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Abstract

Patch-wise multi-label classification provides an efficient alternative to full pixel-1

wise segmentation on high-resolution images, particularly when the objective is2

to determine the presence or absence of target objects within a patch rather than3

their precise spatial extent. This formulation substantially reduces annotation4

cost, simplifies training, and allows flexible patch sizing aligned with the desired5

level of decision granularity. In this work, we focus on a special case, patch-wise6

binary classification, applied to the detection of a single class of interest (tumor) on7

high-resolution multimodal nonlinear microscopy images. We show that, although8

this simplified formulation enables efficient model development, it can introduce9

spurious correlations between patch composition and labels: tumor patches tend10

to contain larger tissue regions, whereas non-tumor patches often consist mostly11

of background with small tissue areas. We further quantify the bias in model12

predictions caused by this spurious correlation, and propose to use a debiasing13

strategy to mitigate its effect. Specifically, we apply GERNE, a debiasing method14

that can be adapted to maximize worst-group accuracy (WGA). Our results show15

an improvement in WGA by approximately 7% compared to ERM for two different16

thresholds used to binarize the spurious feature. This enhancement boosts model17

performance on critical minority cases, such as tumor patches with small tissues and18

non-tumor patches with large tissues, and underscores the importance of spurious19

correlation-aware learning in patch-wise classification problems.20

1 Introduction21

High-resolution imaging across diverse domains, such as biomedical microscopy, materials inspection,22

and remote sensing, provides detailed spatial and spectral information that enables precise analysis of23

complex structures [16, 1, 34, 26, 32, 19] . However, the sheer size and dimensionality of such images24

make direct processing computationally impractical, particularly for dense pixel-wise segmentation25

tasks [18, 37, 4, 38, 15, 12, 13, 2]. To address these challenges, large images are typically divided into26

smaller, fixed-size patches that can be efficiently processed by neural networks [27, 10, 11, 21, 14].27

In many applications, the objective is not to achieve complete segmentation of each patch but rather to28

detect the presence or absence of specific, diagnostically or functionally significant class (e.g., tumors29

within tissue, defects in materials, or anomalies in spectral maps) [20, 22, 9, 29, 30]. In such cases,30

the problem can instead be reformulated as a patch-wise binary classification task [31, 25, 35, 7],31

where each patch is labeled positive if it contains at least one pixel of the target class, and negative32

otherwise, instead of pixel-wise labeling. This formulation reduces annotation effort and allows33

practitioners to balance spatial resolution, computational cost, and the minimal decision unit required34

for practical action [8, 24, 33]. For example, in medical imaging, this could correspond to the smallest35

tissue region a surgeon would resect.36
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Figure 1: Illustration of the patch-wise classification pipeline and the emergence of spurious
correlations between patch composition and binary labels. Top row: A high-resolution multimodal
nonlinear image (left) sourced from [6] is divided into fixed-size patches to fit the neural network input.
The corresponding pixel-wise segmentation mask is shown in the center (red: tumor tissue; black:
non-tumor regions, including healthy tissue and background). The binarized patch-wise labels are
shown on the right, where each patch is assigned a positive label (red) if it contains at least one tumor
pixel, and a negative label (black) otherwise. Bottom row: Histogram-based analysis (on the test set
of the dataset under study [6]) of patch composition reveals strong correlations between tissue size and
patch labels. The estimated conditional distributions of p(rtumor

Pk
| yk = 1), p(rtumor-tissue

Pk
| yk = 1),

and p(rtissuePk
| yk = 0) are shown from left to right as normalized histograms. Tumor patches tend to

contain larger tissue regions, whereas non-tumor patches are dominated by background with minimal
tissue. These correlations may introduce shortcuts for ERM-trained models, causing models to rely
on non-causal features such as overall tissue size. To verify whether these spurious correlations are
exploited by the model, we trained a standard ERM-based binary classifier and overlaid, for each
distribution, the proportion of correct (green) and incorrect (red) predictions. The resulting pattern
confirms that models can rely on non-causal cues such as overall tissue size, underscoring the need
for debiasing strategies in patch-based learning frameworks.

