∗)(V,E(∗),W (∗)) = G(X,Y (∗), Gs), where ∗ ∈ {1, 2}.

(2)
Here, W (∗) ∈ R|E(∗)| denotes the set of edge weights com-

puted as per node labels (and attributes). The similarity be-
tween the two spatial labelings is estimated by comparing
their graph attribute distributions, Z(1) and Z(2), obtained us-
ing an attribute extraction function T :

Z(∗) ∈ RP = T (G(∗)), where ∗ ∈ {1, 2}. (3)
The distributional discrepancy between Z(1) and Z(2) is

computed using a discrepancy function D : RP → R:
d = D(Z(1), Z(2)). (4)

Here, d is a discrepancy score, where a lower value indicates
higher similarity between the two spatial labelings. Note that
there are multiple choices for M, G, T , and D as per the
specific context. For example, M can be the Hungarian algo-
rithm [Mills-Tettey et al., 2007] or kernel-based probability
density methods [Brbić et al., 2020]; ;T can be functions for
calculating graph coefficients [Watts and Strogatz, 1998] or
Laplacian spectrum [Chung, 1997]; while D can be functions
for calculating the maximum-mean discrepancy [Gretton et
al., 2012] or Wasserstein distance [Rabin et al., 2012]. In
the following sections, we will give an implementation of our
framework for evaluating the spatial labeling results using ST
data as an example.

3.2 Application: Evaluating Spatial Labeling
Result in Spatial Transcriptomics with SLAM

A common application that involves measuring spatial la-
beling similarity is the evaluation of spatial labeling result
against ground truth labeling. To this end, we implement our
framework as SLAM and test it using ST data. Spatial la-
beling in ST involves assigning spot labels, representing bio-
logically distinct tissue domains, based on their locations and
gene expression profiles. Specifically, an ST dataset is repre-
sented as X ∈ Rn×g , where n is the number of spots across
the tissue section, g is the number of genes, and xi,j denotes
gene j’s expression at location i. We define the ground truth
labels as Y (0) ∈ {1, 2, · · · ,K}n and a spatial labeling result
as Ŷ (1) ∈ {a1, a2..aK1}n, contains K1 groups.
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Figure 2: Overview of the methodological framework.

Label matching
We implement the M function in Equation (1) to match Ŷ (1)

with Y (0):

Y (1) = M(Ŷ (1), Y (0)), (5)
where Y (1) ∈ {1, 2, · · · ,K}n is the post-matching labels.

M denotes our label matching function. Here, we propose
a Jaccard coefficient-based matching algorithm as M, which
can work even if K1 ̸= K (see Appendix A.1 for details).

Constructing basic spatial graph
Given a ST dataset, the basic spatial graph Gs(V,Es) is con-
structed with the node set V comprising its spatial spots.
In ST data such as 10x Visium, spots are typically ar-
ranged on a hexagonal grid covering the tissue slice. Thus,
their spatial relationship can be naturally modeled using a
mutual k-nearest neighbor graph([Dong and Zhang, 2022;
Zong et al., 2022]), where the edge set Es is defined as:
Es := {(u, v)|u ∈ Nk(v) and v ∈ Nk(u), ∀u, v ∈ V }, (6)

where Nk(v) denotes the k-nearest neighbor set of node v.
We also define a function I(u, v) : (u, v) 7→ {1, 2, · · · , |Es|}
that maps connected node pairs to edge indices.

Constructing label-conditional attributed graph
We generate labeling-specific graph G(i), i ∈ {0, 1}, condi-
tional on Gs, node labels Y (i), and gene expression profiles
X using a graph attribute edit function G:

G(i)(V,E(i),W (i)) = G(Y (i), Gs, X). (7)

Here, the types of edge E(i) are defined as:

type(E
(i)
I(u,v)) =

{
t, if y(i)u = y

(i)
v = t,

0, otherwise.
, ∀(u, v) ∈ Es,

(8)
where t ∈ {1, · · · ,K}. Additionally, W (i) ∈ R|E(i)| is intro-
duced to account for severity variations across mislabel types.
For example, a pair of similar spots of the same type should
be penalized more if they are assigned distinct labels, while a
pair of dissimilar spots of different types should be penalized
more if they are assigned the same label. Then, we have:

W
(i)
I(u,v) =

{
1− Sim(xu, xv), if type(E(0)

I(u,v)) = 0,

Sim(xu, xv), if type(E(0)
I(u,v)) ̸= 0

, ∀(u, v) ∈ Es,

(9)
where xu, xv ∼ Rg ∈ X . Sim(xu, xv) is a function measur-
ing the similarity between attributes of nodes u and v.

