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Abstract 

Spatial transcriptomics (ST) provides unprecedented insights into gene expression patterns while 

retaining spatial context, making it a valuable tool for understanding complex tissue 

architectures, such as those found in cancers. Seurat, by far the most popular tool for analyzing 

ST data, uses the Wilcoxon rank-sum test by default for differential expression analysis. 

However, as a nonparametric method that disregards spatial correlations, the Wilcoxon test can 

lead to inflated false positive rates and misleading findings. This limitation highlights the need 

for a more robust statistical approach that effectively incorporates spatial correlations. To this 

end, we propose a Generalized Score Test (GST) in the Generalized Estimating Equations 

(GEEs) framework as a robust solution for differential gene expression analysis in ST. We 

conducted a comprehensive comparison of the GST with existing methods, including the 

Wilcoxon rank-sum test and the GEEs with the robust Wald test. By appropriately accounting for 

spatial correlations, extensive simulations showed that the GST demonstrated superior Type I 

error control and comparable power relative to other methods. Applications to ST datasets from 

breast and prostate cancer showed that the GST-identified differentially expressed genes were 

enriched in pathways directly implicated in cancer progression. In contrast, the Wilcoxon test-

identified genes were enriched in non-cancer pathways and produced substantial false positives, 

highlighting its limitations for spatially structured data. Our findings suggest that the GST 

approach is well-suited for ST data, offering more accurate identification of biologically relevant 

gene expression changes. We have implemented the proposed method in R package 

“SpatialGEE”, available on GitHub. 

Keywords: differential expression; GEE; generalized score test; spatial transcriptomics; 

Wilcoxon rank-sum test; Type I error. 
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Author Summary 

Spatial transcriptomics (ST) provides unprecedented insights into gene expression patterns while 

retaining spatial context, making it a valuable tool for studying complex tissue architectures and 

disease etiology. Seurat, a widely used software tool for analyzing ST data, relies on the 

Wilcoxon rank-sum test for differential expression analysis. However, this test ignores spatial 

correlations, leading to inflated false positive rates and misleading findings. This limitation 

highlights the need for a more robust statistical approach that effectively incorporates spatial 

correlations. To this end, we have proposed a Generalized Score Test (GST) in the Generalized 

Estimating Equations (GEEs) framework as a robust solution for differential gene expression 

analysis in ST. By appropriately accounting for spatial correlations, extensive simulations 

showed that the GST demonstrated superior false positive rate control and comparable power 

relative to other methods. Applications to ST datasets from breast and prostate cancer showed 

that GST identified cancer-related genes and pathways more accurately than the Wilcoxon test, 

which produced misleading results. We have implemented the proposed method in R package 

“SpatialGEE”, available on GitHub. 
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1. Introduction  

Spatial transcriptomics (ST) is an emerging high-throughput technology that can profile genome-

wide gene expression across different regions of a tissue by retaining the spatial context, 

providing crucial information about cellular function and intercellular interactions (Ståhl et al., 

2016; Svensson et al., 2018; Erickson et al., 2022; Tian et al., 2023; Jiang et al., 2024; Ma & 

Zhou, 2024; Shah et al., 2024).  A common task in ST data analysis involves identifying 

differentially expressed (DE) genes across pathological grades (e.g., between ductal carcinoma in 

situ and invasive carcinoma for breast cancer), which is critical for understanding the complex 

organization of tissues, as well as both normal development and disease pathology. Among the 

most used statistical tools applied for this purpose, the Wilcoxon rank-sum test (Wilcoxon, 1945) 

is often the default choice due to its computational simplicity and ease of implementation from 

popular software suites such as Seurat (Butler et al., 2018; Stuart et al., 2019; Hao et al., 2024). 

spatialGE, a recently developed software package, further extends ST data analyses by 

integrating statistical and spatial models for differential expression analysis (Ospina et al., 2022). 

In addition to implementing the Wilcoxon rank-sum test, spatialGE employs a linear mixed 

model (LMM) with an exponential spatial covariance structure to account for spatial correlations 

in ST gene expression data. Both Wilcoxon test and LMM have been used to detect DE genes in 

ST data, but no comprehensive comparison has been conducted to evaluate Type I error control, 

power, numerical stability, or computational cost—highlighting a critical need for systematic 

evaluation. 

Our preliminary analyses of real datasets and simulated data have revealed limitations of 

the Wilcoxon rank-sum test when applied to the spatially-correlated ST data. Specifically, we 
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observed that the Wilcoxon rank-sum test tends to have inflated Type I error rates in the presence 

of spatial correlations, resulting in an increased number of false positives. This issue raises 

concerns about the validity of power estimates and compromises the credibility of findings 

derived from spatial transcriptomic studies. Given that most transcriptomic data exhibit inherent 

spatial dependencies, Wilcoxon rank-sum test’s assumption of independence between 

observations is frequently violated, emphasizing the need for alternative approaches that are 

more suitable for spatially structured data. 

