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Physical imaging parameter
variation drives domain shift

z Kilim?, Alex Olar?, Tamas Jo6%3, Tamas Palicz?, Péter Pollner®*>* & Istvan Csabai’*

Statistical learning algorithms strongly rely on an oversimplified assumption for optimal performance,
that is, source (training) and target (testing) data are independent and identically distributed.
Variation in human tissue, physician labeling and physical imaging parameters (PIPs) in the generative
process, yield medical image datasets with statistics that render this central assumption false.

When deploying models, new examples are often out of distribution with respect to training data,
thus, training robust dependable and predictive models is still a challenge in medical imaging with
significant accuracy drops common for deployed models. This statistical variation between training
and testing data is referred to as domain shift (DS).To the best of our knowledge we provide the first
empirical evidence that variation in PIPs between test and train medical image datasets is a significant
driver of DS and model generalization error is correlated with this variance. We show significant
covariate shift occurs due to a selection bias in sampling from a small area of PIP space for both inter
and intra-hospital regimes. In order to show this, we control for population shift, prevalence shift,
data selection biases and annotation biases to investigate the sole effect of the physical generation
process on model generalization for a proxy task of age group estimation on a combined 44 k image
mammogram dataset collected from five hospitals.We hypothesize that training data should be
sampled evenly from PIP space to produce the most robust models and hope this study provides
motivation to retain medical image generation metadata that is almost always discarded or redacted
in open source datasets. This metadata measured with standard international units can provide a
universal regularizing anchor between distributions generated across the world for all current and
future imaging modalities.

Supervised training of deep neural networks has proven successful for learning representations that are task
specific. An important example of this is localisation and classification of tumors in mammograms'. In this
context, neural network based models have the potential to outperform traditional Computer-Aided Detection
(CAD) software that relies on handcrafted features® in the metrics of sensitivity and specificity. Deployment of
such models in real clinical settings can aid prognosis for patients with breast cancer® where false positive results
are common and patients often unnecessarily take part in a medical biopsy that carries risk as well as poten-
tially psychological distress*. These models can also reduce routine workload for radiologists where nationwide
screening takes place as well as enable screening to take place in countries where there is a scarcity of trained
radiologists. Despite in-house testing success across research groups and even in industry, a ubiquitous pitfall
with such models is a significant drop in model performance when released into the real world>®. In the medical
field such a lack of robustness is especially concerning as it translates into patient risk.

To further explore this issue of model robustness we must define some terms; ’train set’ and ’test set’ refer to
the set of images an algorithm is trained and tested on. The terms source’ and ’target’ domain are more general
and refer to groups of images. We could generate a train and test set from a source domain. A domain label is a
vendor or hospital ID in this study. This generalization issue is one of the core challenges in the field of machine
learning (ML) at the time of writing and is widely accepted to be caused by the phenomenon of domain shift (DS)
i.e the image statistics of a new test set are different from what the model was trained on, clinically, training a
lesion classifier on images from hospital A but using the model to make clinical inference for images from hospital
B. This kind of test set is termed out of distribution’ (O.0.D). In representation learning terminology the learnt
features in the models internal representation are not general enough to be applicable to new O.0.D datasets®.
Unlike other dataset generation factors, physical imaging parameters (PIPs), namely mechanical configuration,
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Physical param Physical param Physical param
(PIP) Example | InEq.(1) | (PIP) Example |InEq.(1) | (PIP) Example | InEq. (1)
X-ray tube current . Positioner primary | _
(KeV) 62.0 S(E) Exposure time (ms) | 613.0 n(E) angle (%) 50.0 [
. Body part thick-
Exposure in (uAs) | 61500.0 Ey Organ dose (mGy) 0.01275 | Ey ness (mm) 44.0 r
Relative X-ray 5418.0 B Entrance dose in 5.418 B Compression force 70.0 .
exposure (mGy) (N)
Detector tempera- Pixel padding
ture (°C) 29.7 n(E) Focal spot(s) (mm) 0.3 6 range limit (px) 358.0 0

Table 1. Table of PIPs available for images from the three Hungarian hospitals. These physical parameters are
measured automatically by the machine at the time of imaging. There were many more parameters available
for each dataset but they were not all universally named between hospitals so were dropped to avoid false
comparisons. Each parameter has a direct or indirect relation to a term in Eq. (1). Some of these parameters
are derived from others thus should hold some redundant information, this further justifies the PCA space
analysis, see Fig. 5.
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Figure 1. Physical description of the X-ray imaging generative process G(a, p) where a is the tissue of interest
and p are the PIPs used for imaging of that tissue. The generated intensities (pixel values at positions (3, j)) of
image x(i, j) of breast b are strongly dependent not only on the human tissue a; imaged but also the values of the
PIPs (pp) used for that particular breast. This framework extends to all anatomy. Technicians attempt to correct
for variations in these images but still the variation is present'’.This process is non-invertible.

calibration, vendor and acquisition protocol within and between data collection sites are variable and directly
measurable as well as routinely logged, but rarely used beyond calibrations (See Table 1 for examples). Optimiza-
tion of PIPs in digital mammography necessitates maximization of the image signal-to-noise ratio (SNR), while
simultaneously minimizing patient X-ray dose’. By gathering mammography images and their respective PIPs
from multiple hospitals we will explore how they correlate with this issue of performance drop in deep neural
networks.

