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Abstract. Deploying deep learning-based imaging tools across vari-
ous clinical sites poses significant challenges due to inherent domain
shifts and regulatory hurdles associated with site-specific fine-tuning.
For histopathology, stain normalization techniques can mitigate dis-
crepancies, but they often fall short of eliminating inter-site variations.
Therefore, we present Data Alchemy, an explainable stain normaliza-
tion method combined with test time data calibration via a template
learning framework to overcome barriers in cross-site analysis. Data
Alchemy handles shifts inherent to multi-site data and minimizes them
without needing to change the weights of the normalization or classi-
fier networks. Our approach extends to unseen sites in various clinical
settings where data domain discrepancies are unknown. Extensive exper-
iments highlight the efficacy of our framework in tumor classification in
hematoxylin and eosin-stained patches. Our explainable normalization
method boosts classification tasks’ area under the precision-recall curve
(AUPR) by 0.165, 0.545 to 0.710. Additionally, Data Alchemy further
reduces the multisite classification domain gap, by improving the 0.710
AUPR an additional 0.142, elevating classification performance further to
0.852, from 0.545. Our Data Alchemy framework can popularize precision
medicine with minimal operational overhead by allowing for the seam-
less integration of pre-trained deep learning-based clinical tools across
multiple sites.
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1 Introduction

In recent years, deep learning-based methods have performed well for vari-
ous medical imaging analysis tasks such as disease diagnosis, classification,
and segmentation [1,21]. However, according to the United States Food and
Drugs Administration, there is no approval for artificial intelligence and machine
learning-enabled medical devices in histopathology for the calendar year 2023
[4]. This suggests few of the developed methods are usable in a clinical setting
— particularly in histopathology, due to known challenges of generalizability and
robustness across sites. Data and protocol variability across sites further hamper
the approval of regulatory compliance for such tools [3,7]. The typical approach
to improve a model’s performance and generalizability is to calibrate each model
at every site before deployment [12,18]. While effective in some circumstances,
model weight calibration resulting in substantial parameter-related modifications
necessitates regulatory re-approval. To overcome these challenges, we propose a
different approach. Instead of performing weight calibration that would necessi-
tate regulatory re-approval of the model, we perform data calibration/template
learning using Data Alchemy to reduce the gap domain and hence, solve the
generalizability problem at test time. To establish the efficacy of this approach,
we address tumor classification in digital histopathology images.

In histopathology, cells and tissue samples must be stained to be visible under
a microscope. Then, they are digitized using microscopic scanners. The result-
ing samples’ appearance varies depending on several factors such as the used
reagents, staining procedure, and scanner specifications. Such variations directly
affect analysis performed both by a pathologist or automated classification algo-
rithms [22]. Stain normalization has been investigated as a pre-processing step
to reduce color variations between histopathology samples. This involves trans-
ferring the color (stain) of a source histology patch to a target patch, while pre-
serving the morphological tissue structure (content). Several studies have shown
that data augmentation and stain normalization help increase the prediction
accuracy [23,27,28]. However, striking the appropriate balance between struc-
ture preservation and color consistency is challenging, as the resulting samples
either contain artifacts and hallucinations or suffer in color appearance.

Related Works: Conventional stain normalization methods are mostly based
on histogram transformations or color deconvolution (stain separation) [6,8].
Histogram transform-based methods usually impose the color characteristics of
a reference patch to another source patch using linear transformations [19,30].
Color deconvolution is a method for decoupling light-absorbance and stain con-
centration in each pixel using spectral characteristics of different stains [17]. In
other works, such as [15], RGB images are transformed into optical flows for esti-
mating the stain vectors using singular value decomposition (SVD). However,
these methodologies tend to generate artifacts in the background and/or color
discontinuities in the normalized images.

Recent efforts have focused on deep learning-based methods, especially those
using generative adversarial networks (GANs). GAN-based methods target stain
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Fig. 1. Stain normalization during training (left) and inference (right).

normalization as a style-transfer problem [5]. Some proposed methods have used
cycle-consistent generative adversarial networks (cycleGAN) to match the tar-
get distribution [10,20,25]. In another approach, content was disentangled from
style, opening the possibility of multiple stain representations and, in classi-
fication tasks, outperforming conventional color augmentation techniques [29].
However, GANs are computationally expensive, are prone to mode collapse, and
can lead to undesired changes in the underlying morphological structures [8].