In this study, we considered two potential approaches: generalized linear mixed model 

(GLMM) and generalized estimating equations (GEE). The GLMM has been considered by 

many investigators as the gold standard for analysis of correlated data, since they are flexible in 

modeling complex dependency structures, thus allowing to account for both fixed and random 

effects (Breslow & Clayton, 1993). However, the GLMM can be computationally challenging in 

high-dimensional ST due to the large number of parameters involved and zero-inflated count 

data, which often leads to convergence issues and significant computational demands. To 

mitigate these computational challenges, we also investigate the GEE, a marginal modeling 

framework that offers a balance of robustness with computational efficiency (Liang & Zeger, 

1986; Zeger et al., 1988). Unlike the GLMM, which models random effects explicitly, the GEEs 

use a "working" correlation matrix to effectively account for the spatial dependence between 

observations. More precisely, we first proposed and implemented the generalized score test 

(GST) (Rao, 1948; Liang & Zeger, 1986) within the GEE framework. We then compared two 

variations of the GEEs: the commonly used robust Wald test (White, 1980; Huber, 1967) and the 

GST. The robust Wald test requires fitting the model under the alternative hypothesis and uses a 

robust sandwich estimator for the standard error to account for correlations within the data. In 
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contrast, the GST requires only the fitting of the null model, which greatly enhances numerical 

stability and hence further reduces the computational burden, making it appealing for genome-

wide scans. 

Through extensive simulation studies, we demonstrated that both the Wilcoxon rank-sum 

test and the robust Wald test had inflated Type I error rates, whereas the GST exhibited superior 

Type I error control and comparable power. We excluded the GLMM in our comparison due to 

its computational intensity and convergence issues when applied to zero-inflated ST data. We 

then applied both the GST and the Wilcoxon rank-sum test to real datasets from breast and 

prostate cancer from 10x Genomics (Figure 1a and Figure 1b) to evaluate their effectiveness in 

detecting DE genes between tumor and normal tissues. The quantile-quantile (QQ) plots revealed 

significant false positive rate inflation by the Wilcoxon rank-sum test. The biological pathway 

enrichment analysis showed that major cancer pathways were enriched in the GST-identified 

gene sets, whereas the Wilcoxon rank-sum test frequently yielded misleading biological 

associations. 

The rest of the paper is organized as follows. Section 2 reviews and introduces statistical 

methods under comparison for detecting DE genes in ST data, including Wilcoxon rank-sum 

test, GLMM, and robust Wald test and GST in the GEE framework. Section 3 presents a 

comprehensive simulation study to compare Type I error rates and power, followed by 

applications to a breast cancer and a prostate cancer ST dataset. We conclude with a discussion 

of our main findings and future directions.  
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Fig. 1. H&E-stained images and spatial clusters for breast and prostate cancer. (a) H&E-stained 
image with pathology labels for breast cancer (10x Genomics). (b) H&E-stained image with 
pathology labels for prostate cancer (10x Genomics; Zang et al., 2024). (c) Spatial clusters (n = 
100) for breast cancer. (d) Spatial clusters (n = 100) for prostate cancer. 
 

2. Materials and Methods 

2.1. Wilcoxon Rank-Sum Test 

(a) 

(c) 

(b) 

(d) 
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We begin with the Wilcoxon rank-sum test due to its use as the default method in popular ST 

data analysis software suites like Seurat. Its simplicity and computational efficiency make it the 

most common method for detecting DE genes across pathological grades in ST data. 

Consider a tissue containing two pathology grades: Grade A and Grade B. Each spatial 

location 𝑖 (𝑖 = 1,… , 𝑛)  is represented by a spot that includes multiple cells, along with 

associated gene expression data. Let 𝑋 and 𝑌 represent the expression levels of a particular gene 

in Grades A and B, respectively. The number of spatial locations in Grade A is denoted by 𝑛!, 

and the number of spatial locations in Grade B is denoted by 𝑛". 

The Wilcoxon rank-sum test assesses differential expression between the two grades by 

ranking all observations, calculating the sum of ranks for each grade, and computing the test 

statistic based on these sums. The rank of the 𝑖th observation when combining and ordering all 

observations from both grades is represented by 𝑅#. The sum of ranks for Grade A is 𝑊! =

∑𝑅#,!, where 𝑅#,! is the rank of the 𝑖th observation in Grade A. Similarly, the sum of ranks for 

Grade B is 𝑊" = ∑𝑅#,". 

To evaluate the difference between the distributions of 𝑋 and 𝑌, the test statistic 𝑊 =

𝑚𝑖𝑛(𝑊! ,𝑊") is used. When the sample sizes (𝑛! and 𝑛") are sufficiently large, the distribution 

of 𝑊 under the null hypothesis 𝐻%:	the distributions of 𝑋 and 𝑌are identical, can be 

approximated by a normal distribution with mean 𝜇& = '!('!)'")*)
,

 and variance 𝜎&, =

'!'"('!)'")*)
*,

. The standardized test statistic is then calculated as 𝑍 = &-.#
/#

, and the two-sided 

p-value is obtained as 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 2 × >1 − 𝛷(|𝑍|)A, where Φ(|𝑍|) represents the cumulative 

distribution function (CDF) of the standard normal distribution for the absolute value of 𝑍.  
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Despite its common use in practice, the Wilcoxon test assumes independence between 

observations, an assumption often violated in spatially correlated data. This can lead to inflated 

Type I error rates, highlighting the need to explore alternative methods that account for spatial 

dependencies. To control the false discovery rate (FDR), the Benjamini-Hochberg procedure can 

be applied for multiple testing in genome-wide scans (Benjamini & Hochberg, 1995). 