To understand how PIP variation shifts image statistics we must look into the physics of projectional radi-
ography which is well established. The generation of radiographic images can be described with an extension of
Beer-Lambert’s law to non uniform solids for a flat detector taking into account the inverse square law®:

Emﬂx
G= / 1G,j, E)S(E)dE + n(E)
0 (1)

o1 (irf) ..
1(i,j, E) = Egcos?(§)e™Jo~ m(Eipridr

with S(E) the spectrum of the incident X-rays, Ey the X ray energy at the tissue entrance point,E,,, the maxi-
mum energy of the spectrum, r the path through the tissue,0 the angle of the X-ray beam from the normal to the
plane and 1 (E) the measurement noise’. I(i, j, E) is the contribution to the X-ray intensity at point i, j from the
part of the energy spectrum E. i (E, i, f) is the tissue attenuation at depth r and energy E for a beam that ends at
point i, j on the detector (See Fig. 1).The ML community focused on overcoming the domain shift issue in medi-
cal imaging tasks tend to focus on x(i, j) and give the process G less attention despite it being well established
symbolically. The parameters of the process can be rearranged as tissue dependent (denoted by a) and physical
imaging (denoted by p) parameters G = G(a, p). In a particular investigation of breast b the process becomes
G = G(ayp, pp) as depicted in Fig. 1. In practice, py is freely available but normally discarded. Our work focused
on the effects of pj, variation on model generalization.

For this large scale study we trained a Resnet50'! convolutional neural network (CNN) for a task of age group
classification from mammograms in a supervised manner. The two age groups were defined as under and over
58 years of age at the time of imaging (as 58 was the mean patient age in our dataset). We trained the models on
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images from one hospital and tested them on held out independent and identically distributed (I.I.D) images
from the same hospital as well as O.0.D images from the same and other hospitals. Classically in multi-site-
imaging, L.I.D images are thought of as images from a single site, however, we show that a single site can have
such large variation in image output distribution that we can find O.0.D images from that same site that are even
“more” O.0.D than images from a different site. We had the PIPs for each of the 35,090 images out of 44,769 in the
experiment and used the supplementary open source images with unknown PIPs for methodological validation.

Related work
Due to its centrality in ML, domain generalization has well-established theoretical bounds'®'*. Learning within
the risk minimisation framework can be defined as:

h* = argminEy , ¥ [£(h(x), )] )
h

where  is a binary classifier, x is an image and y is its corresponding label, these images and labels are by defi-
nition from the source domain. £ is the loss function and E is the expectation over the entire dataset. Z is the
source domain distribution of images and % is the source domain distribution of labels. The goal of learning is
to optimize for a model 4*. We can define a model error for a source es(h)(training set) and target e (h) (possible
future test samples outside of the training set) as:

es(h) = Exy~gsllh(x) — yl] (3)

er(h) = ]Ex,yfv,@T [1h(x) — yl] (4)
where 9 is the source domain distribution and Zr the target. It is proven in'? that, for perfectly labeled datasets;
er(h) —es(h) < di(Zs, Z1) (5)

where d; is a measure of divergence of the domains. This bound states that, the larger d; is for a given problem
setting, the larger the worst case scenario will be for the classifier generalization to the target domain. During
medical imaging, physical imaging parameters (PIPs) vary within and between various vendors. These parameters
are often recorded and used for image normalization so mammograms are visually consistent for physicians to
read. It has been shown that variation in scanners can be subtle yet significantly affect model generalization'.
Domain labels are still learn-able within multi domain image sets even after state-of-the-art image pre-processing
and normalization, meaning residual signature domain information is difficult to remove from images.

In an effort to mitigate generalization error many domain adaptation (DA) methods have been formulated.
These can broadly be split into three approaches; dataset alignment, dataset enlargement and representation
alignment.

Dataset alignment: In'* the authors propose a CycleGAN-based DA method for breast cancer classification.
They use CycleGAN® to transform whole-slide mammogram test sets to match the style of the train set. These
methods all aim to align the domain statistics between train xs, ys ~ Zs and test x7, yr ~ P sets but are only
possible when the test sets are available at training time. This can also be described as the transformation of xr
images to “look” as if they were sampled from Zs originally, treating the true image generation variation as a
learnable non-linear transformation.

