
Model-based image restoration targeting1

higher-dose digital mammography: impact on2

radiologists’ detection of clustered3

microcalcifications4

Renann F. Brandão1, Lucas R. Borges2, Silvia M. P. S. Sabino3, Renato F.5

Caron3, Alessandro Foi4, Predrag R. Bakic5,6,7, Anders Tingberg7,8 and6

Marcelo A. C. Vieira17

1Dept. of Electrical and Computer Engineering, University of São Paulo, São Carlos, Brazil8

2Real Time Tomography, LLC, Villanova, USA9

3Barretos Cancer Hospital, Pio XII Foundation, Barretos, Brazil10

4Signal Processing Research Centre, Tampere University, Tampere, Finland11

5University of Pennsylvania, Dept. of Radiology, Philadelphia, PA, USA12

6Lund University, Dept. of Translational Medicine, Faculty of Medicine, Diagnostic Radiology,13
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Abstract23

Background: Image noise in digital mammography (DM) can obscure image details24

and reduce the detectability of clinically relevant findings such as microcalcifications.25

Purpose: To present and evaluate an extended model-based (MB) image restoration26

pipeline for DM that incorporates quantum, electronic, and structural noise compo-27

nents, as well as spatial noise correlation, and to assess its effect on breast radiologists’28

detection of simulated microcalcification clusters in clinical mammograms.29

Methods: A total of 120 clinical DM images acquired using a GE Senographe Pristina30

system were used. Simulated microcalcification clusters were inserted into locally dense31

fibroglandular regions at controlled contrast levels. The restoration pipeline was con-32

figured to target the signal and noise characteristics predicted by the model for an33

acquisition at approximately twice the original radiation dose. Six breast radiologists34

with different levels of experience, classified as Junior or Senior, participated in two35

human observer experiments: (i) a pilot study using original clinical images with sim-36

ulated clusters and a four-alternative forced-choice (4AFC) protocol combined with37
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a three-down-one-up (3D1U) staircase to estimate reader-specific contrast thresholds38

and achieve comparable baseline task difficulty across readers; and (ii) a main 4AFC39

observer study using individualized datasets generated according to each reader’s esti-40

mated contrast threshold, in which microcalcification detection performance was com-41

pared between the original and restored image conditions based on the percentage of42

correct responses (PC). Two generalized linear mixed models (GLMMs) were used: the43

first evaluated the effect of image condition as a fixed effect, with reader and case as44

crossed random intercepts, and the second evaluated the effect of reader experience on45

detection performance in the original image condition.46

Results: At the reader-specific contrast thresholds estimated in the pilot study, the47

mean PC for the original images was 78.3%, within the prespecified target performance48

range. Mean PC increased to 84.3% for the restored images, corresponding to an abso-49

lute improvement of 6.0 percentage points. The primary GLMM indicated a significant50

restoration effect on detection performance (OR = 1.57, 95% CI: 1.15–2.14, p = 0.005).51

Baseline mean PC was 78.7% for Junior readers and 78.0% for Senior readers, and the52

separate GLMM found no evidence of an experience-group effect under the original53

image condition (p = 0.858).54

Conclusions: The proposed extended MB restoration pipeline improved the de-55

tectability of simulated microcalcification clusters by breast radiologists under the56

controlled 4AFC conditions investigated. By targeting the signal and noise charac-57

teristics predicted by the model for an acquisition at approximately twice the original58

radiation dose without requiring additional radiation exposure, the method represents59

a promising approach for improving microcalcification detectability in DM.60

61
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I. Introduction62

Digital mammography (DM) is one of the most widely used imaging modalities for breast63

cancer screening and plays a key role in the early detection of the disease1,2. Because DM64

uses ionizing radiation, patient exposure must be carefully optimized to achieve adequate65

image quality while minimizing radiation-related risks3,4. For a fixed beam quality and66

acquisition configuration, reducing radiation dose increases quantum noise relative to the67

image signal and may impair the visibility of subtle findings5. Conversely, increasing the68

dose can improve the signal-to-noise ratio but involves greater radiation exposure and an69

associated risk of radiation-induced cancer6,7.70

Consequently, developing techniques that improve mammography image quality without71

increasing patient radiation exposure remains an important goal. Among these approaches,72

image restoration has emerged as a promising strategy for reducing image noise and improv-73

ing the visibility of clinically relevant structures8–10.74

Image restoration methods can be broadly classified as data-based (DB) and model-75

based (MB). DB approaches learn the restoration process directly from training data11–14,76

whereas MB approaches rely on mathematical descriptions of image degradation and prior77

knowledge of the imaging system15–18. DB methods often require large and representative78

training datasets, and their generalization performance may be affected when applied to79

data that differ substantially from those represented during training. This limitation may be80

partly mitigated by using sufficiently large and diverse datasets. In contrast, MB methods81

do not require training datasets, but their performance depends on the adequacy of the82

physical model and the accuracy of its parameter estimates. Consequently, model mismatch83

or inaccurate parameter estimation may compromise restoration performance.84

In mammography, several MB restoration pipelines have demonstrated the potential85

to reduce image noise while preserving clinically relevant image structures16,19–21. However,86

these approaches have generally relied on noise models that primarily represent quantum and87

electronic noise components. Detector-related structural noise and spatial noise correlation88

are not explicitly represented in these simplified models, although both may affect noise89

magnitude, noise texture, and restoration performance22–24.90

Previous mammographic restoration studies have primarily evaluated performance us-91
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ing physical image-quality metrics and model observers16,19,21,25,26. More broadly, human-92

observer studies have investigated the effects of radiation dose, noise, spatial resolution, and93

image processing on mammographic interpretation and lesion detection, including evalua-94

tions performed by breast radiologists27–31. Other controlled detection studies have employed95

medical physicists as human observers15,32. Nevertheless, evidence regarding the effect of96

MB mammographic image restoration on lesion detectability specifically assessed by breast97

radiologists remains limited.98

Microcalcification clusters (MCs) represent a clinically relevant detection task in breast99

cancer screening because these subtle findings must often be identified in low-contrast and100

anatomically complex backgrounds. Their visibility and detectability are particularly sensi-101

tive to image noise and spatial resolution28,31. Therefore, MC detection provides a suitable102

task for assessing whether noise reduction through image restoration produces a measurable103

improvement in human-observer performance.104

In this study, we present an extended MB restoration pipeline that incorporates quan-105

tum, electronic, and structural noise components, as well as spatial noise correlation, into the106

denoising procedure. The pipeline was applied to clinical DM images acquired using a GE107

Senographe Pristina system and configured to target the signal and noise characteristics pre-108

dicted by the model for acquisitions performed at approximately twice the original radiation109

dose. The objective was to determine whether the proposed restoration framework improves110

the detectability of simulated MCs relative to the original images. We hypothesized that111

restoration would increase detection performance under the controlled experimental con-112

ditions investigated. The effect of restoration was evaluated in a human-observer study113

involving six breast radiologists using a four-alternative forced-choice (4AFC) protocol.114