 

2.2. Generalized Linear Mixed Model (GLMM) 

Following the Wilcoxon rank-sum test, we explored the GLMM because it is considered the 

"gold standard" for analyzing spatially correlated data. Its flexibility in modeling fixed and 

random effects allows it to account for spatial dependencies, making it initially promising for 

identifying DE genes across pathology grades. 

Let 𝑌#0 (𝑖 = 1,… , 𝑛; 	𝑗 = 1, . . . , 𝑝) represent the gene expression count for gene 𝑗 at spatial 

location 𝑖. Define 𝑋# as a binary dummy variable for pathology grade at location 𝑖 (0 for Grade 

A, 1 for Grade B). The spatial coordinates are denoted by 𝑠# = (𝑠#*, 𝑠#,) for spatial location 𝑖. 

The model is specified as: 

𝑙𝑜𝑔>𝜇#0A = 𝑿𝒊𝑻𝜷 + 𝜀#0 , 

where 𝜇#0 is the expected count for gene 𝑗 at location 𝑖; 𝑿𝒊𝑻 = [1, 𝑋#] is the design matrix for 

fixed effects; 𝜷 = O𝛽0%, 𝛽0*Q
3 is the vector of fixed effect coefficients, where 𝛽0% is the intercept 

and 𝛽0* is the effect of Grade B compared to Grade A. The random effect 𝜀#0 is assumed to 

follow a normal distribution, 𝜀#0 ∼ 𝒩 T0, 𝑉>𝜎0,, 𝜅0 , 𝜏AY, representing the random effect for gene 𝑗 

at the 𝑖th spatial location. 
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 For a given gene 𝑗, the spatial covariance matrix 𝑽>𝛔𝒋𝟐, 𝜿𝒋, 𝛕A is defined based on the 

distances between pairs of spatial locations, and 𝛔𝒋𝟐 represents a vector of variance components 

(Li et al., 2009). The (𝑖, 𝑖6)th element of 𝑽>𝛔𝒋𝟐, 𝜿𝒋, 𝛕A is given by 𝑉##$>𝜎0,, 𝜅0 , 𝜏A = 𝜎0,𝑅>𝜏, 𝜅0A =

𝜎0,𝑒𝑥𝑝>−𝜏##$/𝜅0A, where 𝜏##$ = `|𝑠# − 𝑠#$|` denotes the Euclidean distance between two spatial 

locations 𝑖 and 𝑖6. Here, 𝜅0 > 0 is a parameter that determines the rate of decay in correlation 

with distance, with larger values of 𝜅0 indicating stronger correlations and smaller semi-

variances (1 − 𝑒𝑥𝑝(−𝜏/𝜅)). The exponential spatial structure used here is a specific case of the 

Matérn correlation structure 𝑅(𝜏) = T,7√9
:
Y
9
𝐾9 T

,7√9
:
Y /(𝛤(𝑣)29-*) when 𝜈 = 	0.5. 

To test for DE genes across the two pathology grades, we test the null hypothesis 

𝐻%: 𝛽0* = 0 against the alternative hypothesis 𝐻;: 𝛽0* ≠ 0. This tests whether the expected count 

of gene expression significantly differs between the pathology grades after accounting for spatial 

correlation. Statistical inference is made using likelihood ratio tests based on the maximum 

likelihood estimation of the GLMM. For example, to test 𝐻%: 𝛽0* = 0, i.e., gene 𝑗 is not 

differentially expressed across Grade A and Grade B, we compare the full model with the null 

model 𝑙𝑜𝑔>𝜇#0A = 𝛽% + 𝜀#0. DE genes are then identified by applying the Benjamini-Hochberg 

procedure to the p-values to adjust for multiple testing based on the FDR. 

 

2.3. Generalized Estimating Equations (GEE) 

Instead of explicitly modeling the spatial correlation structure using random effects, the GEE use 

a "working" correlation matrix to account for the spatial dependence between observations. We 

adopted the GEEs model with an independent working correlation structure by dividing the 

whole ST tissue into 𝑚 spatial clusters (Figure 1c and Figure 1d) using K-means clustering 
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(MacQueen, 1967). The mean of 𝑌#0, denoted by 𝜇#0, is linked to the covariates through a log link 

function, and the model is specified as: 

𝑙𝑜𝑔>𝜇#0A = 𝑿𝒊𝑻𝜷, 

where 𝑿𝒊𝑻 = [1, 𝑋#] is the design matrix; 𝜷 = O𝛽0%, 𝛽0*Q
3 is the vector of fixed effect coefficients. 