Extracting graph attribute distribution
Due to the randomness inherent to spatial labeling method,
the observed annotation result Y (i) merely represents a sam-
ple from an unknown underlying distribution f (i). There-
fore, we aim to estimate f (i) given the label-conditional at-
tributed graph G(i)(V,E(i),W (i)). Formally, we extract edge
attributes using the function T in Equation (3), which is a
one-hot encoding function here:

z
(i)
r,k = T (E(i)

r ) =

{
1, if type(E(i)

r ) = k,

0, otherwise.
,

∀k ∈ {1, · · · ,K}, ∀r ∈ {1, 2, . . . , |E(i)|}

(10)

The edge attribute matrix of G(i) can be represented as
Z(i) := [z

(i)
1 , ..., z

(i)

|E(i)|]
T ∈ {0, 1}|E(i)|×K , where z

(i)
r :=

[z
(i)
r,1, ..., z

(i)
r,K ]T . Z(i) is then adjusted with the edge weight

matrix Ŵ (i) := [vec(W (i))]K ∈ R|E(i)|×K to account for
mismatch severity:

Z(i) = Z(i) ⊙ Ŵ (i). (11)
The density f (i) of edge attribute distribution Z(i) is then es-
timated using a Gaussian kernel density estimator K:

f (i)(x) =
1

|E(i)| × hK

|E(i)|∑
r=1

K(
x− z

(i)
r

h
), (12)

where h is the bandwidth for which a sensitivity analysis is
also conducted in Appendix E.

Computing the discrepancy between graph attribute
distributions
We implement the discrepancy function D in Equation (4) as
a composite function of a sliced Wasserstein distance function
W , a symmetric positive definite exponential kernel func-
tion Ξ, and a maximum-mean discrepancy (MMD) function
∆. The sliced Wasserstein distance function measures the
discrepancy between two sample distributions of graph at-
tributes. Since the calculation of one-dimensional Wasser-
stein distance has closed-form solution, sliced Wasserstein
distance greatly improves the computational efficiency for
multivariates [Bonneel et al., 2015], which is also empirically
validated in our complexity analysis in Appendix D. The ker-
nel function Ξ ◦ W2 is a symmetric positive definite kernel

Preprint – IJCAI 2025: This is the accepted version made available for conference attendees.
Do not cite. The final version will appear in the IJCAI 2025 proceedings.



Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t
Pre

prin
t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t
Pre

prin
t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t
Pre

prin
t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t
Pre

prin
t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t
Pre

prin
t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t
Pre

prin
t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t

Pre
prin

t

and captures higher-order moments of distributional discrep-
ancy in a uniquely-induced reproducing kernel Hilbert space
(RKHS), for which we provide a detailed mathematical proof
in Appendix A.2 and A.3. In this uniquely-induced RKHS,
the MMD function ∆ computes the expected discrepancy be-
tween the two underlying graph attribute distributions. Put
together, we have D := (∆2 ◦ Ξ ◦W2) and compute the dis-
crepancy between the underlying graph attribute distributions
of the clustering result, f (1), and the ground truth, f (0), as d
[Gretton et al., 2012]:

d ∈ [0, 2] = (∆2 ◦ Ξ ◦W2)[f (0)||f (1)] = Ex,x′∼f(0) [Ξ(W2(x, x′))]

+ Ey,y′∼f(1) [Ξ(W2(y, y′))]− 2Ex∼f(0),y∼f(1) [Ξ(W2(x, y))],
(13)

where x, y ∈ RK . d is then reduced to:

d =

1

n2
0

n0∑
i=1

n0∑
i′=i+1

Ξ(W2(xi, xi′)) +
1

n2
1

n1∑
j=1

n1∑
j′=j+1

Ξ(W2(yj , yj′))

− 2

n0n1

n0∑
i=1

n1∑
j=1

Ξ(W2(xi, yj)),

(14)
Ξ(W2((xi, xi′)) = exp

(
−γW2(xi, xi′)

)
, γ > 0 (15)

where n0 and n1 represent the number of sampled distribu-
tions from f (0) and f (1), respectively.

4 Experimental Design
We design seven experimental cases in which a variety of spa-
tial labeling results of simulated and real ST datasets are eval-
uated using SLAM and fourteen benchmark metrics.