II. Materials and Methods115

This section describes the methodology adopted in this work. First, the proposed MB116

restoration pipeline and the noise model are presented. Next, we describe the human observer117

study used to evaluate the effect of image restoration on microcalcification detectability.118



MB restoration targeting higher-dose DM: impact on radiologists’ detection of MCs page 3

II.A. Model-based image restoration pipeline119

The model-based image restoration pipeline proposed in this study extends a previously120

developed restoration framework19. Originally formulated for a linear noise model comprising121

only quantum and electronic components, the framework was adapted here to a quadratic122

noise model commonly used to describe signal-dependent noise variance in DM33,34 and123

extended to explicitly account for spatial noise correlation.124

The quadratic noise model accounts for the three main noise sources in mammogra-125

phy systems: quantum, electronic, and structural noise. Quantum noise follows Poisson126

statistics, whereas the electronic and structural components are modeled here as Gaussian127

random variables. At photon-count levels typical of clinical mammography, the Poisson128

component can be well approximated by a Gaussian distribution according to the central129

limit theorem35,36. Thus, conditional on the underlying noise-free signal, the aggregate noise130

at each pixel is modeled as a zero-mean Gaussian random variable with signal-dependent131

variance36,37.132

Beyond this variance model, noise in DM also exhibits spatial correlation, i.e., the noise133

values at neighboring pixels are not statistically independent. This correlation arises from134

the image acquisition chain and is particularly pronounced in indirect-conversion detectors135

because of lateral light spread within the scintillator22.136

Accordingly, to consider the quadratic noise model as well as the spatial noise corre-137

lation, we model the value at pixel position i in a raw mammography image acquired at a138

dose level of x% (relative to the original clinical dose) as139

Zx%(i) = y(i) + σ(i, y) (η ∗ κn) (i) + τ, η(i) ∼ N (0, 1), κn =
κ

∥κ∥2
, (1)140

where Zx% denotes the DM image; y is the noise-free image, proportional to the energy of the141

X-rays reaching the detector; τ is a constant offset added to prevent negative values in the142

digital image; η is a zero-mean, unit-variance white Gaussian random field resulting from the143

Gaussian approximation under clinical exposure conditions35,36; and σ is a function of y that144

defines the local noise standard deviation. The symbol ∗ denotes the convolution operation,145

and the kernel κn models the spatial correlation introduced by the detector and acquisition146

system. Note that the correlation kernel is normalized such that ∥κn∥2 = 1, ensuring that147

the noise variance is preserved after convolution. The expectation and variance of Zx% are148
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given by149

E {Zx%(i)|y(i)} = y(i) + τ, var {Zx%(i)|y(i)} = ξ2sy(i)
2 + ξq(i)y(i) + ξ2e , (2)150

where ξs is the coefficient associated with the standard deviation of the structural noise151

component, attributed to detector non-uniformities; ξq corresponds to the quantum noise152

component, related to quantum efficiency and gain in image formation, and varies with the153

pixel position i; and ξe represents the standard deviation of the electronic noise.154

To model an image corresponding to a higher radiation dose at level βx%, we introduce155

a multiplicative factor β > 1. Under this formulation, the tube current–time product (mAs)156

is increased by a factor β, while the tube voltage, target/filter combination, and other157

acquisition parameters remain fixed. Because the detector signal is proportional to the mAs158

under a fixed acquisition configuration, the noise-free signal y is also scaled by β. The159

expectation and variance of the resulting modeled higher-dose image, denoted Zβx%, are160

given by161

E {Zβx%(i) | y(i)} = βy(i) + τ, var {Zβx%(i) | y(i)} = ξ2s (βy(i))
2 + ξq(i) (βy(i)) + ξ2e , (3)162

where βx% represents the modeled dose level obtained by scaling the original mAs by a163

factor β while maintaining the remaining acquisition parameters fixed.164

Using the statistical models defined above for the original image Zx% and the modeled165

higher-dose image Zβx%, the previously developed MB restoration framework19 was extended166

to incorporate structural noise and spatial noise correlation. The extended framework was167

applied to the original image Zx% to generate the restored image ˆ︁Zβx%, designed to repro-168

duce the signal and noise characteristics of the modeled higher-dose image Zβx%. Figure 1169

illustrates the restoration pipeline employed in this study.170
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Similarly, to model images acquired at higher radiation doses compared to the original127

dose, we introduce a multiplicative factor β > 1 that proportionally scales the noise-free128

image y. The expectation and variance of the image acquired at a higher dose level, denoted129

Zβx%, are given by130

E {Zβx%(i)|y(i)} = βy(i) + τ, var {Zβx%(i)|y(i)} = ξ2s (βy(i))
2 + ξq(i) (βy(i)) + ξ2e , (3)131

where βx% represents the new radiation dose level relative to the original dose utilized to132

acquire the mammography image.133

Using the model above for original (Zx%) and high radiation dose (Zβx%) images, a134

restoration pipeline proposed in 19 and adapted to the quadratic noise variance with spatial135

correlation was applied to image Zx% to generate simulated high dose image Ẑβx%. Figure 1136

shows the flowchart of the proposed restoration pipeline utilized in this work.137

Offset
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Forward
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Denoising

algorithm

Inverse

VSTQ

Blending

images

Offset

reinsertion
Ẑβx%Zx%

τ ξs, ξq , ξe
κn

Dx%

ξs, ξq , ξe, β τ

Figure 1: The main pipeline used in this work to restore the mammography images.

The restoration pipeline begins by subtracting the constant offset (τ) from the original138

image Zx%. Because the noise model used in this work to describe an original and high139

radiation dose image is signal-dependent, we utilized a variance-stabilizing transformation140

for quadratic noise models (VSTQ)30. This transformation aims to convert signal-dependent141

noise into approximately signal-independent noise. The VSTQ applied to Zx%, after the142

subtraction of the offset, is defined as30143

F(Zx%) =

ln

(∣∣∣∣2ξs
√
ξ2s (Zx%(i)− τ)2 + ξq(i) (Zx%(i)− τ) + ξ2e + 2ξ2s (Zx%(i)− τ) + ξq(i)

∣∣∣∣
)

ξs
,

(4)144

where F(Zx%) denotes the stabilized image.145

After stabilization, the restoration pipeline proceeds to the denoising step. At this stage,146

the noise of the stabilized image can be treated as approximately an additive Gaussian147

noise with unit variance, allowing the use of denoising algorithms originally designed for148

components, whereas in 30 these variables denote the corresponding variances.
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Figure 1: The main pipeline used in this work to restore the mammography images.