While patch-wise classification simplifies model training and annotation, we note an important37

caveat: this simplification may inadvertently introduce spurious correlations [36, 17] between patch38

composition and class labels. In this work, we study patch-wise binary tumor classification on a high-39

resolution multimodal nonlinear image dataset [5]. We observe that tumor patches tend to contain40

larger tissue regions, while non-tumor patches are dominated by background. Such correlations can41

lead models to rely on non-causal cues (i.e., overall tissue size in our case), degrading performance42

on underrepresented groups where such cues are absent (e.g., accuracy on tumor patches with small43

tissue areas). To mitigate this, we apply GERNE [3], a gradient extrapolation-based debiasing method44

after binarizing the spurious feature (i.e., tissue size). Targeted debiasing improves model robustness,45

as measured by worst-group accuracy (WGA) [28], yielding more reliable and fair patch-wise image46

classification. Figure 1 illustrates the adopted patch-wise binary classification pipeline, depicts the47

distributions of relevant tissue ratios, highlighting the correlation between the tissue size and patch48

labels. It also shows correct and incorrect patch predictions of an ERM-trained model, demonstrating49

how these correlations bias the model and hinder generalization.50

2 Problem Setup and Dataset51

2.1 From High-Resolution Segmentation to Patch-wise Classification52

Let I ∈ RH×W×M denote a high-resolution image with height H , width W , and M channels (e.g.,53

multimodal channels). Processing the full image at once with standard convolutional or transformer-54
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based networks is often computationally infeasible due to memory and runtime constraints. A55

common strategy is to partition I into N smaller, fixed-size patches {Pk}Nk=1, such that I =
⋃N

k=1 Pk,56

where each patch Pk ∈ Rh×w×M has height h ≪ H and width w ≪ W . This patch-based57

formulation reduces the computational burden while maintaining sufficient local spatial context for58

learning. The top-left panel in Figure 1 provides an example of this patching.59

Patch-wise Multi-Label Classification Instead of performing dense pixel-wise segmentation, the60

task can be reformulated as patch-wise multi-label classification, which is sufficient when the goal is61

merely to determine the presence or absence of each class within a patch, rather than delineating their62

precise spatial boundaries. Let there be C classes of interest, and let the pixel-wise annotation for63

patch Pk be denoted as Y k ∈ {0, 1}h×w×C , where64

Y k
i,j,c =

{
1 if pixel (i, j) in patch Pk belongs to class c
0 otherwise

, c ∈ {1, . . . , C}. (1)

The corresponding patch-level label vector yk ∈ {0, 1}C is then defined as:65

yk,c = 1
( h∑

i=1

w∑
j=1

Y k
i,j,c ≥ 1

)
, ∀c ∈ {1, . . . , C}, (2)

where yk,c = 1 if class c is present in patch Pk, and 0 otherwise. This reformulation is particu-66

larly suitable when fine-grained segmentation is unnecessary, as it reduces annotation effort and67

computational cost while retaining essential semantic information about class occurrence.68

Special Case: Patch-wise Binary Classification In many applications, only the presence of a69

single class is of interest (e.g., tumor tissue in histopathology, defects in materials). In this case, the70

multi-label representation reduces to a single binary label per patch:71

yk = 1
( h∑

i=1

w∑
j=1

Y k
i,j,c′ ≥ 1

)
, (3)

where Y k
i,j,c′ ∈ {0, 1} is the pixel-level label for the class of interest c′ (the target class); That is, a72

patch is labeled positive if it contains at least one pixel of the target class (tumor in our study), and73

negative otherwise.74

2.2 Dataset under Study75

We perform our study on a high-resolution multimodal nonlinear image dataset [5, 6], which provides76

paired images and pixel-wise segmentation masks. Each image I ∈ RH×W×M contains multiple77

tissue types, including tumor and healthy regions, annotated at the pixel level. Each mutlimodal78

image has dimensions exceeding several thousand pixels per side, and has three different nonlinear79

imaging modalities (M = 3), capturing complementary structural and biochemical features. We80

partition the dataset into training, validation, and test sets following the same splits as in the original81

study [5]. We follow the labeling process described in Equation (3) to generate binary labels for82

each patch, considering the tumor label as the positive class whereas treating healthy tissue and83

background (referred to as “tissue to preserve” and “background” in [5]) as the negative class. Tissue84

regions can be inferred even when explicit labels are unavailable, as non-tissue (background) pixels85

are predominantly black. As illustrated in the top row of Figure 1, the left panel shows a multimodal86

input image, the center panel shows its corresponding pixel-wise binary mask for the tumor class,87

and the right panel shows the binarized patch-level labels.88

3 Methodology89

3.1 Spurious Correlations in Patch Composition90

While patch-wise labeling simplifies model training and annotation, we observed that this formulation91

can introduce spurious correlations between patch composition and labels. To show this, we92

define different patch-level ratios based on the pixel-level labels Y k (see Equation 1), for c ∈93