The parameters 𝜷 are estimated by solving the GEE: 

g𝑫𝒊
𝑻𝑽𝒊-𝟏(𝒀𝒊 − 𝝁𝒊)

=

#>*

= 0, 

where 𝑫𝒊 is the derivative of the mean response with respect to 𝜷 in the cluster 𝑖 T𝑫𝒊 =
𝝏𝝁𝒊
𝝏𝜷
Y; 𝑽𝒊 

is the variance-covariance matrix of responses in the cluster	𝑖, which is a function of the working 

correlation matrix 𝑹𝒊 (𝑽𝒊 = 𝑪𝒊
𝟏/𝟐𝑹𝒊𝑪𝒊

𝟏/𝟐); 𝑪𝒊 is a diagonal matrix that includes the variances of 

the individual observations within the cluster 𝑖; 𝒀𝒊 is the response vector in cluster 𝑖; 𝝁𝒊 is the 

mean vector in the cluster	𝑖. The robust variance estimates are used to make inferences for the 

estimated coefficients from the GEE. The robust variance estimate for the estimated coefficients 

is calculated by the "sandwich" estimator: 

Varp >𝜷qA = rg𝑫𝒊
𝑻𝑽𝒊-𝟏𝑫𝒊

=

#>*

s
-*

rg𝑫𝒊
𝑻𝑽𝒊-𝟏(𝒀𝒊 	− 	𝝁𝒊)(𝒀𝒊 	− 	𝝁𝒊)𝑻𝑽𝒊-𝟏𝑫𝒊

=

#>*

srg𝑫𝒊
𝑻𝑽𝒊-𝟏𝑫𝒊

=

#>*

s
-*

. 

To provide a more efficient model fitting, the GEE uses an independent working 

correlation matrix 𝑹 (an 𝑛 × 𝑛 matrix where 𝑛 is the number of spatial locations). The advantage 

of the GEE framework is that it produces consistent and asymptotically normal estimates of the 

parameters even if the working correlation structure is incorrectly specified (Liang & Zeger, 

1986). 

A special case of the GEE with the robust Wald test is to treat each spatial location as a 

unique cluster, assuming independence among all spatial locations. This model is referred to as 
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Independent GEE and is conceptually similar to a two-sample z-test due to the assumption of 

independent observations. 

 

2.3.1. Robust Wald Test 

The robust Wald test requires fitting the full GEEs model under the alternative hypotheses to 

identify DE genes across the two pathology grades. This approach is the default test implemented 

in all currently available R packages associated with the GEE framework. To test 𝐻%: 𝛽0* = 0 

against 𝐻;: 𝛽0* ≠ 0, the robust Wald test statistic 𝑊 is computed as: 

𝑊 =
𝛽t0*

sew >𝛽t0*A
, 

where 𝛽t0* is the estimated coefficient and sew >𝛽t0*A is the robust standard error, which is the 

square root of the “sandwich” variance estimator. 𝑊 approximately follows a standard normal 

distribution under the null hypothesis.  

 

2.3.2. Generalized Score Test (GST) 

We propose the generalized score test as an alternative to the robust Wald test, sharing the same 

asymptotic properties but requiring only model fitting under the null hypothesis, making it more 

numerically stable. The asymptomatic equivalence between the GST statistic and the robust Wald 

statistic holds only as the number of spatial clusters is large (or approaches infinity in theory). 

However, with a finite number of clusters, as observed in real ST data, these tests can yield 

different Type I error and power results (Boos & Stefanski, 2013), supporting the need for more 

numerically robust methods in practical settings.  
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The score function 𝑈>𝜷q𝟎A is the derivative of the quasi-loglikelihood with respect to the 

parameters 𝜷, evaluated at the estimated parameters under the null hypothesis. Specifically, the 

score function 𝑈>𝜷q𝟎A is given by: 

𝑈>𝜷q𝟎A 	=g𝑫𝒊
𝑻𝑽𝒊-𝟏(𝒀𝒊 − 𝝁𝒊)

=

#>*

. 

The robust variance estimates of the score statistic, 𝑈>𝜷q𝟎A, is also estimated using the 

"sandwich" estimatorVarp T𝑈>𝜷q𝟎AY. To test 𝐻%: 𝛽0* = 0 against 𝐻;: 𝛽0* ≠ 0, the generalized 

score test (GST) statistic 𝑆 is computed as: 

𝑆 =
𝑈>𝛽t0*A	

sew T𝑈>𝛽t0*AY
, 

where 𝑈>𝛽t0*A is the score function evaluated at the estimated parameter 𝛽t0* under the null 

hypothesis, and sew (𝑈>𝛽t0*A) is the robust standard error of the score function. The test statistic 𝑆 

approximately follows a standard normal distribution under the null hypothesis.  

 

3. Results 

3.1. Simulation Studies 

We conducted extensive simulation studies that closely resembled the conditions found in real 

data, including spatial structure and zero-inflated characteristics, for rigorously comparing the 

performance of different statistical methods in the context of ST. First, we fitted the GLMM 

described in Section 2.2 to a breast cancer ST dataset from 10x Genomics. This gave an 

estimation of the two key spatial parameters: 𝜎, and 𝜅, where 𝜎, is the spatial variance that 

captures variability in gene expression across different spatial locations and κ is the spatial 

correlation that controls the rate of decay in correlation with distance between spatial locations. 
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These estimates were calculated from the fitted results of the GLMM for genes that had 

converged. The estimated parameters were subsequently used to generate simulated data that 

preserved the realistic spatial structure found in biological samples, closely resembling real ST 

datasets. Specifically, we employed the same GLMM structure by applying the estimated 𝜎, and 

𝜅 to ensure spatial correlation, while introducing zero-inflation through a small intercept (𝛽%) in 

the model. This approach preserved the spatial heterogeneity observed in real ST data and 

captured the intrinsic sparsity characteristic of biological samples. To better capture the range of 

spatial variability present in real tissues, we took set of three levels: 25th percentile, median, and 

75th percentile in variation of the spatial parameters, thus representing the spectrum of variance 

in spatial gene expression and spatial correlation strengths from weak to strong. Regarding this, 

we considered three scenarios: (1) the 25th percentile of 𝜎, and the 25th percentile of 𝜅, (2) the 

median of 𝜎, and the median of 𝜅, and (3) the 75th percentile of 𝜎, and the 75th percentile of 𝜅. 