Our Contribution: 1) A stain normalization method that combines the
advantages of Singular Value Decomposition (SVD) transformations in the latent
space with the non-linearity of convolutional networks to ensure structure preser-
vation in a simple, interpretable, and computationally efficient manner. 2) We
propose a test time data calibration method via template learning called
Data Alchemy that improves model generalizability without altering parameters
during testing, thus maintaining regulatory compliance. 3) We demonstrate the
effectiveness of our strategies by evaluating them on histopathological tumor
classification data.

2 Methods and Experimental Settings

2.1 Explainable Stain Normalization

We approached histopathology stain normalization as an image reconstruction
task using feature transformation during inference, as shown in Fig. 1. Specif-
ically, an image reconstruction network was trained using image I, such that
I = dec(enc(I)), where enc(.) and dec(.) are the encoder and decoder, respec-
tively. Feature transformations were done using whitening and coloring trans-
forms, proposed for arbitrary style transfer between natural images [14].

The whitening transform was defined as f. = E. D. 3 ET enc(I.), where D,
is a diagonal matrix of eigenvalues and F. is the orthogonal matrix of eigenvec-
tors of the covariance matrix enc(1.)-enc(I.)T, and I, represent the patches that
need to be re-stained. The covariance matrix is positive semi-definite, ensuring
all eigenvalues > 0. This whitening transform removed stain-specific information
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Fig. 2. Data Alchemy uses the normalization network and a classifier to learn a
template at test time to improve the classifier performance when deployed at a site.

while preserving structure-related information from the patch that needs to be
re-stained.
The “whitened” f. was then “colorized” using the coloring transforms,

defined as f., = FE, Ds_% ET f. [9,14], where D, is a diagonal matrix of
eigenvalues and FE is the orthogonal matrix of eigenvectors of the covariance
matrix enc(ly) - enc(I;)T, and I, represents the patch whose staining parame-
ters are used to stain the patch I.. The coloring transform added stain-specific
information from I, to the “whitened” f..

The features of I. can be blended using a parameter « with re-stained fea-
tures, fes, to control the stylization effect [14], as fos = afes + (1—a) enc(l,).
For patch staining, we set a = 1 as we aim to produce a stained patch and not
control stylization.

Implementation Details: We used all layers of VGG-19 [26] upto ‘conv_3_3’
as the encoder and the exact inverted architecture of the encoder as the decoder
(Fig.1). We minimized L1 as a reconstruction loss using the AdamW optimizer
for 10 epochs with a batch size of 96 and a learning rate of le=*. The best-
performing model on the validation set was saved for stain normalization.

2.2 Downstream Classification Task

To evaluate our stain normalization method, we reimplemented a downstream
classification task from [13]. We used the ResNet-34 to identify tumor cells in
small patches of whole slide images (WSIs). The classifier was trained using
patches from one site, and tested on the unseen site. We compare the ResNet’s
accuracy using stain normalization with a fixed patch template and our proposed
test time data calibration to establish generalizability.

Implementation Details: We trained three models (ResNet-34): one on site,
A, one on site B, and one on combined sites (A and B). The models were trained
with augmentations from [13], which included color jitter, changes in brightness,
hue and saturation, random flips, and rotation. We minimized the cross-entropy
loss for tumor wvs. healthy patches using the AdamW optimizer for 60 epochs
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Table 1. Data summary of the splits, sites, and number of patches for the CAME-
LYON 16 [2]. The WSI for each of the sites is available in appendix A.

Site A Site B
healthy|tumor healthy|tumor
Train 77,204 |52,000/ 71,447 60,000
Validation| 33,306 |58,000 11,551 | 8,000
Test 20,183 34,000 8,449 12,000

with a batch size 256 and a learning rate of le™*. The model with the best
validation metrics was chosen as our classifier.

2.3 Data Alchemy: Test Time Data Calibration

For classifiers trained in Sect. 2.2 to function optimally at different sites, a cali-
bration step was necessary. We used the normalization method from Sect. 2.1 to
adjust incoming patches to familiar stain parameters. Since we did not want to
alter model weights, we propose adjusting the target template of the normaliza-
tion network instead.

We randomly drew a real patch from the classifier’s training site to instan-
tiate a template. We froze the normalization network and the classifier and set
the template tensor as learnable. During calibration, labeled images from the
test site were normalized to match the staining of the training site. These stain-
normalized images were passed through the classifier to obtain class logits, which
were used to calculate the losses with the labels of the patches. The only learn-
able parameter was the template, so gradients were calculated for it, and over
multiple iterations, the optimizer learned a synthetic template. Thus, the clas-
sifier guided the normalization network in modifying the template to improve
the site’s classification accuracy. This calibration step, was performed during
deployment and is the test-time calibration called Data Alchemy. The schematic
for test-time calibration is shown in Fig. 2.