{tumor tissue, healthy tissue, background} (|Pk| = h · w):94
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Tumor ratio rtumor
Pk

as the fraction of tumor pixels in a patch: rtumor
Pk

=
∑

i,j Y k
i,j,tumor tissue

|Pk| .95

Tumor-to-Tissue ratio rtumor-tissue
Pk

as the fraction of tumor pixels relative to all tissue pixels:96

rtumor-tissue
Pk

=
∑

i,j Y k
i,j,tumor tissue

SPk
, where SPk

=
∑

i,j

(
Y k
i,j,tumor tissue + Y k

i,j,healthy tissue

)
.97

Tissue ratio rtissue
Pk

as the fraction of tissue pixels in a patch: rtissue
Pk

=
SPk

|Pk| .98

In the bottom row of Figure 1, we show the following conditional distributions of these patch ratios,99

approximated by normalized histograms computed over the test set :100

p
(
rtumor
Pk

∣∣ yk = 1
)
, p

(
rtumor-tissue
Pk

∣∣ yk = 1
)
, p

(
rtissue
Pk

∣∣ yk = 0
)
. (4)

From this analysis, we observe that tumor (positive) patches tend to contain larger tissue regions,101

and these tissue regions are dominated by tumor tissue (with little or no healthy tissue), whereas102

non-tumor (negative) patches mostly consist of background with little or no tissue. This reveals a103

spurious correlation between the tissue size and the label. One possible cause for this correlation is104

the spatial geometry of the tissue and the binary labeling scheme. In the dataset under study, tumor105

regions tend to be convex-like structures and cover large portion of the high-resolution images, with106

little surrounding healthy tissues.107

ERM-trained models often exploit spurious correlations in datasets when they are prevalent and easier108

to learn than the causal features [23]. To examine whether models exploit the spurious feature in our109

case, we visualize in Figure 1 (bottom row) the fraction of correctly and incorrectly classified patches110

along with each of the estimated distributions in Equation (4) (training setup described in Section 4).111

We observe that the model performs relatively better on patches where the tumor occupies a large112

fraction of the patch. Specifically, the proportion of correctly classified positive samples, relative to113

the total number of samples within the corresponding histogram bins, is higher for patches with large114

tumor coverage (high rtumor
Pk

) compared to those with small tumor coverage. The opposite trend is115

observed for non-tumor patches, where bins that represent high tissue ratios exhibit a relatively higher116

proportion of misclassifications. This indicates that ERM-trained models can exploit correlations117

between tissue size and label rather than relying solely on tumor-specific features, underscoring the118

need for debiasing strategies to improve performance on underrepresented patch types.119

3.2 Debiasing Spurious Correlations in Patch-wise Classification120

Bias mitigation has been extensively studied in computer vision, particularly in contexts where models121

inadvertently rely on spurious, non-causal features such as background or texture cues. Extensive122

prior work has considered discrete spurious attributes (e.g., gender, color, or environment), which123

enable group-based analysis and optimization [36]. To leverage these established methods, we124

discretize the tissue-size attribute into two categories, small and large (Section 3.2.1). We then apply125

a recently proposed gradient extrapolation-based debiasing technique, GERNE [3] (Section 3.2.2),126

which can be adapted to maximize WGA through tuning its hyperparameters.127

3.2.1 Binarization of Tissue-Size Spurious Feature128

we binarize rtissue
Pk

using a threshold τ ∈ [0, 1], creating a binary spurious attribute zPk
defined as:129

zPk
=

{
0, if rtissue

Pk
< τ (small tissue),

1, if rtissue
Pk

≥ τ (large tissue).
(5)