4.1 Experimental Cases
Label Agreement Degree. Case I: Topologically identical
spatial labelings with different numbers of mislabels. An
effective evaluation metric should reflect the quality change
in spatial labeling due to an altered number of mislabels,
even when the topological structure of the labels remains un-
changed. Case II: Increased number of mislabels (Appendix
C).
Consistency in Spatial Label Distribution. Case III: Mis-
labels at the center versus periphery. In the ground truth la-
beling of a tissue section in ST, spots at domain center are typ-
ically more definitive in their types than those at the domain
periphery. Therefore, mislabeling domain center spots repre-
sents a more severe error with greater dissimilarity with the
ground truth, which should be reflected by an effective evalu-
ation metric. Case IV: Aggregated versus dispersed mislabels
(Appendix C).
Mislabeling Severity. Case V: False positive mislabels
versus false negative mislabels. In clinical diagnosis, false
negatives (mislabeling a diseased spot as normal) are more
serious than false positive (mislabeling a normal spot as dis-
eased), leading to lower labeling quality. Thus, the evalu-
ation metric should account for this asymmetry. Case VI:
Mislabels with varying similarity to true labels.Mislabeling

a spot to a biologically similar type (e.g., similar in gene ex-
pression profiles) is more acceptable than mislabeling it to a
biologically distinct type. The evaluation metric should give
a quality score consistent with this error severity gap.

Evaluating Spatial Labeling Using Real Spatial
Transcriptomics Data
Case VII: Evaluating spatial labelings in a human breast
cancer tissue section. To evaluate SLAM’s effectiveness
in practice, three unsupervised methods, including GraphST
[Long et al., 2023], SpaGCN [Hu et al., 2021], and STA-
GATE [Dong and Zhang, 2022], are employed to label a com-
plex breast cancer tissue section(10x-hBC-A1). SLAM eval-
uates these labeling results by measuring their similarity to
the expert-curated ground truth labels.

4.2 Experimental Settings
Data preparation. To simplify experimental evaluation
and result interpretation, we use NetworkX [Hagberg et al.,
2008] to simulate the graph structures of spatial labeling re-
sults and the ground truth for all simulated cases, mimicking
potential results encountered in the analysis of ST data from
disease tissues.

To increase the reality of our simulated data, we use a hu-
man breast cancer 10x Visium dataset (10x-hBC-H) to match
real spots to graph nodes and use real spatial gene expression
to compute node similarity. For Case VI, we select 10 spots
from each of the breast glands, adipose, and cancer regions in
the human breast cancer 10x Visium dataset (10x-hBC-H1).
In Case VII, where real spatial clustering results are obtained
by applying real spatial clustering methods to the 10x-hBC-
A1 dataset, we follow the workflow guides provided in the
original studies.
Benchmark methods. In each experimental case, we use
the evaluation metrics suggested by [Yuan et al., 2024] as
benchmarks. These include the supervised metrics (accuracy,
precision, recall, and F1 score) and the unsupervised metrics
(ARI, NMI, Jaccard Score, V-measure, and FMI) described
in Section 2.1. Additionally, we include five internal met-
rics, which differ from SLAM and other benchmark metrics
in that they do not compare the spatial labeling results with
the ground truth. Instead, they evaluate the results internally
based on same-label cohesion and distinct-label separation.
Their inclusion ensures the comprehensiveness of our bench-
marks. The calculations, ranges, and directions of all these
metrics are detailed in Appendix F and Appendix G.
Evaluating SLAM and benchmark methods. We evalu-
ate SLAM and benchmark methods from two perspectives:
consistency and sensitivity. Consistency means that changes
in output values should align with changes in spatial label-
ing quality. Sensitivity refers to the method’s ability to re-
flect changes in spatial labeling quality. To achieve this, we
design a Q coefficient, where a large positive value indicates
that the corresponding metric is both consistent (positiveness)
and sensitive (large value change) to changes in spatial label-
ing quality. Refer to Appendix B for details.

5 Results
Results of case II and IV are put in Appendix C.
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5.1 Label Agreement Degree
SLAM captures mislabel-induced quality change between
topologically identical spatial labelings (Case I). We sim-
ulate a dataset of 36 type A spots. Spatial labeling I mislabels
24 type A spots as type B spots on the right side, while spa-
tial labeling II mislabels 12 type A spots as type B spots on
the left side (Figure 3). Despite sharing the same topolog-
ical structure without considering label types, spatial label-
ing I and II exhibit different mislabel quantities. As a result,
all internal metrics remain unchanged between the two label-
ings, failing to reflect the labeling quality difference due to
the number of mislabels (Section 5.1). Conversely, SLAM,
along with the supervised and unsupervised metrics, which
are sensitive to the number of mislabels, correctly demon-
strate the superiority of spatial labeling II over spatial label-
ing I. These results indicate SLAM’s effectiveness in detect-
ing mislabel-induced changes in result’s similarity with the
ground truth.