The restoration pipeline begins by subtracting the constant offset (τ) from the origi-171

nal image Zx%. Because the noise model used to describe both the original and modeled172

higher-dose images is signal-dependent, we employed a variance-stabilizing transformation173
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for quadratic noise models (VSTQ)36. This transformation aims to convert signal-dependent174

noise into approximately signal-independent noise. The VSTQ applied to Zx%, after the sub-175

traction of the offset, is defined as36176

F(Zx%) =

ln

(︃⃓⃓
⃓⃓2ξs

√︂
ξ2s (Zx%(i)− τ)2 + ξq(i) (Zx%(i)− τ) + ξ2e + 2ξ2s (Zx%(i)− τ) + ξq(i)

⃓⃓
⃓⃓
)︃

ξs
,

(4)177

where F(Zx%) denotes the stabilized image1.178

After stabilization, the restoration pipeline proceeds to the denoising step. At this stage,179

the noise of the stabilized image can be treated as approximately an additive Gaussian180

noise with unit variance, allowing the use of denoising algorithms originally designed for181

Gaussian noise. However, to be consistent with the adopted noise model, the denoising182

algorithm must explicitly account for the spatial correlation. In this work, we selected the183

Block-Matching and 3D Filtering (BM3D) algorithm adapted for correlated noise38. This184

method uses the noise power spectrum associated with the correlation kernel to compute185

the transform-domain noise variances for each group of similar patches, thereby adapting186

shrinkage and patch matching to spatially correlated noise.187

Once the filtering step is complete in the stabilized domain, the pipeline must return188

the image to the initial intensity scale. This is achieved by applying the inverse of VSTQ189

to obtain the denoised image Dx%. Since a closed-form expression for the inverse mapping190

defined in Eq. (5) is not available, it was computed numerically via Monte Carlo simulation36.191

The goal is to determine a mapping F−1 such that192

F−1 : E {F(Zx%) | y} → E {Zx% − τ | y} = y. (5)193

The procedure to estimate F−1 is based on multiple noisy realizations of a signal gener-194

ated according to the quadratic noise model, followed by application of the VSTQ. Then, the195

expected values of both the stabilized signal E {F(Zx%) | y} and the offset-corrected noisy196

signal in the initial domain E {Zx%−τ | y} are estimated through Monte Carlo averaging.197

These estimates are used to construct a look-up table (LUT), where the inputs consist of the198

stabilized signal F(Zx%) and the coefficient ξq, while the output corresponds to the ground-199

1Note that, in this work, ξs and ξe denote the standard deviations of the structural and electronic noise
components, whereas in 36 these variables denote the corresponding variances.
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truth signal y. Intermediate values not present in the table are computed via first-order 2D200

interpolation.201

Once the denoised image in the VSTQ domain is transformed back to the initial intensity202

domain via F−1, yielding Dx%, the restoration pipeline proceeds to its final stage: a blending203

step that combines the original (Zx%) and denoised images (Dx%). This process uses a204

weighted combination to produce the restored image ˆ︁Zβx%, designed to reproduce the signal205

and noise characteristics of the modeled higher-dose image Zβx%. The blending step is206

defined as207

Ẑβx%(i) = ρ(i)(Zx%(i)− τ) + ρ(i)Dx%(i) + τ, (6)208

where ρ and ρ are spatially varying blending weights, Dx% is the denoised version of the209

input image, and Ẑβx% represents the final restored image after blending, with the offset210

τ reinserted after blending. The estimation of the blending weights is based on the ratio211

between the variances of the modeled higher-dose image Zβx% (Eq. 3) and the original image212

Zx% (Eq. 2), and is given by213

ρ(i) =

√︄
var {Zβx%(i)|y(i)}
var {Zx%(i)|y(i)}

=

√︄
ξ2s (βy(i))

2 + ξq(i) (βy(i)) + ξ2e
ξ2sy(i)

2 + ξq(i)y(i) + ξ2e
, ρ(i) = β − ρ(i). (7)214

It is important to note that the true noise-free image y is not available in the clinical215

environment. Therefore, we approximate it by using the denoised version, such that y ≈ Dx%,216

to compute the weights, resulting in the restored image Ẑβx%. This MB restoration pipeline,217

adapted for the quadratic noise model as well as for spatial correlation, was used to evaluate218

its effect on microcalcification detectability in the human observer study.219

II.B. Human observer study220

The human observer study consisted of four sequential stages: dataset preparation, pilot221

study, main observer study, and statistical analysis. Dataset preparation involved selecting222

clinical mammograms, simulating and inserting microcalcification clusters at multiple con-223

trast levels, and organizing the images for the observer experiments. The pilot study was224

conducted to estimate a reader-specific contrast threshold for each radiologist. These thresh-225

olds were subsequently used to generate reader-specific datasets for the main study, with the226

aim of achieving approximately comparable baseline task difficulty across readers. During227
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the main study, each radiologist independently evaluated both the original and restored im-228

age conditions. Finally, the reader responses were analyzed to assess the effect of image229

restoration on microcalcification detectability. Each stage of the experimental workflow is230

described in detail below.231

A total of six breast radiologists participated in the human observer studies evaluating232

the proposed image restoration pipeline. Their experience in breast imaging ranged from233

1 to 25 years. For descriptive reporting and a complementary assessment of estimated234

individual contrast thresholds during the pilot study, the readers were classified as Junior235

(early-career; 1 year of experience) or Senior (experienced; 12–25 years of experience), as236

summarized in Table 1. The readers were from two clinical institutions involved in the study:237

Sk̊ane University Hospital (Sweden) and Barretos Cancer Hospital (Brazil). Each radiologist238

independently evaluated both the original and restored images in the main observer study.239

Table 1: Radiologist experience and participants’ institutional affiliation.

Radiologist
Junior Senior

1* 2* 3* 4* 5** 6**

Experience (years) 1 1 1 12 25 19

*Radiologists from Sk̊ane University Hospital (Sweden).

**Radiologists from Barretos Cancer Hospital (Brazil).

II.B.1. Image dataset preparation240

Figure 2 summarizes the image dataset preparation workflow and the subsequent pilot study.241

Starting from the raw clinical DM images, simulated microcalcification clusters were inserted242

at multiple contrast levels, followed by ROI extraction and dataset organization. The re-243

sulting original image ROI datasets were then used in the 4AFC pilot study with the 3D1U244

staircase procedure to estimate the contrast threshold for each radiologist.245

A total of 120 unprocessed (raw) clinical DM images from examinations assigned BI-246

RADS assessment category 1 (negative) or 2 (benign) and breasts classified as BI-RADS247

density category C (heterogeneously dense) or D (extremely dense) were provided by Barretos248

Cancer Hospital (Brazil). The retrospective study was approved by the institutional Research249

Ethics Committee (CAAE #78625417.1.1001.5437). All images were anonymized before250
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A total of six breast radiologists participated in the human observer studies to evaluate208

the proposed image restoration pipeline. Their professional experience ranged from 1 to 25209

years. For the analysis, the radiologists were stratified by experience into two groups to210

investigate potential differences in detection performance: Junior (early-career) readers, all211

with 1 year of experience, and Senior (experienced) readers with 12–25 years of practice, as212

summarized in Table 1. The readers were from two clinical institutions involved in the study:213

Sk̊ane University Hospital (Sweden) and Barretos Cancer Hospital (Brazil). Each radiologist214

independently evaluated both the original and restored images in the main observer study.215

Table 1: Experience of each radiologist in breast imaging.