Dataset enlargement BigAug'® models degrade an average of 11% (Dice score change) from source to target
domain, substantially better than conventional augmentation for medical segmentation tasks. In'” the authors
create new ultrasound physics inspired augmentations for segmentation and classification tasks. In'® the authors
use MRI physics augmentations for deep learning MRI reconstruction. These methods all aim to expand the
source domain distribution to encompass target domain statistics.

Representation alignment These methods treat domain shift as a “style” change and force model internal
representations to be agnostic to these changes. Domain Adversarial Neural Networks (DANN)' leverage the
idea of a gradient reversal on a secondary task that is to predict domain labels in order to force a shared feature
representation to contain no domain specific information. In medical imaging®, propose a DANN-based multi-
connected adversarial network for brain lesion segmentation. Similarly, in*! the authors work on learning MR
acquisition invariant representations with the use of a Siamese loss function enforcing variation between scan-
ners to be minimal while the variation between tissues to be maintained. In* the authors separate content and
“style” with a Fourier transform to perform Federated Learning with shared styles without sharing the content.
An important note and challenge for all of these approaches is that it is still not well established that variation
in PIPs only drives high level “style” changes.

Data

The datasets used were collected from three Hungarian hospitals. Two open source datasets**~** were also used
for methodological validation. The years of collection of the Hungarian datasets overlap (see Fig. 2) as well as
their mean histograms of gray level values. We defined PIPs (see Table 1) as the list of physical imaging param-
eters available as metadata. These parameters were only available for the three Hungarian datasets. Each image
has its own PIPs. We resolve the PIPs into groups related to known variables in the physics of the X-ray image
generation process. These PIPs are in SI units and so are comparable across all vendors worldwide. All standard
DICOM files contain this metadata®. The two other datasets did not include PIPs.
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Figure 2. The full dataset is made from 3 Hungarian hospitals:A, B, C and two open source datasets:
CMMD?-% and CBIS-DDSM?**-%5, All images underwent the same pre-processing pipeline prior to experiments.
Row 1: Example images*. Row 2: Age distributions for each dataset with 20 bins, x axis is age group. Row 3:
Mean gray level histogram for each dataset after pre-processing on a scale of (0-255).*Data usage statement*—
The images were chosen as the most “average-looking” so as to best reflect the broad dataset they were selected
from. These images that have no distinctive signature features of interest or medical relevance, this includes
breast implants and surgical markings. In order to anonymize images we downsized the 3000 px x 4000 px
DICOM images to 244 px x 244 px resolution. Full description of datasets vendors and years of collection can be
found (see Table 2).
Hospital code A B C CMMD CBIS-DDSM
Massachusetts General Hos-
pital, Wake Forest University
i * * School of Medicine, Sacred
Hospital name(s) A B Cc* Unknown Heart Hospital, and Wash-
ington University of St Louis
School of Medicine
Country Hungary Hungary Hungary China USA
. . Siemens, LMAM1, PRO-
Vendor name Senographe Essential VER- | Senographe Essential VER- CESSING Mammo Insight GE Senographe DS mam- various
SION ADS 55.31.10 SION ADS 54.20 View 1.0 - S FILTER mography system
Number of images 23671 3599 7820 1871 7808
Years of image collection | 2016-2020 2014-2018 2019-2020 2012-2016 1997

Table 2. In depth description of data sources. * Hospital names are redacted.

Methods and results

All experiments were performed in accordance with relevant named guidelines and regulations. Data were used
by permission of the publicly open database licences and by the ETT TUKEB 14945-4. Informed consent was
obtained as regulated, and experiments were approved by the Medical Research Council Committee of Science
and Research Ethics in ETT TUKEB 14945-4. The research have been performed in accordance with the Dec-
laration of Helsinki.

The proxy task of age group classification was used to ensure very high ground truth label accuracy thus
avoiding annotation bias. All datasets underwent the same routine mammogram image pre-processing pipeline.
Overexposed images were removed automatically with the condition of the mean pixel value of the given image
being over 150. The remaining images were first binarized to create a mask based on a threshold pixel value of 50
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Figure 3. (a) Age group binary classification task validation accuracy results for each group. Hospital A is an
LLD group where the validation set is a held out section of the training set. The other 4 sets are O.0.D sets from
two other Hungarian hospitals. (b). Each point is the PCA projection of 12 image PIPs for a single medical
image. Our results show that domain shift increases with change in the physical image generation parameters
that technicians control. This is demonstrated for both inter and intra hospital scenarios. Legend on figure (a) is
the same as for figure (b).