Figure 3: Case I. SLAM reflects the difference in similarity to the
ground truth labeling between two spatial labelings that have the
same topological structure but differ in the number of mislabels.

5.2 Consistency in Spatial Label distribution
SLAM differentiates mislabels at core versus periphery
regions (Case III). In pathological diagnosis, tumor core
region encompasses more definitive tumor spots, whereas the
tumor edge region includes plausible tumor spots that resem-
ble adjacent normal tissues. Consequently, mislabeling tumor
spots as normal in the core region is more severe and dissim-
ilar to the ground truth compared to mislabeling those at the
tumor edge. In this case, we simulate a dataset of 30 spots,
with 15 circles and 15 squares representing tumor and normal
spots, respectively. As shown in Figure 4, three tumor core
spots are mislabeled in spatial labeling I, while three tumor
edge spots are mislabeled in spatial labeling II. All supervised
and unsupervised benchmark metrics demonstrate unchanged
scores for the two labelings due to their insensitivity to the
topological change of labels (Section 5.1). In contrast, SLAM
and the five internal metrics exhibit a positive Q coefficient,
indicating their ability to correctly capture the quality gap be-
tween the two spatial labelings due to changes in mislabeling
locations.

5.3 Mislabeling Severity
SLAM differentiates false positive and false negative er-
rors (Case V). As explained in Section 4.1, false negatives
(FNs) represent a more severe error than false positives (FPs)
in clinical setting. This severity gap results in a difference
in similarity with the ground truth labeling. Here, we as-
sess whether SLAM and the benchmark metrics can capture

Figure 4: Case III. In the ground truth, circles represent tumor spots
and squares represent normal spots. The color bar indicates the cer-
tainty of being a tumor, with the leftmost color corresponding to
normal spots and the rightmost color to affirmative tumor spots.

this similarity difference. Specifically, we simulate 15 nor-
mal spots and 15 cancer spots in the ground truth labeling.
Spatial labeling I includes six FNs, while spatial labeling II
includes six FPs (Figure 5). The FPs and FNs are symmetri-
cally distributed in the two labelings to eliminate topological
variations. Section 5.1 shows that all benchmark metrics have
zero Q values, indicating their inability to capture the differ-
ence between the two labelings, as they focus solely on the
number of mislabelings or the topological structure, both of
which remain unchanged across the two labelings. In con-
trast, SLAM’s positive Q value indicates its ability to recog-
nize that the quality of spatial labeling I is inferior to that of
spatial labeling II. This is because SLAM’s edge weight func-
tion (Equation (11)) assigns larger weights to edges between
cancer spots, resulting in FNs being overweighted when mea-
suring similarity with the ground truth.

Figure 5: Case V. Triangles represent normal spots and circles rep-
resent cancer spots. The color bar indicates the error severity level,
with the leftmost color corresponding to error-free labels and the
rightmost color to the most severe errors.

SLAM differentiates mislabels with different similarities
to true labels (Case VI). In this case, the ground truth la-
beling comprises an equal number (10) of randomly selected
spots from the adipose, breast gland, and cancer regions in
the 10x-hBC-H dataset (Figure 6). Three adipose spots and
three cancer spots are mislabeled as breast gland spots in spa-
tial labeling I and II, respectively. The mislabel locations in
the two spatial labelings are mirror-symmetric, ensuring that
their label topological structure remains unchanged. Spots
from the breast gland and adipose regions are more similar in
gene expression, with an average normalized cosine similar-
ity of 0.791, compared to 0.673 between spots from the breast
gland and cancer tissues. Mislabeling breast gland spots as
adipose spots leads to a labeling more similar to the ground
truth than mislabeling them as cancer spots, thus a less severe
error. Since spatial labeling I and II have an equal number
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Case-ID SLAM Unsupervised External Unsupervised Internal Supervised
ARI NMI Jaccard Score FMI V-measure ASW CHAOS PAS CH Index DB Index Accuracy Precision Recall F1 score