Radiologist
Junior Senior

1∗ 2∗ 3∗ 4∗ 5∗∗ 6∗∗

Experience (Years) 1 1 1 12 25 19

*Radiologists from Sk̊ane University Hospital (Sweden)

**Radiologists from Barretos Cancer Hospital (Brazil)

II.B.1. Dataset preparation216

Figure 2 summarizes the dataset preparation workflow adopted in this study. Starting from217

the raw clinical DM images, simulated microcalcification clusters were inserted at multiple218

contrast levels, followed by ROI extraction and organization.219

Clinical

images

MC insertion

at multiple

contrast levels

DM images with

MC clusters

ROI extraction

and organization

Original

ROI datasets

(c = 20%, ..., 1%)

Pilot study

(4AFC + 3D1U staircase)

Estimate individual

contrast threshold

Figure 2: Overview of the dataset preparation workflow and pilot study used to estimate
the individual contrast thresholds.

Clinical images220

A total of 120 unprocessed (raw) clinical DM images were provided by Barretos Cancer221

Hospital (Brazil) under institutional review board (IRB) approval (CAAE 986670). The222

images were acquired under routine clinical conditions using GE Senographe Pristina mam-223

mography system. This system employs an amorphous silicon (a-Si) detector coupled to a224

Figure 2: Overview of the workflow for image dataset preparation and reader-specific
contrast-threshold estimation during the pilot study.

analysis, and the requirement for informed consent was waived because of the retrospective251

nature of the study and the use of previously acquired anonymized images.252

Examinations assigned BI-RADS assessment categories 1 or 2 were selected to exclude253

suspicious findings from the source examinations, whereas breasts assigned density categories254

C or D were selected to provide more challenging anatomical backgrounds for the microcal-255

cification detection task. The images were acquired under routine clinical conditions using a256

GE Senographe Pristina mammography system. This system employs an amorphous silicon257

(a-Si) detector coupled to a CsI:Tl scintillator, in which lateral light spread contributes to258

spatial noise correlation24,39,40.259

All images were acquired using the Automatic Optimization of Parameters (AOP) mode.260

Examination of the DICOM header information showed that all images included in the study261

were acquired using a rhodium target/silver filter combination (Rh/Ag) at 34 kVp. The mean262

tube current–time product was 49.9 ± 17.0 mAs (range: 24.3–113.2 mAs), and the mean263

compressed breast thickness was 6.2 ± 1.0 cm (range: 3.4–8.5 cm).264

The simulation and insertion of MCs in this study were performed using previously265

developed in-house software15,41,42. The insertion framework has been previously validated266

in a 2-AFC human observer study. A total of 50 individual microcalcifications extracted from267

clinical mammograms acquired on the GE Senographe Pristina system were used to generate268

the simulated clusters. Individual microcalcifications were manually segmented by a medical269

physicist from regions containing isolated calcifications. The pixels inside the segmented area270

were extracted to create lesion templates, whereas the surrounding background pixels were271

set to zero. The template intensities were then normalized by their maximum pixel value,272

preserving the lesion morphology and relative intensity distribution while standardizing the273

template amplitude for the insertion procedure. The resulting microcalcification templates274
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had diameters ranging from approximately 140 to 350 µm.275

Clusters were generated within 100× 100 pixel windows (10.0 mm × 10.0 mm). Within276

each window, a bivariate Gaussian probability distribution was defined, with its mean at the277

window center and a standard deviation of 60 pixels (6.0 mm). This probability distribution278

was used to determine the spatial positions of the six microcalcifications selected from the279

set of 50 clinical templates. To avoid overlap and excessive proximity between microcalcifica-280

tions, after placing each template, a 40 × 40 pixel inverted bivariate Gaussian mask (4.0 mm281

× 4.0 mm), with a standard deviation of 5 pixels, was applied to the probability distribution282

at the selected location. This iterative procedure reduced the probability of placing subse-283

quent microcalcifications near previously selected positions, resulting in spatially distributed284

cluster configurations. Figure 3 illustrates the updated probability distribution after each285

successive placement and the final simulated cluster mask.286

10 mm = 100 px

1
0

m
m

=
1
00

p
x

Figure 3: Sequential probability maps used to determine the positions of six microcalcifica-
tions within the cluster window and the resulting cluster mask.

A total of 100 clusters were generated. Of the 120 available clinical images, 100 were287

randomly selected for lesion insertion, and one simulated cluster was inserted into each288

selected image. Insertion locations near the skin, chest wall, and pectoral muscle were289

excluded. Possible insertion locations were identified using the dense-tissue masks generated290

by the Laboratory for Individualized Breast Radiodensity Assessment (LIBRA) software,291

which provides a binary mask indicating the presence of dense tissue at each spatial location292

in the mammogram43. Although all mammograms were classified globally as BI-RADS293

density category C or D, the LIBRA masks were used to restrict cluster insertion to locally294

dense fibroglandular regions. Thus, the combination of BI-RADS density classification and295

LIBRA local tissue segmentation was used to create a challenging detection task in dense296

anatomical backgrounds. Because BI-RADS 2 examinations may contain benign findings, the297

candidate insertion regions in the original images were reviewed by a breast radiologist before298

lesion insertion. Regions containing pre-existing lesions, recognizable benign findings, or299

ambiguous anatomical structures that could interfere with the detection task were excluded.300
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This procedure ensured that the simulated microcalcification clusters constituted the only301

lesion targets within the selected regions.302

The insertion process was performed by increasing the attenuation in the mammogra-303

phy image at the pixels corresponding to the lesion locations. This was achieved through304

multiplication of the original pixel values by a factor derived from the cluster mask15,41
305

Zx%(i) = Zo
x%(i)

(︁
1− cS(i)

)︁
, (8)306

where Zo
x% is the raw DM image acquired at the original dose without simulated clusters;307

Zx% is the resulting image after lesion insertion; i denotes the pixel position; c is the lesion308

contrast; and S is the cluster mask.309

To generate different cluster contrast levels, the parameter c ranged from 20% to 1%,310

decreasing by 15% between successive levels. For each contrast level, a separate image311

database was generated. Each database contained the same 100 clinical DM images, each312

with its corresponding simulated microcalcification cluster inserted at an identical spatial313

location. Thus, the only difference between databases was the contrast of the inserted314

clusters.315

A key advantage of this insertion method is that it provides precise control over the con-316

trast (c) of each simulated cluster while preserving the anatomical background of the clinical317

mammogram. Higher contrast values increase cluster visibility, whereas lower values produce318

progressively more challenging detection tasks. This flexibility was particularly important319

for the pilot study because each cluster pattern could be generated at multiple contrast lev-320

els, enabling the estimation of a reader-specific contrast threshold for each radiologist. The321

contrast-threshold estimation procedure is described in Section II.B.2. Figure 4 shows the322

same mammographic region with the simulated cluster inserted at different contrast levels.323

To ensure proper image interpretation by the radiologists, all images were processed324

using the same GE Senographe Pristina system at Barretos Cancer Hospital, where they325

had originally been acquired, converting the “for processing” images into the corresponding326