; pixels with intensities over 50 out of a possible 255 were set to 1 and under 50 were set to 0, and then the largest
binarized connected area (always the tissue for our images) was kept. This removed all unwanted image markings
in the mask. The original, unbinarized image was then multiplied by the binarized mask creating a version of the
original image that was cleaned of markings. The cleaned images then underwent the Contrast Limited Adaptive
Histogram Equalization (CLAHE)* algorithm. Images with breast tissue on the right side were then reflected
along the y axis of the image so breast tissue was always set to the left side. See Fig. 2 row 1 for examples. Finally
the images were downsampled to 244 x 244 pixels and pixel intensities were normalized to values between — 1
and 1. Downsizing images does often reduce model performance for medical imaging tasks with CNNs as there
are features that are lost in this downsizing process®!. However, in this study all images are downsized from the
same initial dimensions (3000 px x 4000 px) so it is fair to assume the relative reduction in accuracy between
each hospital should remain the same. 244 pixels per dimension is not far from the optimal range stated in’'.

The baseline networks were Image-net* pre-trained Resnets. They were trained with Ir = 5 x 10~*and batch
size 32 on 2 Quadro RTX 45GB Nvidia GPU machines. All model training was implemented in PyTorch (1.10)%.
Training sets contained 1000 images per age group from hospital A, this was chosen as a compromise of training
times and size of generalization gap, we performed tests to test this and understand how the generalisation gap
changes as training sets varied (See Supplementary Fig. S1. for analysis on training set size and generalization
gap). Test sets were 150 images per age group for other hospitals. These test sets were randomly sampled within
pre-defined groups based on PIP values see Fig. 3. As the task was binary classification, all test and train sets
contained an equal number of samples from each age category.

In this study we control for the known drivers of domain shift to understand how independent variation in
PIPs translate to generalization error for deep neural networks. To control for population shift** we take images
from the same country and ethnic group®. To control for selection bias*® we make sure each data set is gathered
with the same criterion, namely: the national mammography screening program in Hungary*, there is also sup-
plementary open source data used for methodological validation. To control for annotation shift** we train our
models on the proxy task of age group classification where we have perfect ground truth labels. The measured
domain shift between the datasets can then be attributed almost purely to the variation in PIPs for each image.

Age prediction from mammograms: Breast density is a measurement of the ratio between radiodense epi-
thelium and stroma to radiolucent fatty tissue. Dense tissue has generally been associated with younger age and
premenopausal status, with the assumption that breast density gradually decreases after menopause®. These
visual features give grounds for the potential for age prediction from mammogram images. This potential was
realized in*® where the authors achieved a validation mean average error (MAE) of 8 years and was proposed as
a tool for filling in missing tabular data.

The networks were trained with the stochastic gradient descent (SGD) optimizer without augmentations
with a cross entropy loss function;

Ly,?)=—(log(? )+ (1A —ylog(l —2)) (6)

where y is the true age group label and 2 is the model prediction. Non-numerical PIP data was removed.
Data from each hospital was combined and normalized with the standardscaler() sklearn function. Principal
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Figure 4. Smoothed, mean training schedule over 5 runs. Resnet50 trained on 1000 A images per class (under
vs over 58 years). 150 images for each testing class from each dataset. This illustrates the clear generalization gap
between A test LLD test sets and all other O.0.D test sets. A 5-10% drop in accuracy on test images that visually
similar illustrates that PIP variation is a large contributing factor of domain shift. See supplementary Fig. S2. for
examples with other Resnet networks each with similar results.

Image std Tissue percentage in image Age group

Under 58
Over 58

Figure 5. PIP PCA projections for all A, B and C data. Each point represents the PIPs for one image; its color
represents some statistic of that image. (a) The mean pixel value (Gray scale intensity of each pre-processed
image) is relatively evenly distributed in the space. (b) The standard deviation of pixel values is also randomly
distributed. (c) The percentage of pixels in the image that are of tissue does vary in one of the principal
components. (d) Age groups are homogenous in PIP space. In accordance with age group prediction being
impossible from PIPs. PCA naturally compresses the redundant information from some derived PIPs without
having to know which parameters are derived from which by the imaging system.

component analysis (PCA) with two principal components was performed on the tabular data for visualization
purposes. A control experiment was run to see if the age groups were predictable from the PIPs with a random
forest classifier. The model accuracy was 56.75% + 2.19% (95% confidence interval) indicating PIPs were largely
independent from the patient age group and thus age group classification was an appropriate proxy task for the
evaluation of PIP values on model robustness (see Fig. 5d for visualisation of homogeneous mixture of points).