These simulations target two aspects of model performance: Type I error rate control and 

statistical power. Type I error rate control is important to assess the reliability of the results, 

especially in ensuring that false positives are controlled at the nominal level. For each statistical 

method, we produced 10,000 replicates to evaluate how well the different approaches could 

control the rate of false positives at different levels of significance. The cut-offs ranged from the 

standard α = 0.05 to the more stringent α = 0.0001. It is in genome-wide analyses that such 

stringent levels of α are required, due to the large number of tests being conducted 

simultaneously. On the other hand, owing to the computational intensive nature of these 

simulations, we did not explore even lower levels of α. 

In addition to Type I error control, we investigated the statistical power of each method, 

which is indicative of the number of DE genes correctly identified. We generated 1,000 replicates 
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to compare the power of different statistical approaches in the detection of true signals while 

ensuring Type I error rates remain acceptable. Because GEE rely on asymptotic behavior and 

thus require large numbers of clusters to make proper inferences, under each scenario we set the 

number of spatial clusters to either 25 or 100. More precisely, we investigated the impact of the 

number of spatial clusters on the performance of the GEEs. When the model was configured to 

treat each spatial location as an independent cluster, it reduced to a special case we termed 

Independent GEE. This setup is conceptually similar to a two-sample z-test, as it treats all 

observations as independent. 

Of note, although theoretically relevant for modeling correlated data, we excluded the 

GLMM from the final simulations and comparisons. We made this decision due to its inability to 

converge for many genes (about 43%) when applied to real ST data. The zero-inflated count 

nature of the real data resulted in weak spatial correlations, leading to convergence issues for the 

GLMM when estimating spatial parameters in the full likelihood framework. Failure to converge 

and yield stable results from the GLMM highlighted its limitations in handling the computational 

and numerical challenges in the context of ST data. Consequently, our comparisons focused on 

four methods: the Wilcoxon rank-sum test, the GEE with the robust Wald test, the GEE with 

GST, and the Independent GEE. 

The simulation results are presented in Table 1 for Type I error rate comparison and in 

Figure 2 for power comparison. We found that when the number of spatial clusters was 

sufficiently large – k =100 clusters in our case, the GST was the most robust method within the 

GEE framework. The GST not only achieved superior control of Type I error but also 

demonstrated comparable statistical power to that of other methods (Figure 2 (b), (d), and (f)). 

When k =25 clusters, the GST had lower power (Figure 2 (a), (c), and (e)) and conservative Type 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 22, 2025. ; https://doi.org/10.1101/2025.02.17.638726doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.17.638726
http://creativecommons.org/licenses/by-nc-nd/4.0/


I error. In contrast, the robust Wald test in the GEE framework showed inflated Type I error rates 

across all scenarios, indicating its inability to fully account for the spatial dependencies in the 

data. Our findings of conservative Type I error control with the GST when the number of clusters 

(k) was small and inflated Type I error with the robust Wald test are consistent with Boos & 

Stefanski (2013), where similar patterns were observed. On the other hand, the Independent 

GEE, which does not account for spatial correlations, showed deflated Type I error rate under 

certain scenarios (e.g., when α = 0.0001) and reduced power. While the Wilcoxon rank-sum test 

is used very frequently due to its simplicity and ease of implementation, it also led to inflated 

Type I error rates in some scenarios, especially at lower α levels and moderate/strong spatial 

correlations, making it unreliable for ST applications where stringent control of false positives is 

crucial. Therefore, our simulation studies suggest that the GST is the most reliable method for 

detecting DE genes in ST data. 
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Table 1. Type I error comparison of GEE with robust Wald test, GEE with GST, Independent GEE 
with robust Wald test and Wilcoxon rank-sum test across different spatial scenarios and spatial 
cluster numbers. Type I error was evaluated at significance levels of α = 0.05, 0.01, 0.001, 0.0001. 
Well controlled Type I error rates are in boldface.  
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Fig. 2. Power comparison of GEE with robust Wald test, GEE with GST, Independent GEE with 
robust Wald test and Wilcoxon test across different spatial scenarios and spatial cluster numbers. 
Panels (a)–(f) represent power curves for three spatial scenarios with 25 and 100 clusters: (a) 
Scenario 1 (25 clusters), (b) Scenario 1 (100 clusters), (c) Scenario 2 (25 clusters), (d) Scenario 2 
(100 clusters), (e) Scenario 3 (25 clusters), and (f) Scenario 3 (100 clusters). Scenarios represent 
varying spatial correlation and spatial variance: Scenario 1 (weak), Scenario 2 (moderate), and 
Scenario 3 (strong). Type I error and power were evaluated at a significance level of α = 0.001. 
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3.2. Real Data Applications 

In addition to simulation studies, we applied the statistical methods under comparison to two ST 

datasets for breast cancer and prostate cancer to evaluate their performance in real-world 

scenarios.  