Implementation Details: The validation set from the sites is used to learn
a template for calibrating the classifier. Half of the dataset was used to learn
the template and the rest is the validation set of the data calibration step.
Optimization is performed for 10 epochs to minimize the cross-entropy loss using
the AdamW optimizer with a batch size of 256 and a learning rate of le~%.

2.4 Dataset

We used CAMELYON 16 [2], a public dataset consisting of 400 WSIs of sen-
tinel lymph nodes from two sites, site A - Radboud University Medical Cen-
ter, Nijmegen, and site B - University Medical Center, Utrecht. Further, we
used coordinates provided by Baidu Research [13] to determine the presence or
absence of tumor cells in 256 x 256 patches. The site-wise sample distribution is
presented in Table 1.
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Fig. 3. Qualitative visualization of stain normalization. A detailed version is avail-
able in appendix C.

2.5 Evaluation Metrics

Stain Normalization: We used metrics of structural similarity index mea-
sure (SSIM) and peak-signal-to-noise ratio (PSNR) [24] for evaluation. We also
used specialized metrics cycleL1 and AP(i,p) [16] to quantify the preservation
of structural information and the accuracy of stain normalization. cycleL1 =
e, sty(sty(l., Is), I.)||, is the norm between the original patch I. and the
reconstructed original patch after two stain normalizations using normalization
network sty(.). Sty(.) stains I. to the parameters of I, from another site. This
stained patch is re-stained with the staining parameters of I. to get the recon-
structed original patch. For WSI, we adapt AP(i,p) to measure changes in
boundaries within patches highlighted using Sobel filters [11]. For ideal stain
normalization, cycleL1 be 0 and AP(i,p) should be 1.

Tumor Classification: We used the area under the precision-recall (AUPR)
curve and the area under the receiver operating characteristics (AUROC) curve
as metrics. Additionally, we reported a F'1 score using the best threshold from
the precision-recall curve.

3 Results

3.1 Comparison with Other Stain Normalization Techniques

For Data Alchemy, the staining method must be controllable and capable of
handling unseen stains during testing. So, we compare the performance of our
proposed stain normalization method with HistAuGAN [29], both quantitatively
and qualitatively. Figure3 shows examples of stain normalization on different
patches. Both approaches reduce the color appearance variations and create
plausible stained samples while preserving the general structure visible in the
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original patches. However, Hist AuGAN does not preserve the exact structures
present in the original patch. It hallucinates additional nuclei and generates arti-
facts in the white background (Appendix C). In contrast, our method preserves
structural details better without any hallucinations or artifacts.

Table 2 shows that our proposed stain normalization has a lower cycleL1 error
compared to HistAuGAN. Moreover, our proposed method performs better in
terms of SSIM and PSNR. These, together with higher values of AP(i,p) and the
qualitative examples, suggest that our proposed method is better at preserving
the structural information present in the original patch, hence a better choice for
stain normalization. Therefore, the subsequent classification tasks are performed
using our proposed stain normalization module.

Exploring Explainability in Stain Normalization: In Fig. 4, we show an
example of the normalization of site A to site B. We can see that post normal-
ization the higher eigenvalues of site A become smaller with lower eigenvalues
of site B. Also, site A normalized to site B looks much closer to site B than to
site A. We hypothesize that eigenvalues and vector manipulation are sufficient
in stain blending, as shown in Fig. 5. We can control the blending of two patches

Table 2. Quantitave performance comparison between various stain normalization
methods. The reported numbers are average + standard deviation.

cycleL1 SSIM PSNR | AP(i, p)
AtoB
Hist AuGAN 0.060 + 0.0140.691 + 0.087/14.893 + 3.3190.713 + 1.123
Ours  0.046 + 0.018/0.918 =+ 0.060/17.570 =+ 3.061/0.744 + 0.269
B to A
Hist AuGAN 0.062 = 0.013(0.720 £ 0.068 14.465+ 2.714/0.553 & 1.556
Ours  0.043 + 0.0300.896 = 0.139/18.827 + 3.783/0.845 + 0.123

SITEA
(CONTENT)

SITEB
(STAINING)