Figure 3 illustrates the correlation found between sampled test sets position in PIP space and the increase
in model generalization error (drop in age group classification accuracy). The “PIP space Euclidean distance
from training centroid” is the distance in the PCA projection in PIP space between each hospital PCA PIP
centroid and the A PCA PIP centroid (Fig. 3b). These are the results of a experiment where 1000 Images were
sampled randomly from hospital A for training. The tests sets are taken from A (images not used in the train-
ing set), hospital B (sampled completely randomly), the C hospital which was deliberately separated into 3 test
set sampling areas to illustrate that even within one hospital, generalisation error increases as a function of PIP
space distance from the training PIP centroid. The results are the mean of 5 tests sets generated for each point
with the error of one standard deviation for a given point. Figure 4 illustrates the learning for the task over 50
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Figure 6. (a) Radial experiments in PIP space. Taking images exclusively from the center of the distribution
of A for a training set and testing on test sets at different radii allows for the study of domain shift as a function
of image distance from the training cluster PIP space. (b) “X-ray PIP-space” : PCA space for two principal
components of 31,090 images PIPs for A, B and C datasets.

epocs A train manages to overfit. Domain in medical imaging is treated as a set of non-ordinal discrete labels
usually referring to hospitals or vendors but we provided evidence that domain has some continuity due to its
dependence on PIPs which are themselves continuous values. This bridging space is common for all existing
mammography imaging devices worldwide and is more granular than a simple domain or hospital label. There
is an equivalent PIP space for other modalities: MRI*’,Ultrasound*!. In MRI some examples of PIPs would be
Repetition Time, Time to Echo and magnetic field strength. For Ultrasound some examples would be frequency,
dynamic range and incidence angle. In principle a PIP is any parameter that can be varied in G for any modality
and may have variable effects on DS (Fig. 5).

In the radial experiment (Fig. 6) a more granular approach was taken; test sets were sampled from “ring like”
regions at a constant distance from the center ring where all the training examples were taken from. This allowed
for better sampling as a function of distance in PCA space. Accuracies as a function of PIP distance from the
training set were almost overlapping (excluding the point from the A training set at a distance of 4) meaning
PIPs have some predictive power for preemptively assessing generalization error for a new hospital. Domain
labels are useless for this prediction.

Discussion

The variation of PIPs do not largely show in image histograms post CLAHE yet this pre-processing tool is not
enough to eliminate the subtle changes in image statistics as a function of PIP. This is concordant with literature'®.
Even if .1.D images and O.0.D images look the same to the human eye we still see a model generalization error
when testing on these images. This indicates that domain shift can take place even with very small changes
somewhat akin to the issue of adversarial examples*?.

The PIP space PCA allows for feature ranking. Figure 7 outlines further exploration into the feature impor-
tance of each PIP in its ability to describe DS. We see many PIPs are of a similar importance further emphasis-
ing the need to use some kind of full PIP space or manifold to provide good distance measures that we have
shown correlate with DS. Due to this even importance of PIPs, no obvious PIP seems particularly dominant for
explaining DS. Entrance dose, relative exposure and body part thickness are correlated and contribute strongly
to PC1. Detector primary angle, detector temperature and X-ray current are somewhat correlated and strongly
contribute to PC2. The Fig. 7 subplot shows that to explain the full variance of PIPs we may need to take into
account more dimensions for our PIP distance measure to be used as a predictive model for DS but even with
the first 2 eigenvectors from the PCA we observe PIP variation is a driver of DS.

The proxy task allows for independent analysis of PIP effects on model performance but the domain shift
will vary based on the task at hand. Medical tasks are the tasks of real interest so it is important to see if this
effect is present for them. We hypothesise it would be as both medical tasks and age detection rely or learning a
representation from features of the training sets. With a relatively low frequency of positive cases in the nation-
wide screening, the number of positive (benign or malignant mass or calcification) images we have access to
are limited. Within this image subset we do not have a very large number of biopsy verified images such as in
DDSM or CBIS. Conversely we only have access to PIPs for our internal datasets not DDSM or CBIS. We would
like to run these experiments on the task of classifying benign vs malignant masses but do not have enough
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Figure 7. Biplot of each feature projected into the PCA space. Longer vectors indicate more significance on

domain shift and angle of each vector is proportional to its influence on one of the first 2 principle components.

Subplot shows a Scree plot to outline variance each principle component accounts for.

reliable data where both PIPs and verified classes are available. If we did have access to this data we would still
not be able to rule out variance in radiologist experience between hospitals as well as other annotation and col-
lection biases. We believe that variation of PIPs is one of many drivers of DS. These drivers are only separable
with large controlled studies. The accuracy drop itself is seen in many studies which are medically relevant tasks'
for example where training for lesion localisation and classification training on DDSM and testing in INBreast
sets. We also cannot say how big a part the PIP driven domain shift will be in more clinically relevant tasks but
we believe that the way CNNG extract features between our task and medical tasks is fundamentally the same so
there is no reason to think PIP variation has no part to play in the domain shift observed in medically relevant
tasks. Currently further investigation into this is limited by the issue of data availability.