Label agreement degree
I 0.257 0 N/A 0.166 0 N/A 0 0 0 0 0 0.333 N/A N/A N/A

Consistency in spatial label distribution
III 0.103 0 0 0 0 0 0.056 0.059 0.133 0.382 0.224 0 0 0 0
IV* 0.078 0 N/A 0 0 N/A 0.125 0.040 0.340 0.988 0.900 0 N/A N/A N/A

Mislabeling severity
V 0.110 0 0 0 0 0 0 0 0 0 0 0 0 0 0
VI 0.073 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Table 1: Q coefficient of SLAM and benchmark metrics in Cases I, III, IV*,V and VI(* See Appendix C). A positive Q value (in green)
indicates the evaluation metric faithfully reflects the labeling quality change. Otherwise, the value is indicated in red. N/A indicates that the
metric is not applicable. Only SLAM appropriately works for all cases.

Methods SLAM ↓ ARI↑ NMI ↑ Jaccard Score ↑ FMI ↑ V-measure ↑ ASW ↑ CHAOS ↓ PAS ↓ CH index ↑ DB index ↓
GraphST 1.002 0.121 0.219 0.195 0.531 0.219 -0.111 0.202 0.488 25.290 6.885
STAGATE 1.134 0.164 0.221 0.207 0.544 0.221 -0.104 0.191 0.390 28.506 3.226
SpaGCN 1.680 0.032 0.180 0.143 0.372 0.180 -0.085 0.240 0.775 7.224 12.880

Table 2: Evaluation of three unsupervised spatial labeling methods using Human Breast Cancer Dataset. The ranking of these methods are
indicated after their names, with deepblue, blue, lightblue colors corresponding to 1st, 2nd, and 3rd, respectively. (↑ / ↓: Higher/lower values
indicate better performance.)

of mislabels and identical topological structures, they differ
only in mislabeling severity, which should be reflected by the
evaluation metric. In Section 5.1, all metrics except SLAM
exhibit unchanged scores, as indicated by their zero Q val-
ues, due to their insensitivity to mislabeling severity. SLAM,
on the other hand, assigns edge weights based on the gene
similarity between spots, thereby effectively capturing the la-
beling quality variation induced by this type of mislabeling
severity.

Figure 6: Case VI. Triangles, circles, and squares represent adipose
spots, breast gland spots, and breast cancer spots, respectively. The
color bar indicates the similarity level in gene expressions with the
breast gland tissue.

5.4 Evaluating Spatial Labeling Results Using
Real Spatial Transcriptomics Data (Case VII)

We evaluate SLAM’s effectiveness in assessing spatial label-
ing results using a real human breast cancer dataset (slice
A1, 10x-hBC-A1)[Andersson et al., 2020]. Since most spa-
tial labeling methods for ST are unsupervised, we selected
three well-established spatial clustering methods—SpaGCN,
GraphST , and STAGATE —to generate spatial labeling re-
sults. As these methods are unsupervised, we include only
unsupervised and internal metrics as benchmarks. As shown
in Figure 7, the results of GraphST and STAGATE visually
resemble the ground truth more closely than that of SpaGCN.
A closer comparison reveals that GraphST outperforms STA-
GATE, particularly in terms of mismatch severity—compared

to GraphST, STAGATE generates significantly more FNs by
mislabeling invasive cancer spots as connective tissue within
the encircled region. Section 5.2 demonstrates that the un-
supervised and internal benchmarks (except ASW) correctly
reflect the inferior quality of SpaGCN compared to the other
two clustering methods. However, SLAM stands out as the
sole metric that identifies GraphST’s superiority over STA-
GATE. This is likely because SLAM concurrently considers
label agreement, spatial organization, and mismatch severity,
offering a more comprehensive and unbiased evaluation.

Figure 7: Case VII. Three real clustering results of 10x-hBC-A1
datasets. GraphST outperforms STAGATE within the encircled re-
gion.

6 Conclusion
We propose a methodological framework for measuring spa-
tial labeling similarity. By accounting for all aspects of la-
bel agreement, spatial label distribution, and mismatch sever-
ity, our framework addresses the limitations of existing meth-
ods and provides a guideline for developing comprehensive
and unbiased methods. Under this framework, we imple-
ment SLAM, a novel metric for evaluating spatial labeling
result in ST based on its similarity to the ground truth label-
ing. SLAM exemplifies a concrete implementation the frame-
work with detailed workflow steps. Through extensive care-
fully designed experimental cases involving both simulated
and real ST data, SLAM demonstrates its superiority in accu-
rately reflecting spatial labeling quality, highlighting the ef-
fectiveness of the proposed framework.
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