As a result, we obtain four distinct groups corresponding to the combinations of the binary patch130

label and the binary spurious attribute.131

3.2.2 Gradient Extrapolation for Debiased Learning (GERNE)132

In this work, we adopt GERNE [3] to reduce the negative effect of spurious correlations, owing to its133

conceptual simplicity, ability to maximizing for WGA, and computational efficiency.134

Before each model parameters update, GERNE constructs two mini-batches with different levels135

of spurious correlations: a biased batch Bb, reflecting the dataset’s inherent bias, and a less-biased136
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batch Blb with a more blaanced group distribution. Let Lb and Llb denotes the corresponding training137

losses, and their gradients with respect to the model parameters θ be gb = ∇θLb and glb = ∇θLlb.138

GERNE computes an extrapolated gradient: gext = glb + β (glb − gb), which is then used to update139

the model parameters. The extrapolation factor β is a hyperparameter that controls the degree of140

directing the learning process in a debiasing direction.141

4 Experimental Results142

Dataset and Implementation Details. We generate training, validation, and test sets following143

the preprocessing pipeline in [5]. We assign patch-level binary labels to the extracted patches using144

the procedure described in Section 2.1 (see Figure 1 (top row)). We employ a ResNet-50 backbone145

pretrained on ImageNet-1K, followed by one fully layer with two outputs, and use Cross Entropy as146

loss function to minimize.147

Evaluation Metric. We use the validation accuracy for model selection and hyperparameter tuning,148

and report the following two metrics on the test set for each experiment: WGA, which measures the149

lowest accuracy across groups, and Balanced-Class Accuracy (BCA), which computes the average150

accuracy across classes. For the ERM-trained model, we use both metrics as evaluation criteria,151

whereas for GERNE, we use only WGA.152

Results. In Table 1, we report the results for two different thresholds τ = 0.1 and τ = 0.03.153

Table 1: Comparison of models performance using ERM and GERNE under two different tissue ratio
thresholds. Accuracies (%) are reported using two metrics on test set: WGA, and BCA. Results are
averaged over three trials (mean ± std). Best results are bolded.

Method Eval. Metric τ = 0.1 τ = 0.03

WGA BCA WGA BCA

ERM BCA 63.75 ±0.68 93.51±0.51 48.94±1.32 93.47±0.58
ERM WGA 73.54 ±0.82 92.30±0.29 69.46 ±0.91 92.94±0.66

GERNE WGA 80.93±0.94 90.90±0.22 76.40±0.46 88.63±0.57

In table 1, we observe two key findings. First, for ERM, WGA on test set is higher when this metric154

is used as the evaluation metric compared to using BCA, supporting the conclusion in [36] about the155

importance of carefully selecting the evaluation metric. Second, GERNE consistently outperforms156

ERM in terms of WGA for the same evaluation metric (WGA) across both tissue ratio thresholds,157

improving WGA by approximately 7% in both cases, with only a minor decrease in BCA. The158

improvement is particularly important for small-tissue tumor patches (minority group) that include159

tumor boundary cases, where detecting the presence or absence of tumor is especially challenging.160

Accurate classification of these patches is critical for surgical decision-making, highlighting the161

clinical relevance of mitigating spurious correlations in patch-wise tumor classification.162

5 Conclusion163

In this work, we investigate the emergence and mitigation of spurious correlations in patch-wise164

binary tumor classification on high-resolution multimodal imaging data. Through systematic analysis,165

we show that tissue size acts as a spurious attribute strongly correlated with patch labels. To counter166

the negative effects of this spurious correlation, we formulate the spurious attribute as a binary167

variable and apply a gradient extrapolation-based debiasing method. We demonstrate consistent168

improvements in WGA over ERM across two different thresholds, which is particularly important for169

tumor patches with small tissue regions, cases that are challenging for surgeons to assess.170

Future work will examine how patch size affects spurious correlations and model performance, and171

explore alternative debiasing strategies that address multiple or continuous spurious attributes without172

relying on binarization. In addition, we aim to investigate how such correlations arise in and affect173

the full segmentation tasks, and extend our analysis to other high-resolution domains, such as remote174

sensing and materials science, where patch-wise classification may similarly introduce bias.175
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