We explored leveraging these PIPs with a Domain Adversarial Neural Network (DANN)' architecture with
the domain prediction changed to a regression task of PIP prediction however, we did not see any improvements
over state of the art methods described in the related work section. As G is non-invertable, images generated
cannot be fully separated from their PIPs with any mathematical transformations or learnt approximation.
Concretely, one cannot gain information present in an MRI image with a CycleGAN transformed CT scan
or vice versa®’. Despite this knowledge, integrating PIPs into conditional CycleGANs' or Pseudo-physical
augmentations'” may improve model generalization despite not being fully rigorous and physically aware meth-
ods but rather “physically inspired” solutions.

Despite further work required to separate and fully categorise the contributions to domain shift** that effect
model generalization in medical imaging tasks the results we present in 3 could be a useful tool for predicting
the worst case generalization scenario when we have full knowledge of PIPs in the training set as well as full
knowledge of PIPs from the hospitals or vendors where the model is deployed. Concretely, if we trained our
model on data from hospital A we could go to hospital B and C and give an approximation for the reduction in
accuracy of our model with knowledge of the distance in PCA space between hospitals generated data and the
training data. This type of worst case scenario would be possible to deploy today if PIP data is preserved at sites.
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Adding this quantifiable error into model predictions could give clinicians more confidence in model outputs.
This could be paired with other tools such as visualisations of variations of concepts that change model predic-
tions for a given image* or any other interpretability aids.

Our results lead us to believe that a more homogeneous sampling process of images in PIP space may provide
better generalization to unseen images as these may lie inside this “evenly tiled” PIP space if the training set is
from a diverse enough set of vendors. In the case of models trained on data from one vendor, hospitals may chose
which models to use based on their mean distance from the training sets used for different models, for example
if hospital C was presented with two models, one trained on A and one trained on B it would be advisable to
pick the model trained on data from B see Fig. 3. To extend and transfer this knowledge to the area of federated
learning; if we train on data from multiple hospitals in a federated regime there may be large unbalanced clusters
in the PIP space and we may end up with sub-optimal generalization power as models are bias to learn well in
these PIP manifolds where there are many examples but not outside. Further work could be done to explore
this hypothesis and may aid the advancement of federated learning as a regime to enhance generalization. It
may well be that “more data” does not necessarily mean better model generalization for medical imaging tasks,
however, this is speculative.

Conclusion

We have presented a unique study concerning the effect of physical image generation parameters on domain shift
as well as provided evidence that the bias sampling of images with particular PIPs causes significant covariate
shift of up to 10% accuracy for our proxy task. We believe this bias is still present in real medical tasks that are
at the center of this field’s interest and where this technology aims to succeed in deployment.

We found the PIP PCA space to be a helpful projection to understand and predict domain shift for unseen
medical images at a more granular level than domain labels. These labels are physically concrete and can be
related to the image generation process which is universal and well understood across all imaging modalities.
Federated Learning will inevitably increase robustness of models as data will naturally be sampled more globally
from PIP space in the training process. A homogenous sampling from PIP space may be more important than
an even sampling between hospitals when attempting to optimize for the most robust models. This could be a
direction for future research.

A more general point we would like to make is we suggest groups are more mindful about conservation of
original non-private metadata for publicly released datasets. We commonly observe destruction of metadata in
open source datasets but more effort should be made to retain and organize seemingly useless metadata as future
research could leverage it. We were fortunate to be able to study this effect directly because in the Hungarian
datasets the anonymization focused only on redacting the personal data and PIPs were not deleted.

PIP information may also be useful for algorithms that are less label dependent. PIPs are free labels describing
the generative process of a given image so may be leveraged in unsupervised and self-supervised algorithms.

We also hypothesize that representations that are agnostic to PIPs would generalize better to images generated
from a different set of PIPs and that leveraging PIP metadata may assist future models to be more robust and
therefore more reliable when assisting physicians with important decisions concerning patients in the real world.

Data availability

The CBIS-DDSM dataset is available online at http://marathon.csee.usf.edu/Mammography/Database.
html. The CMMD dataset is available online at https://wiki.cancerimagingarchive.net/pages/viewpage.
action?pageld=70230508 The datasets acquired from Hungarian hospitals was used with a special license there-
fore is not publicly available, however the authors can supply data upon reasonable request and permission from
the hospitals. All code is available at: https://github.com/csabaiBio/PIP-variation-drives-DS.