“for presentation” format. After conversion to the “for presentation” format, one 300 × 300327

pixel lesion-containing region of interest (ROI) was extracted from each of the 100 images328

selected for cluster insertion, yielding 100 lesion-containing ROIs. The same regions were329

extracted from the corresponding original and restored images, and the clusters were not330



MB restoration targeting higher-dose DM: impact on radiologists’ detection of MCs page 11

No lesion c = 0.20 c = 0.14 c = 0.10 c = 0.08 c = 0.05

Figure 4: From left to right, the same mammographic region shown without an inserted
lesion (0%) and with a simulated microcalcification cluster at contrast levels of 20%, 14%,
10%, 8%, and 5%.

necessarily centered within the ROIs. This procedure was repeated for all contrast levels331

evaluated in the study.332

In addition, 300 background ROIs without simulated microcalcifications were extracted333

from locally dense breast regions identified by LIBRA. To increase anatomical background334

variability, these ROIs were sampled across all 120 available clinical images, excluding re-335

gions used for cluster insertion. The background ROIs were selected using the same criteria336

as the lesion-containing ROIs, except that no simulated clusters were present. They were337

also reviewed by a breast radiologist, and regions containing suspicious findings, recognizable338

benign findings, or ambiguous anatomical structures were excluded. The extracted cluster339

and background ROIs were subsequently organized into datasets for the pilot observer study.340

For each contrast level, a dedicated dataset containing 400 ROIs was generated: 100 lesion-341

containing ROIs and 300 background ROIs. Within each contrast-level dataset, the 300342

background ROIs were randomly assigned without replacement to the 100 lesion-containing343

ROIs, yielding 100 4AFC cases, each comprising one lesion-containing ROI and three back-344

ground ROIs.345

An in-house MATLAB graphical user interface (GUI) was used to conduct both the346

pilot and main observer studies. The GUI displayed the ROIs simultaneously in a 4AFC347

layout, randomized their positions across trials, recorded the readers’ responses, and pro-348

vided immediate feedback after each selection. All observer sessions were performed in349

clinical environments using high-resolution workstations routinely employed for mammo-350

graphic interpretation. Ambient lighting conditions followed the clinical protocols of each351

institution. Radiologists were free to choose their viewing distance, whereas zooming and352

window/level adjustments were disabled to standardize the evaluation conditions. No time353

limit was imposed for image interpretation. After each response, the software automatically354
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recorded the selected ROI.355

II.B.2. Pilot study356

The database containing multiple contrast levels was used in the pilot study to estimate a357

reader-specific contrast threshold for each radiologist, as illustrated in Figure 2.358

The goal of the pilot study was to estimate a reader-specific contrast threshold that359

would set each radiologist’s performance within a prespecified target range of approximately360

75%–80% correct responses when detecting microcalcification clusters in the original image361

dataset. This target performance range is commonly adopted in psychophysical experiments362

using forced-choice paradigms because it provides stable performance while remaining sen-363

sitive to changes in task difficulty44,45. Performance within this range also reduces floor364

and ceiling effects, thereby maximizing sensitivity to potential differences between imaging365

conditions32. The resulting reader-specific contrast threshold was subsequently used to de-366

fine the cluster insertion contrast in the main observer study, with the aim of achieving367

approximately comparable baseline task difficulty across readers.368

The conventional three-down-one-up (3D1U) staircase theoretically converges to ap-369

proximately 79% correct responses on the psychometric function45. Because this conver-370

gence level lies within the prespecified target range of 75%–80%, the 3D1U procedure was371

selected for the adaptive estimation of the reader-specific contrast thresholds and combined372

with the 4AFC paradigm46,47. In each trial, observers were presented simultaneously with373

four ROIs: one containing a microcalcification cluster and three without lesions. The task374

was to identify the ROI containing the cluster.375

The microcalcification cluster contrast was adaptively adjusted according to the 3D1U376

rule. After three consecutive correct responses, the contrast was decreased by one step for377

the subsequent trial, corresponding to a 15% reduction relative to the preceding contrast378

level. After an incorrect response, the contrast was increased by one step by returning to the379

preceding higher-contrast level. To reduce the influence of the initial adaptation period, the380

reader-specific contrast threshold was estimated as the mean of the contrast levels presented381

during the final 60 trials, after discarding the first 40 trials. The image datasets containing382

the different cluster contrast levels generated during dataset preparation (Section II.B.1.)383

were used to support this adaptive procedure.384
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Each radiologist completed a pilot session consisting of 100 4AFC cases, with four ROIs385

presented per case, using only original images. No separate training session was performed;386

instead, the pilot study itself served to familiarize the readers with the 4AFC task.387

II.B.3. Main observer study388

Figure 5 summarizes the workflow adopted to generate individual datasets with original and389

restored images for each reader in the main observer study.390
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The cluster contrast was adaptively adjusted according to the 3D1U rule: whenever a336

radiologist correctly identified the cluster location in three consecutive trials, the contrast337

was decreased by 15% for the next trial. Conversely, if the reader failed to identify the cluster,338

the contrast level was increased by reverting to the previous level. To reduce the influence339

of the initial adaptation period, the individualized operating contrast level was estimated340

as the average of the contrast levels presented during the final 60 trials, after discarding341

the first 40 trials. To support this adaptive procedure, the image datasets containing the342

different cluster contrast levels generated in the Dataset Preparation (II.B.1.) were used.343

Each radiologist completed a pilot session consisting of 100 cases (4 ROIs per case),344

including only original dose images. No dedicated training session was performed. Instead,345

the pilot study itself served to familiarize readers with the 4AFC task.346

II.B.3. Main study347

Figure 5 summarizes the workflow adopted to generate individual datasets with original and348

restored images for each reader in the main observer study.349
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Figure 5: Overview of the main study methodology to generate reader-specific datasets for
the main study for each reader. The resulting responses were used for statistical analysis.

For the main observer study, new image databases were generated for the original and350

restored images. For each radiologist, the individualized contrast threshold estimated during351

the pilot staircase procedure was used to define the insertion contrast of the simulated352

microcalcification clusters, ensuring a personalized and balanced level of task difficulty. To353

further minimize memory effects, the clusters were inserted into new locations, guided by the354

binary mask of dense regions estimated from LIBRA, which had not been used during the355

pilot study. The resulting original images were subsequently processed using the restoration356

pipeline to generate the corresponding restored images. Finally, the same ROI extraction,357

Figure 5: Overview of the workflow used to generate reader-specific original and restored
image datasets in the main study. The resulting responses were used for statistical analysis.