3.2.1. Breast Cancer ST dataset 

We applied our methods to a real ST dataset of breast cancer sample provided by 10x Genomics 

Visium spatial platform (https://www.10xgenomics.com/datasets/human-breast-cancer-block-a-

section-1-1-standard-1-1-0). The ST dataset comprises 3,798 spots and 24,923 genes. After 

retaining the 3,000 most variable genes, the percentage of zeros has a first quartile of 68.0%, a 

median of 95.5%, and a third quartile of 99.6%. The haematoxylin and eosin (H&E)-stained 

tissue image with pathology labels is shown in Figure 1a. The analysis used 100 spatial clusters 

generated via K-means clustering, as illustrated in Figure 1c. Here, the analysis was aimed at 

identifying the DE genes across pathological grades, specifically comparing ductal carcinoma in 

situ (DCIS) with fibrous tissue (FT) and invasive carcinoma (IC) with FT. By focusing on breast 

cancer, we aimed to explore the consistency of our simulation findings using a well-

characterized dataset, therefore providing a comprehensive evaluation of the statistical methods 

under comparison. 
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Fig. 3. QQ plots of GEE with robust Wald test, GEE with GST, Independent GEE with robust 
Wald test and Wilcoxon rank-sum test for breast cancer comparisons: tumor-controls (DCIS vs 
FT: (a), (d), (g), (j); IC vs FT: (b), (e), (h), (k)) and control-control (FT1 vs FT2: (c), (f), (i), (l)). 
The red line represents the expected distribution under the null hypothesis. DCIS: ductal 
carcinoma in situ; IC: invasive carcinoma; FT: fibrous tissue. 
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The raw dataset was then pre-processed for the analysis by quality control, normalization, 

and selection of highly variable genes for downstream analyses. Quality control included the 

filtration of spots based on low total gene count and the removal of genes expressed in very few 

spots to ensure a robust analysis. We then normalized the data by regulating the differences in 

sequencing depth across varying spots. Using the Seurat software suite, we selected 3,000 most 

variable genes. This has enabled us to focus on the most informative features of the data and 

therefore enhance the statistical power in subsequent analyses. 

We first generated QQ plots of the genome-wide DE scan p-values (Figure 3) to provide 

a global assessment of the statistical methods. QQ plots are effective in illustrating discrepancies 

between observed and expected distributions, particularly in assessing how well each method 

controls false positives. Among these methods, the Wilcoxon rank-sum test showed heavy 

inflated in Type I error rates, which is consistent with our findings from the simulation studies 

(at α = 0.0001). This inflation suggested that the Wilcoxon rank-sum test may not be appropriate 

for identifying DE genes in ST data where the spatial correlations are pervasive. Such false 

positive inflation can be of particular concern in high-throughput genomic studies since this 

would lead to spurious findings misinforming the biological interpretation. 

Given that the ground truth of differential expression status of genes is unknown in real 

datasets, we adopted an internal negative control strategy by comparing the control versus 

control samples to identify possible false positive DE genes. This approach allows us to 

indirectly estimate the precision for each method individually without any predefined ground 

truth. Specifically, we randomly divided the fibrous tissue samples into two subsets (FT1 and 

FT2) and compared the two subsets against each other. The overlap between the gene sets 

identified between the comparison of IC with FT and the control-control comparisons (FT1 
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versus FT2) gave further insight into the reliability of each statistical approach. A method that 

has large numbers of overlapping genes suggests poor specificity and is more likely to generate 

false positives. We observed that the Wilcoxon rank-sum test had more overlapping genes than 

the GST, suggesting a higher false positive rate for the former. Additionally, the QQ plots for the 

control-control comparison (Figure 3 (c), (f), (i), and (l)) showed that although the Wilcoxon 

rank-sum test less deviated the most from the expected null distribution than in the tumor-control 

comparison (Figure 3 (j) and (k)), inflated Type I error rates remained apparent compared to the 

GEE-based tests, further supporting the findings of our simulation studies. 

After Type I error control evaluation, we conducted biological pathway enrichment 

analysis on the gene sets identified as differentially expressed by the GST and the Wilcoxon 

rank-sum methods. We performed the pathway analysis to validate whether the gene sets 

uniquely identified by IC versus FT, excluding overlapping genes between IC versus FT and FT1 

versus FT2, were predominantly enriched in cancer-related biological pathways, therefore further 

providing a biological context to the statistical findings. The enriched Kyoto Encyclopedia of 

Genes and Genomes (KEGG) pathways using g:Profiler (Kolberg et al., 2023) are presented in 

Figure 4a and Figure 4b using dot plots. The GST-identified DE genes were enriched in 

pathways related to cancer progression, including critical KEGG cancer pathways such as focal 

adhesion, PI3K-Akt signaling, ECM-receptor interaction, and pathways in cancer. Focal 

adhesion plays an important role in cell signaling and interaction with the extracellular matrix 

during tumor invasion and metastasis (Jin & Varner, 2004). PI3K-Akt signaling pathway 

commonly is activated in a variety of cancers and controls central cellular processes like 

survival, growth, and metabolism (Vivanco & Sawyers, 2002). ECM-receptor interaction is 

essential in cancer to mediate communication between tumorigenic cells and the surrounding 
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stromal environment for tumor progression (Lu et al., 2011). Pathways in cancer consist of broad 

categories of signaling mechanisms related to tumor development, survival, and metastasis. 