Received: 14 July 2022; Accepted: 9 November 2022
Published online: 09 December 2022

References
1. Ribli, D, Horvéth, A., Unger, Z., Pollner, P. & Csabai, I. Detecting and classifying lesions in mammograms with deep learning. Sci.
Rep. 8,1-7 (2018).
2. Malich, A., Fischer, D. R. & Bottcher, J. Cad for mammography: The technique, results, current role and further developments.
Eur. Radiol. 16, 1449-1460 (2006).
3. Harbeck, N. et al. Breast cancer. Nat. Rev. Dis. Prim.https://doi.org/10.1038/s41572-019-0111-2 (2019).
. Puliti, D. et al. Overdiagnosis in mammographic screening for breast cancer in Europe: A literature review. J. Med. Screen. 19,
42-56 (2012).
. Zhou, K,, Liu, Z,, Qiao, Y., Xiang, T. & Change Loy, C. Domain generalization: A survey. arXiv e-prints (2021).
. Guan, H. & Liu, M. Domain adaptation for medical image analysis: A survey. IEEE Trans. Biomed. Eng. 69, 1173-1185 (2021).
. Williams, M. B. et al. Optimization of exposure parameters in full field digital mammography. Med. Phys. 35, 2414-2423 (2008).
. Zhao, R. et al. Study on the inverse square law of X-ray radiation field. Chin. J. Nucl. Sci. Eng. 37, 482-486 (2017).
. Baur, M., Uhlmann, N., Péschel, T. & Schréter, M. Correction of beam hardening in X-ray radiograms. Rev. Sci. Instrum. 90, 025108
(2019).
10. Glocker, B., Robinson, R., Castro, D. C., Dou, Q. & Konukoglu, E. Machine learning with multi-site imaging data: An empirical
study on the impact of scanner effects. arXiv preprint arXiv:1910.04597 (2019).
11. He, K., Zhang, X., Ren, S. & Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 770-778 (2016).
12. Ben-David, S. et al. A theory of learning from different domains. Mach. Learn. 79, 151-175 (2010).
13. Kouw, W. M. & Loog, M. An introduction to domain adaptation and transfer learning. arXiv preprint arXiv:1812.11806 (2018).
14. Zhang, Y., Liang, G., Jacobs, N. & Wang, X. Unsupervised domain adaptation for mammogram image classification: A promising
tool for model generalization. arXiv preprint arXiv:2003.01111 (2020).

'S

O 00 NN U

Scientific Reports |

(2022) 12:21302 | https://doi.org/10.1038/s41598-022-23990-4 nature portfolio


https://doi.org/10.1038/s41572-019-0111-2
http://arxiv.org/abs/1910.04597
http://arxiv.org/abs/1812.11806
http://arxiv.org/abs/2003.01111

www.nature.com/scientificreports/

15.
16.
17.
18.

19.
. Kamnitsas, K. et al. Unsupervised domain adaptation in brain lesion segmentation with adversarial networks. In International

21.

22.

23.
24.

25.
26.

27.
28.

29.
30.

31.
32.

33.
34.

35.
36.
37.
38.
39.
40.
41.

42.
43.

44,

Zhu, J. -Y., Park, T, Isola, P. & Efros, A. A. Unpaired image-to-image translation using cycle-consistent adversarial networks. In
Proceedings of the IEEE International Conference on Computer Vision, 2223-2232 (2017).

Zhang, L. et al. Generalizing deep learning for medical image segmentation to unseen domains via deep stacked transformation.
IEEE Trans. Med. Imaging 39, 2531-2540 (2020).

Tirindelli, M. et al. Rethinking ultrasound augmentation: A physics-inspired approach. In International Conference on Medical
Image Computing and Computer-Assisted Intervention 690-700 (Springer, 2021).

Desai, A. D. et al. Vortex: Physics-driven data augmentations for consistency training for robust accelerated mri reconstruction.
arXiv preprint arXiv:2111.02549 (2021).

Ganin, Y. et al. Domain-adversarial training of neural networks. J. Mach. Learn. Res. 17, 2096-2030 (2016).

Conference on Information Processing in Medical Imaging 597-609 (Springer, 2017).

Kouw, W. M., Loog, M., Bartels, L. W. & Mendrik, A. M. Mr acquisition-invariant representation learning. arXiv preprint arXiv:
1709.07944 (2017).

Liu, Q., Chen, C., Qin, J., Dou, Q. & Heng, P. -A. Feddg: Federated domain generalization on medical image segmentation via
episodic learning in continuous frequency space. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 1013-1023 (2021).

Cui, C. et al. The chinese mammography database (cmmd): An online mammography database with biopsy confirmed types for
machine diagnosis of breast. Cancer Imaging Arch. 1 (2021).

Cai, H. et al. Breast microcalcification diagnosis using deep convolutional neural network from digital mammograms. Comput.
Math. Methods Med. 2019 (2019).

‘Wang, J. et al. Discrimination of breast cancer with microcalcifications on mammography by deep learning. Sci. Rep. 6, 1-9 (2016).
Clark, K. et al. The cancer imaging archive (tcia): Maintaining and operating a public information repository. J. Digit. Imaging 26,
1045-1057 (2013).

Sawyer Lee, R., Gimenez, F,, Hoogi, A. & Rubin, D. Curated breast imaging subset of ddsm. Cancer Imaging Arch. 9 (2016).

Lee, R. S. et al. A curated mammography data set for use in computer-aided detection and diagnosis research. Sci. Data 4, 1-9
(2017).