For the main observer study, new image databases were generated. For each radiologist,391

the reader-specific contrast threshold estimated during the pilot staircase procedure was used392

to define the insertion contrast of the simulated microcalcification clusters, thereby tailoring393

task difficulty to the reader’s detection capability. To minimize memory effects, the clusters394

were inserted into new locations, guided by the binary mask of dense regions estimated from395

LIBRA, which had not been used during the pilot study. The same 100 clinical images and396

cluster locations were used across all readers. Only the inserted cluster contrast differed397

among the reader-specific datasets according to the threshold estimated for each radiologist.398

The resulting images with inserted MC clusters constituted the original image datasets.399

The proposed MB restoration pipeline (Section II.A.) was applied to all original image400

datasets, generating the corresponding restored image datasets. The noise-model parameters401

required by the restoration framework (ξs, ξq, ξe, κ, and τ) were estimated from uniform402

phantom images acquired at multiple exposure levels using the same physical GE Senographe403

Pristina unit, Rh/Ag target/filter combination, and tube voltage of 34 kVp used for the404

clinical images, following the protocols described in 22,36.405

Because the inverse mapping defined in Eq. (5) does not have a closed-form expression,406
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the procedure described in Section II.A. was used to construct a numerical LUT. Specifically,407

105 equally spaced values of y were sampled over the range [0, 1.65 × 104], corresponding408

to the dynamic range of the mammography images in our dataset. In addition, 103 equally409

spaced values of ξq were sampled over the interval [0.0391, 0.1148], consistent with the range410

estimated across the detector from the uniform phantom measurements. For each (y, ξq)411

pair, 105 realizations of the degraded signal Zx% were generated using the quadratic noise412

model (Eq. 2). The VSTQ (Eq. 4) was then applied to all realizations, and the expected413

values E{F(Zx%) | y} and E{Zx%−τ | y} were estimated. These values formed the LUT414

used to approximate the inverse transformation numerically.415

In this study, the restoration pipeline was configured with a dose multiplication factor416

of β = 2, generating restored images Ẑ200% from the original clinical mammograms Z100%.417

Consequently, the restored images were configured to target the signal and noise characteris-418

tics predicted for acquisitions at twice the original radiation dose. The selection of β = 2 was419

based on previous work16, in which this dose multiplication factor demonstrated improved420

detectability in a model-observer study.421

After restoration, both the original and restored “for processing” images were converted422

into the corresponding “for presentation” format using the same GE Senographe Pristina423

system employed for the original clinical acquisitions. The original DICOM metadata and424

acquisition parameters were preserved throughout this procedure, and the manufacturer’s425

proprietary image processing was applied identically to both image sets. The same ROI426

extraction and dataset organization procedures adopted in the pilot study were then applied427

to both image conditions. This resulted in one paired reader-specific dataset comprising two428

image conditions (original and restored), each containing 400 ROIs.429

The main study followed the same 4AFC paradigm, with each case comprising one ROI430

containing a microcalcification cluster and three background ROIs. The task was to identify431

the ROI containing the cluster. Each radiologist completed two reading sessions separated432

by at least five days, with 100 cases presented per session. For each reader independently,433

50 of the 100 cases were randomly assigned to the original image condition (Z100%) and the434

remaining 50 to the restored image condition ( ˆ︁Z200%) in the first session. In the second435

session, each case was presented under the complementary image condition. Thus, across436

the two sessions, each case was evaluated exactly once under each image condition by the437
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same reader. The presentation order was randomized independently for each reader within438

each session, and the radiologists remained blinded to the image condition.439

The percentage of correct responses (PC) was calculated separately for each radiologist440

and image condition as the number of correctly identified cases divided by the total number441

of cases evaluated under that condition, multiplied by 100%. The mean PC across readers442

was then calculated for each image condition for descriptive comparison.443

II.B.4. Statistical analysis444

Because each radiologist evaluated multiple image cases, the observer study generated re-445

peated binary outcomes (correct or incorrect responses). Therefore, a generalized linear446

mixed model (GLMM) was used as the primary inferential analysis48,49. The model was447

fitted using the fitglme function in MATLAB R2025b. It assumed a binomial distribution448

with a logit link function and included image condition (original or restored) as a fixed effect,449

while reader and image case were modeled as crossed random intercepts. Original images450

were used as the baseline category for image condition. Model parameters were estimated451

by maximum pseudo-likelihood, and the effect of image restoration was summarized using452

odds ratios (ORs) with corresponding 95% confidence intervals.453

A second GLMM was fitted using only the original image condition to evaluate the effect454

of reader experience on baseline observer performance. Junior radiologists were used as the455

reference category. A significance level of 0.05 was adopted for all statistical analyses.456

III. Results457

III.A. Estimated noise parameters and restoration examples458

The noise parameters estimated in this work are: ξs = 0.0015, ξe = 2.6, and τ = 0.5. Figure459

6 shows the quantum gain map ξq and the normalized correlation kernel κn. Figure 7 shows460

an example of a selected ROI acquired at the original dose Z100%, the denoised image D100%,461

and the final restored image Ẑ200%. The upper row shows the visual appearance of the three462

versions, with a square indicating the selected region. The lower row shows magnified views463

of the highlighted regions.464
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Figure 6: Estimated noise parameters: spatially dependent quantum gain ξq (left), and
normalized convolution kernel κn (right).

Original (Z100%) Denoised (D100%) Restored (Ẑ200%)

Zoom from Z100% Zoom from D100% Zoom from Ẑ200%

Figure 7: Example of a mammographic ROI containing a simulated microcalcification cluster.
From left to right: original, denoised, and restored images. The lower row shows magnified
views of the regions indicated by the red squares in the upper row.

III.B. Human observer study465

Figure 8 shows the progression of contrast values across trials for each reader. The mean con-466

trast level (c) across the final 60 trials was used to estimate each reader’s contrast threshold.467

The light-blue points represent the initial 40 trials, which were excluded from the calcula-468
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tion, whereas the dark-blue highlighted points represent the final 60 trials used to estimate469

the contrast threshold reported in each panel. At the beginning of the staircase procedure,470

the relatively high initial contrast made the detection task easier, resulting in a rapid de-471

crease in contrast. As the contrast decreased and task difficulty increased, the staircase472

values began to fluctuate around each reader’s contrast threshold, which was intended to473

yield performance within the prespecified target range of approximately 75%–80% correct474

responses.475
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Figure 8: Contrast threshold estimation for each radiologist during the pilot study. The
light-blue points represent the initial 40 trials, which were excluded from the calculation,
whereas the dark-blue highlighted points represent the final 60 trials used to estimate the
reader-specific contrast threshold.

Table 2 presents the individual contrast thresholds estimated for each radiologist during476

the pilot study using the original image database. The 95% confidence intervals (CIs) for477

the group and overall mean thresholds were calculated using Student’s t distribution based478

on the between-reader variability. Junior radiologists had a mean threshold of 5.8% (95%479

CI: 4.5–7.1%), while senior radiologists had a mean threshold of 5.3% (95% CI: 4.8–5.8%).480

Across all six radiologists, the mean contrast threshold was 5.6% (95% CI: 5.1–6.0%).481

Table 3 summarizes the PC obtained by each radiologist under the original and restored482

image conditions. Considering the six readers, the mean PC increased from 78.3% for the483

original images to 84.3% for the restored images, corresponding to an absolute improvement484

of 6.0 percentage points. Five radiologists showed higher PC values after restoration, whereas485

one radiologist achieved the same PC under both conditions. The main study datasets were486

generated using the reader-specific contrast thresholds estimated during the pilot study,487
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Table 2: Reader-specific microcalcification contrast thresholds (%) estimated during the pi-
lot study using the original image database. These thresholds were used to define the cluster
insertion contrast for each radiologist in the main observer study. The 95% confidence inter-
vals for the group and overall mean thresholds were calculated using Student’s t distribution
based on between-reader variability.