These are all well-established pathways in the literature to be implicated in the development and 

progression of cancer, and further supports the reliability of the GST method. In contrast, the 

Wilcoxon rank-sum test missed enrichment in proteoglycans in cancer pathway that plays a vital 

role in cancer biology in modulating cell proliferation, migration, and angiogenesis (Iozzo & 

Sanderson, 2011). It instead largely enriched non-cancer-related pathways, which included 

several pathways related to general metabolic processes and less specifically associated with the 

cancer biology. This discrepancy underlines even further the tendency of the Wilcoxon rank-sum 

test to yield spurious associations that may mislead interpretation of underlying biological 

mechanisms. 

Moreover, we conducted an additional biological pathway enrichment analysis on the 

overlapping genes. This analysis aimed to determine whether the overlapping genes were 

enriched within known biological pathways relevant to noncancer. The GST method 

predominantly enriched the non-cancer-related KEGG pathways (Figure 4b), whereas the 

Wilcoxon rank-sum test did the opposite and largely enriched the cancer-related KEGG 

pathways (Figure 4a), further emphasizing its tendency of yielding false positives that give 

misleading biological associations. 

3.2.2. Prostate Cancer ST dataset 

We extended our comparison further by applying the statistical methods to a prostate cancer ST 

data, publicly available from 10x Genomics Visium spatial platform 

(https://www.10xgenomics.com/datasets/human-prostate-cancer-adenocarcinoma-with-invasive-

carcinoma-ffpe-1-standard-1-3-0). The ST dataset comprises 4,371 spots and 16,907 genes. After 
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retaining the 3,000 most variable genes, the percentage of zeros has a first quartile of 50.0%, a 

median of 80.4%, and a third quartile of 97.4%. Figure 1b shows the H&E-stained tissue image 

with pathology labels. Figure 1d illustrates the 100 spatial clusters generated via K-means 

clustering. It was of interest to identify DE genes between the tissue types, comparing invasive 

carcinoma (IC) against adjacent non-cancerous fibro-muscular tissue (FT). The raw data was 

preprocessed, including quality control, normalization, and the selection of 3,000 most variable 

genes using the Seurat pipeline.  

As in the breast cancer application, we first created QQ plots of genome-wide DE scans 

to compare each statistical method's performance in controlling false positives. As shown in 

Supplemental Materials Figure S1, the QQ plots showed extreme Type I error inflation in the 

Wilcoxon rank-sum test, confirming the findings obtained from the breast cancer analysis and 

the simulation studies. This further supports our cautionary note on the Wilcoxon rank-sum test 

for spatial transcriptomic data analysis where stringent control of false positives is essential. 

We then resorted to a similar internal negative control strategy as in the analysis of the 

breast cancer dataset. We identified possible false positives for each approach by dividing the 

non-cancerous tissue into two subsets and comparing these subsets against one another. In fact, 

the Wilcoxon rank-sum test showed more overlapping genes between IC and FT than those 

identified by the GST, indicating higher false positives. Additionally, the QQ plots for the 

control-control comparison showed persistent Type I error inflation in the Wilcoxon rank-sum 

test, further supporting our findings from the breast cancer analysis and the simulation studies.  

We next conducted a biological pathway enrichment analysis to assess the biological 

relevance of the genes uniquely identified as differentially expressed when using either the GST 

or the Wilcoxon rank-sum method. More precisely, we considered genes uniquely identified by 
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comparing IC with FT, discarding the overlap with control-control comparisons. Figure 4c and 

Figure 4d show the enriched KEGG pathways as dot plots. In general, the enriched pathways 

associated with tumor progression, such as focal adhesion, PI3K-Akt signaling pathway, ECM-

receptor interaction, and MAPK signaling pathway, were dominant in the GST method. The 

MAPK signaling pathway controls cell proliferation, differentiation, and apoptosis and therefore 

is very important in the processes of oncogenesis and metastasis (Pearson et al., 2001). By 

contrast, the Wilcoxon rank-sum test did not enrich any of the cancer-related pathways identified 

by the GST, echoing our findings in the breast cancer ST data application.  

Furthermore, we conducted an additional enrichment analysis on the overlapping genes: 

the Wilcoxon rank-sum test-identified DE genes were enriched more substantially for cancer-

related pathways (Figure 4c) than did the GST method (Figure 4d), further underlining the 

former’s failure by producing misleading false positive results. 
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Fig. 4. Dot plots of enriched KEGG pathways identified in breast and prostate cancer. (a) Pathways 
identified by the Wilcoxon rank-sum test in breast cancer, (b) pathways identified by GST in breast 
cancer, (c) pathways identified by the Wilcoxon rank-sum test in prostate cancer, and (d) pathways 
identified by GST in prostate cancer. IC: invasive carcinoma; FT: fibrous tissue; Overlap: 
intersection of the differential expressed gene sets identified by IC/Tumor vs FT comparison and 
FT1 vs FT2 (control-vs-control) comparison.  
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4. Discussion 

We have performed a comprehensive comparison of statistical methods for identified DE genes 

in ST data with evaluation of Type I error control, power, and identification of biologically 

relevant pathways. Through extensive simulations and applications to breast cancer and prostate 

cancer ST datasets, we compared the robustness of each method in handling the spatial 

correlations inherent in ST data. Our findings demonstrate that the GST within the GEE 

framework outperforms alternative approaches, including the Wilcoxon rank-sum test, the GEE 

with the robust Wald test and the Independent GEEs, in identifying DE genes in ST data. 