Mustra, M., Delac, K. & Grgic, M. Overview of the dicom standard. In 2008 50th International Symposium ELMAR, Vol. 1, 39-44
(IEEE, 2008).

Etta, D., Pisano, S. Z., Zong, R. & Jhonston, E. Contrast limited adaptive histogram equalization image processing to improve the
detection of simulated speculation in dense monograms. J. Digit. Imaging 11, 193-200 (1998).

Sabottke, C. E & Spieler, B. M. The effect of image resolution on deep learning in radiography. Radiol. Artif. Intell. 2 (2020).
Krizhevsky, A., Sutskever, I. & Hinton, G. E. Imagenet classification with deep convolutional neural networks. Adv. Neural Inf.
Process. Syst. 25 (2012).

Paszke, A. et al. Pytorch: An imperative style, high-performance deep learning library. Adv. Neural Inf. Process. Syst. 32 (2019).
Castro, D. C., Walker, I. & Glocker, B. Causality matters in medical imaging. Nat. Commun. 11, 3673. https://doi.org/10.1038/
$41467-020-17478-w (2020).

Schafft, K. A. & Kulcsar, L. J. The demography of race and ethnicity in hungary. In The International Handbook of the Demography
of Race and Ethnicity, 553-573 (Springer, 2015).

Yu, A. C. & Eng, J. One algorithm may not fit all: How selection bias affects machine learning performance. Radiographics 40,
1932-1937 (2020).

Boncz, I et al. The organisation and results of first screening round of the hungarian nationwide organised breast cancer screening
programme. Ann. Oncol. 18, 795-799 (2007).

Checka, C. M., Chun, J. E., Schnabel, F. R,, Lee, J. & Toth, H. The relationship of mammographic density and age: Implications for
breast cancer screening. Am. J. Roentgenol. 198, W292-W295 (2012).

Lekamlage, C. D., Afzal, F,, Westerberg, E. & Cheddad, A. Mini-ddsm: Mammography-based automatic age estimation. In 2020
3rd International Conference on Digital Medicine and Image Processing, 1-6 (2020).

Kwan, R. K. -S., Evans, A. C. & Pike, G. B. An extensible mri simulator for post-processing evaluation. In International Conference
on Visualization in Biomedical Computing, 135-140 (Springer, 1996).

Opielinski, K. J. et al. Multimodal ultrasound computer-assisted tomography: An approach to the recognition of breast lesions.
Comput. Med. Imaging Graph. 65, 102-114 (2018).

Goodfellow, I. J., Shlens, J. & Szegedy, C. Explaining and harnessing adversarial examples. arXiv preprint arXiv:1412.6572 (2014).
Yang, H. et al. Unpaired brain mr-to-ct synthesis using a structure-constrained cyclegan. In Deep Learning in Medical Image
Analysis and Multimodal Learning for Clinical Decision Support, 174-182 (Springer, 2018).

Ghandeharioun, A. et al. Dissect: Disentangled simultaneous explanations via concept traversals. ArXiv:2105.15164 (2021).

Acknowledgements

This work was supported by the National Research, Development and Innovation Office of Hungary grants
2020-1.1.2-PIACI-KFI-2021-00298 and the MILAB Artificial Intelligence National Laboratory Program and
the RRF-2.3.1-21-2022-00006 Data-driven Health Division of Health Security National Laboratory and OTKA
K128780. Further support was provided by the Stipendium Hungariucum Program under the Tempus Public
Foundation. We would like to thank Melanie Jill Kilim for proof reading.

Author contributions

O.K. conceived the experiment(s), O.K. conducted the experiment(s), O.K., PP. and I.C. analysed the results.
A.O. pre-processed the data. P.P. coordinated the data management, T.J. and T.P. collected data. All authors
reviewed the manuscript.

Funding

Open access funding provided by Semmelweis University.

Competing Interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-022-23990-4.

Scientific Reports |

(2022) 12:21302 | https://doi.org/10.1038/s41598-022-23990-4 nature portfolio


http://arxiv.org/abs/2111.02549
http://arxiv.org/abs/1709.07944
http://arxiv.org/abs/1709.07944
https://doi.org/10.1038/s41467-020-17478-w
https://doi.org/10.1038/s41467-020-17478-w
http://arxiv.org/abs/1412.6572
http://arxiv.org/abs/2105.15164
https://doi.org/10.1038/s41598-022-23990-4
https://doi.org/10.1038/s41598-022-23990-4

www.nature.com/scientificreports/

Correspondence and requests for materials should be addressed to PP.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports|  (2022)12:21302 | https://doi.org/10.1038/s41598-022-23990-4 nature portfolio


www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Physical imaging parameter variation drives domain shift
	Related work
	Data
	Methods and results
	Discussion
	Conclusion
	References
	Acknowledgements