SITE ANORMALIZED
TOSITEB

Fig. 4. Eigenvalue and vectors of a content, stain, and stain normalized patch
projected onto a 3D sphere. Each point of the surface represents an eigenvector and
the color represents an eigenvalue. Red signifies a smaller and blue higher eigenvalues.
(Color figure online)
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Fig.5. Eigenvalue blending of the content and stain patches produces different
staining. The (%) in the arrows are the content and stain patches blending weights.

directly by purely using eigenvalues and vectors from two different sites. By con-
trolling the effect of the eigenvalues and vectors, we can control the staining to
one particular site or the other. The manipulation of the eigenvalues helps us
understand why one site is stained in a particular way compared to the other.

3.2 Stain Normalization on Downstream Task

Table 3 shows that the classifier performs best when trained on data from both
sites A and B. The upper bound model (UBM) represents the classifier trained
and tested on the same data location, while the lower bound model (LBM)
shows the performance drop (0.394 AUPR) when testing on a site different from
the training site. Stain normalization to a single template from site A improves
classifier performance beyond the LBM when the classifier is trained on site A

Table 3. Quantitative performance of tumor and non-tumor classification of
patches in various settings. UBM and LBM are expected Upper Bound Model and
Lower Bound Model performance when trained with one dataset only. Train, Norm,
and Temp refer to the train data site, normalization, and normalization template site,
respectively.

Norm Testing on Site B Testing on Site A
Train| Temp |AUPR/AUROC| F1 |Train| Temp |AUPR/AUROC| F1
Best Case No |A, B, - ]0.939| 0.904 |0.850/A, B| — ]0.939| 0.912 |0.878
UBM No | B — 10.916 | 0.888 |0.840/ A — 10.930 | 0.881 |0.848
LBM No | A - 10.545| 0.525 0.771 B — 10.841 | 0.774 |0.787

Stain Normalization
1 Template Yes | A A ]0.710 | 0.704 |0.792] B B 0.648 | 0.578 |0.771

10 Template | Yes | A A 0672 0.689 0.799 B B ]0.686| 0.630 0.773
(Ensemble)

1 Template Yes | A B 0587 0.591 (0.782| B A ]0.726 | 0.652 |0.780
(Test Data)

Data Alchemy: Test Time Data Calibration
| Yes | A |Learnt 0.852| 0.833 0.817 B |Learnt| 0.928 0.890 |0.856
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and tested on site B. Using one or ten templates increases the AUPR scores by
0.165 and 0.127, respectively, over the LBM. When using a template from site
B with a model trained on site A, we observe a negligible improvement of 0.042.
This demonstrates that stain normalization improves classifier performance.
Table 3 also shows that in some scenarios, the LBM is close to the UBM,
indicating that training on site B captures the necessary data diversity for good
performance on site A. More visualizations of the phenomenon are in Appendix
B. So When staining patches from site A to B, there is a drop of 0.193 and 0.155
AUPR using one or ten templates, respectively. A single template from site A
only drops performance by 0.115. Overall, these findings suggest that static stain
normalization may not always be beneficial for classifier performance.

3.3 Test Time Data Calibration

Since static stain normalization may not guarantee optimal performance and
we cannot update the model parameters due to regulatory concerns, we apply
Data Alchemy to the classifier. In Table 3, the classifier trained on site A and
tested on site B, the learned template boosts performance by 0.307 AUPR over
the LBM and is just 0.064 below the UBM. Additionally, the classifier trained
on site B and tested on site A also improves performance by 0.087 AUPR over
the LBM and is only 0.002 below the UBM. We also observe an improvement
of 0.009 AUPR and 0.008 F1 score of the data-calibrated model over the UBM.
This demonstrates that Data Alchemy’s learned template enhances classifier
performance across different sites and has the potential to surpass the UBM.

4 Conclusion

We propose an effective and explainable stain normalization strategy that pre-
serves the image structures and reduces stain variance between a template image
and the original patch. Moreover, data calibration using Data Alchemy improves
the classification accuracy without retraining of any kind. It serves as a step that
enhances classifier generalizability, reducing the domain gap between multiple
sites. Apart from easing regulatory approval hurdles, Data Alchemy may be
used for onsite model weight calibration when it is difficult to access the model
(e.g., API-based interaction) or update the model (e.g., black boxes that do not
support retraining or continuous learning).

Acknowledgements. This work was supported by the National Cancer Institute
award UG3CA236536.
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