A key finding of simulation is the superior Type I error control achieved by the GST, 

especially when the number of spatial clusters is large enough to support the asymptotic 

properties of the GEE. In contrast, the Wilcoxon rank-sum test, despite its popularity due to 

computational simplicity, consistently exhibited significant inflation of Type I error across 

simulations and real data analysis. This inflation was particularly apparent in the QQ plots, 

suggesting its over-detection of DE genes in spatially structured data. 

Recent statistical genetics research also supports the stability of the GST with similar 

findings, especially when many single nucleotide polymorphisms (SNPs) are correlated and rare 

genetic variants produce sparse data patterns. In these cases, score tests have demonstrated 

greater numerical stability than the Wald test, which requires full model fitting under the 

alternative hypothesis and can be unstable or infeasible with sparse or correlated data (Pan et al., 

2014). This limitation of the Wald test is consistent with our findings in ST, where the GST 

provides a more stable and reliable alternative in the presence of spatial correlations. 

Furthermore, extensions of the GST within the GEE framework in genetic association studies 
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have demonstrated that this approach is adaptive and robust for high-dimensional data with 

complex correlation structures (Wang et al., 2013; Zhang et al., 2014).  

The real data analysis on breast cancer and prostate cancer further validated our 

simulation findings. We first focused on the gene sets uniquely identified in cancerous versus 

non-cancerous tissues by excluding overlapping genes with internal control comparisons. The 

GST consistently enriched pathways critical to cancer biology, such as PI3K-Akt signaling, 

ECM-receptor interaction, and focal adhesion – pathways essential for cell proliferation, 

apoptosis, and tumor growth. In contrast, the Wilcoxon rank-sum test failed to identify these key 

cancer-related pathways in prostate cancer data, instead highlighting nonspecific pathways, 

raising concerns about its reliability in ST. Next, we examined the overlapping genes, i.e., the 

intersection of the DE gene sets identified by tumor vs normal comparison and normal vs normal 

comparison, which further underlined the differences of these methodologies. The GST resulted 

in lower overlap among enriched gene sets, indicating high specificity, whereas the Wilcoxon 

rank-sum test displayed significant overlap, suggesting a higher false positive rate and reduced 

robustness. Additionally, the pathway enrichment analysis on the overlapping genes showed that 

the GST predominantly enriched non-cancer pathways, while the Wilcoxon rank-sum test had a 

strong tendency to enrich cancer-related pathways. It further emphasized the latter’s 

susceptibility to producing spurious associations. 

Our findings from extensive simulations and real data applications emphasize the 

importance of statistical methods selection in ST data analysis. Given the intrinsic spatial 

dependencies of such data, methods that do not consider these dependencies are at risk of 

producing unreliable results and ensuing misleading biological interpretation. The GST approach 

within the GEE framework provides a robust solution to these challenges by appropriately 
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modeling spatial correlations without the computational burdens associated with random effects 

modeling in the GLMM. These findings support the GST as a suitable method for DE analysis in 

ST data, providing both robust Type I error control and biologically meaningful insights.  

Several ST platforms are available and generate data with different characteristics, such 

as 10x Visium ST, 10x Xenium, 10x Visium HD, Slide-Seq, MerFISH, and CosMX. Our 

proposed GST approach is in principle widely applicable to all these platforms, similar to the 

Wilcoxon rank-sum test implemented in Seurat. We specifically used two 10x Visium ST 

datasets in our real data applications, as 10x Visium is thus far the most widely adopted platform. 

Future research is warranted to study GST’s robustness across other ST technologies. Of note, 

the GEE-GST is computationally feasible for genome-wide scans: it took 204 seconds to 

complete the analysis of 2212 spots and 2550 genes on a 10-core processor, with 2GB as the 

total peak memory usage.  

 

Data and Code Availability  

We have implemented our proposed methods in R package ‘SpatialGEE’ available at 

https://github.com/yishan03/SpatialGEE. The spatial transcriptomics datasets of breast cancer 

and prostate cancer analyzed here are available on 10x Genomics websites: 

https://www.10xgenomics.com/datasets/human-breast-cancer-block-a-section-1-1-standard-1-1-0 

and https://www.10xgenomics.com/datasets/human-prostate-cancer-adenocarcinoma-with-

invasive-carcinoma-ffpe-1-standard-1-3-0. 

 

Supporting Information  

The supplementary materials include Supplementary Figure S1. 
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Fig. S1. QQ plots of GEE with robust Wald test, GEE with GST, Independent GEE with robust 
Wald test and Wilcoxon rank-sum test for prostate cancer comparisons: tumor-controls (IC vs FT: 
(a), (c), (e), (g)) and control-control (FT1 vs FT2: (b), (d), (f), (h)). The red line represents the 
expected distribution under the null hypothesis. IC: invasive carcinoma; FT: fibrous tissue. 
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