Image condition

Contrast threshold
per radiologist (%)

Mean [95% CI]

Junior Senior
Junior Senior Overall

1 2 3 4 5 6

Original 6.2 6.0 5.2 5.1 5.5 5.3 5.8 [4.5, 7.1] 5.3 [4.8, 5.8] 5.6 [5.1, 6.0]

which aimed to place reader performance within the prespecified target range of 75%–80%488

correct responses under the original-image condition. The overall mean PC of 78.3% for489

the original images fell within this range, supporting the adequacy of the reader-specific490

calibration.491

Table 3: Percentage of correct responses (PC) for the original and restored image conditions
in the main observer study. Radiologists were grouped by experience level as Junior (1 year
of experience) or Senior (12 years or more). The 95% confidence intervals (CIs) for the
group and overall mean PC values were calculated using Student’s t distribution based on
between-reader variability.

Image condition
PC per radiologist (%) Mean [95% CI]

Junior Senior
Junior Senior Overall

1 2 3 4 5 6

Original 81 79 76 75 73 86 78.7 [72.4, 84.9] 78.0 [60.6, 95.4] 78.3 [73.4, 83.3]
Restored 87 85 86 82 80 86 86.0 [83.5, 88.5] 82.7 [75.1, 90.3] 84.3 [81.5, 87.2]

PC improvement (percentage points) 6 6 10 7 7 0 7.3 4.7 6.0

Figure 9 presents the responses of all radiologists across the 100 evaluated cases in492

the main study. Panels (a) and (b) show the responses obtained using the original and493

restored images, respectively, while panel (c) presents the difference map between both494

conditions. In (a) and (b), blue cells indicate correct responses and red cells indicate incorrect495

responses. In panel (c), green cells represent responses that changed from incorrect to correct496

after restoration, orange cells indicate responses that changed from correct to incorrect, and497

white cells correspond to unchanged responses. Overall, the restoration yielded 506 correct498

responses, compared with 470 for the original images. Across the 600 reader–case pairs,499

corresponding to 1,200 individual responses across the two image conditions, restoration500

changed 91 responses from incorrect to correct and 55 from correct to incorrect, while 454501
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Figure 9: Responses of the six radiologists across the 100 cases in the main observer study:
(a) original images, (b) restored images, and (c) changes in responses between the restored
and original conditions.

Table 4 summarizes the statistical analyses performed in this study and their princi-483

pal findings. The GLMM analysis indicated a significant effect of restoration on detection484

performance (OR = 1.57, 95% CI: 1.15–2.14, p = 0.005), suggesting that restored images485

increased the odds of correct microcalcification detection by approximately 57% compared486

with the original images. A second GLMM was fitted to evaluate the effect of reader ex-487

perience under the original image condition. The separate GLMM found no evidence of an488

experience-group effect under the original-image condition (p = 0.858).489

Table 4: Summary of the generalized linear mixed-model analyses performed in this study.

Analysis Comparison and effect estimate Model p-value

Restoration effect Restored versus original; OR = 1.57 (95% CI: 1.15–2.14) GLMM 0.005
Reader experience (original images) Senior versus Junior; OR = 0.96 (95% CI: 0.60–1.53) GLMM 0.858

Figure 9: Responses of the six radiologists across the 100 cases in the main observer study:
(a) original images, (b) restored images, and (c) changes in responses between the restored
and original conditions.

responses remained unchanged, resulting in a gain of 36 correct detections.502

Table 4 summarizes the statistical analyses performed in this study and their princi-503

pal findings. The GLMM analysis indicated a significant effect of restoration on detection504

performance (OR = 1.57, 95% CI: 1.15–2.14, p = 0.005), suggesting that restored images505

increased the odds of correct microcalcification detection by approximately 57% compared506

with the original images. A second GLMM was fitted to evaluate the effect of reader ex-507

perience under the original image condition. The separate GLMM found no evidence of an508

experience-group effect under the original-image condition (p = 0.858).509

Table 4: Summary of the generalized linear mixed-model analyses performed in this study.

Analysis Comparison and effect estimate Model p-value

Restoration effect Restored versus original; OR = 1.57 (95% CI: 1.15–2.14) GLMM 0.005
Reader experience (original images) Senior versus Junior; OR = 0.96 (95% CI: 0.60–1.53) GLMM 0.858
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IV. Discussion510

The present study evaluated an extended MB restoration framework incorporating quan-511

tum, electronic, and structural noise components, as well as spatial noise correlation. Its512

effectiveness was assessed through a human observer study. The primary GLMM showed a513

significant restoration effect (OR = 1.57, p = 0.005), indicating that the proposed framework514

improved the detectability of simulated microcalcification clusters under the experimental515

conditions investigated.516

The observed improvement is consistent with the physical foundation underlying the517

restoration framework. By accounting for the principal noise sources in DM and their spa-518

tial correlation, and by combining variance stabilization, correlated-noise denoising, and519

image blending, the restoration process is designed to reduce noise while retaining lesion-520

related signal components and anatomical information. This is particularly relevant for521

subtle microcalcification clusters whose detectability is strongly affected by image noise.522

However, because the present study did not isolate the effects of the individual processing523

components, the improvement cannot be attributed specifically to structural-noise modeling,524

spatial-correlation modeling, or any other individual component of the pipeline.525

The present findings are consistent with previous investigations demonstrating the po-526

tential of MB restoration to improve mammographic image quality and lesion detectability.527

Early investigations primarily assessed restoration performance using physical image-quality528

metrics and model observers. Brandão et al. (2025) reported improved detectability of529

simulated microcalcification clusters using a Channelized Hotelling Observer (CHO) after530

applying an MB restoration framework configured to emulate higher-dose acquisitions. Sim-531

ilar findings were reported by Mota et al. (2023) using digital breast tomosynthesis (DBT)532

projection images, supporting the potential of MB restoration across different breast-imaging533

modalities. In addition, Borges et al. (2020) demonstrated improved microcalcification de-534

tectability in a human observer study. However, the restoration framework evaluated in535

that study relied on a simplified noise model considering only quantum and electronic noise536

components. In contrast, the framework investigated here also incorporates structural noise537

and spatial noise correlation, thereby extending the physical description of image degrada-538

tion. Although the present study was not designed to quantify the individual contribution of539

each additional modeling component, the extended framework was associated with improved540
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microcalcification detectability under the experimental conditions investigated.541

Although the present study focused on an MB restoration framework, these findings542

are also relevant in the broader context of mammographic image restoration. Deep learning543

methods have demonstrated strong performance in image restoration tasks12,50–52. How-544

ever, their application in mammography remains challenging because realistic paired clinical545

datasets acquired at different radiation dose levels are difficult to obtain, as acquiring such546

data may require additional patient exposure. To address this limitation, data-driven ap-547

proaches commonly employ simulated training data, transfer learning, domain adaptation, or548

self-supervised training strategies. Conversely, MB methods rely on physically motivated de-549

scriptions of the image degradation process and do not require large training datasets. Their550

performance, however, depends on the adequacy of the physical model and the accuracy of551

the estimated noise parameters. Therefore, the complementary strengths and limitations552

of model-based and data-driven approaches should be considered when developing image553

restoration strategies for mammography.554

The interpretation of the findings is supported by the observer-study design. The reader-555

specific contrast thresholds estimated during the pilot study allowed the main study to556

be conducted at approximately comparable baseline detectability levels by adapting task557

difficulty to each reader’s detection capability. The mean percentage of correct responses558

for the original images was 78.7% for Junior readers and 78.0% for Senior readers, with an559

overall mean of 78.3%. This value was within the prespecified target range of 75%–80% and560

close to the theoretical convergence level of approximately 79% for the 3D1U procedure.561

The separate GLMM restricted to the original-image condition found no evidence of an562

experience-group effect (p = 0.858). The descriptive similarity between the groups was563

consistent with the intended reader-specific calibration. Nevertheless, this result should not564

be interpreted as demonstrating statistical equivalence between Junior and Senior readers.565

From a clinical perspective, the reported observer-performance metrics should be in-566

terpreted within the context of this experimental design because the main observer study567

was performed using the reader-specific contrast thresholds estimated during the pilot study.568

Specifically, the percentage of correct responses reflects detectability at these individualized569

contrast thresholds, corresponding to a predefined region of the psychometric function, rather570

than overall diagnostic performance across a range of decision thresholds. In addition, the571
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4AFC paradigm reduces the demands associated with lesion search and diagnostic decision-572

making compared with routine interpretation of whole mammograms, although anatomi-573

cal background structures can still affect lesion visibility. Against this controlled baseline,574

restoration produced an absolute increase of 6.0 percentage points in mean PC, represent-575

ing a measurable improvement in lesion detectability under challenging imaging conditions.576

However, the magnitude of this benefit should not be interpreted as a direct improvement577

in clinical diagnostic accuracy. Further studies using ROC-based observer paradigms, whole578

mammograms, and realistic clinical reading conditions are required to determine the extent579

to which these findings translate into improved diagnostic performance.580

Despite the promising results, some limitations should be considered. The limited num-581

ber of readers restricts the generalizability of the human observer findings and precludes a582

reliable assessment of whether the restoration effect differs according to reader experience.583

The experience-group analysis was restricted to baseline performance in the original image584

condition and was not designed as an equivalence analysis. Therefore, its nonsignificant585

result neither establishes equivalent performance between Junior and Senior radiologists nor586

determines whether the restoration benefit is influenced by reader experience. Moreover,587

reader experience and institution were not fully balanced: all Junior readers were recruited588

from Sk̊ane University Hospital, whereas the Senior group included one reader from Sk̊ane589

and two from Barretos Cancer Hospital. Therefore, experience may be partly confounded590

with institutional or practice-related factors.591

Although consecutive reading sessions were separated by at least five days to reduce592

recall bias, some residual memory effects cannot be completely excluded. This interval is593

shorter than the longer washout periods used in previous clinical observer studies53,54. How-594

ever, the use of small ROIs presented within a 4AFC paradigm, without broader anatomical595

context or complete mammographic images, likely reduced the memorability of individual596

cases and mitigated potential recall effects.597

Immediate feedback was provided after each trial and may have promoted perceptual598

learning or adjustment of reading strategies during the sessions. Nevertheless, all readers599

were evaluated using the same protocol, the original and restored conditions were interleaved600

within each session, ROI positions were randomized across trials, and readers remained601

blinded to the image condition. These design features make it less likely that feedback602
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systematically favored either condition. However, an influence of feedback on overall observer603

performance cannot be completely excluded.604

Another limitation concerns the simulated lesions. The microcalcification templates605

were extracted from clinical mammograms and therefore represent the imaged appearance of606

microcalcifications rather than their true object morphology. Consequently, they inherently607

reflect the finite spatial resolution, blur, and noise characteristics of the acquisition system.608

Although this approach generates lesion appearances similar to those encountered in clinical609

images acquired with the same system, the simulated microcalcifications may differ from the610

underlying lesion morphology and may not fully represent the appearance of lesions acquired611

using other detector technologies or imaging systems.612

The restoration framework also relies on a noise model whose parameters were estimated613

from uniform phantom measurements acquired under controlled conditions. Although these614

measurements were performed using the same mammography system employed to acquire the615

clinical images, the estimated parameters represent an approximation of the average system616

behavior rather than an exact characterization of the noise in every clinical image. Variations617

in detector calibration, beam quality, scatter conditions, and other acquisition-related factors618

may produce discrepancies between the modeled and actual noise characteristics. Because619

these parameters are used as inputs to the restoration pipeline, such discrepancies could620

affect restoration performance.621

The restoration pipeline was configured to target the signal and noise characteristics622

predicted for an acquisition at approximately twice the original radiation dose. However,623

no matched higher-dose acquisitions were available for direct comparison. Therefore, the624

results demonstrate improved detectability relative to the original images but do not establish625

equivalence to images actually acquired at the higher dose. Future phantom experiments or626

virtual clinical trials could evaluate this relationship directly.627

Finally, the analysis was limited to simulated microcalcification clusters. Other clini-628

cally relevant findings, such as masses and architectural distortions, have different contrast,629

morphology, and spatial-frequency characteristics and may respond differently to restora-630

tion. Future work should therefore evaluate the method using a broader range of simulated631

and clinically confirmed lesions. The framework could also be extended to DBT, including632

restoration of projection images and reconstructed volumes, for which correlations across633
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projections and reconstructed slices may require additional modeling. Further investigations634

should also include larger multi-institutional reader cohorts, whole mammograms, realistic635

lesion-search tasks, and direct comparisons with actual or accurately simulated higher-dose636

acquisitions to determine the generalizability and clinical relevance of the observed improve-637

ment.638

V. Conclusions639

In conclusion, the proposed extended MB restoration pipeline improved the detectability640

of simulated microcalcification clusters under the controlled 4AFC conditions investigated.641

The primary GLMM indicated higher odds of a correct response for restored images than for642

original images (OR = 1.57, 95% CI: 1.15–2.14, p = 0.005). By incorporating an extended643

noise model, variance stabilization, and a filtering strategy that explicitly accounts for spatial644

noise correlation, the pipeline was configured to target the signal and noise characteristics645

predicted by the model for an acquisition at approximately twice the original radiation646

dose, without requiring additional radiation exposure. These findings suggest that advanced647

MB restoration techniques represent a promising strategy for enhancing mammographic648

image quality and supporting breast radiologists in lesion-detection tasks. Further studies649

should determine whether the observed improvement translates into improved diagnostic650

performance under more realistic reading conditions, using whole mammograms rather than651

cropped ROIs, clinically confirmed lesions, and observer paradigms that more closely reflect652

clinical interpretation, including ROC analysis and free-response ROC lesion-search tasks.653
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