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Abstract 

Breast cancer surgical treatment options prove effective at treating breast cancer 

and reducing breast cancer death rates, prompting women to elect to surgically excise 

the tumor via a lumpectomy procedure. Despite women choosing lumpectomy over a 

mastectomy in 60% of cases, and despite the general effectiveness of the lumpectomy 

procedures, patient recall rates due to missed cancerous tissue are unfavorably high and 

variable at approximately 25% nationally. In addition, drawn-out processing times due 

to pathology assessment contribute to sub-optimal patient care and overly onerous costs 

and workload for hospitals. Therefore, it is the focus of this work to develop, evaluate, 

and refine a novel imaging modality to aid pathologists and pathologists’ assistants in 

assessing breast cancer via a more quantified means that would eventually lower the 

recall rates in breast cancer surgery. 

Through previous work, we established a Coded Aperture Coherent Scatter 

Spectral Imaging (CACSSI) system, characterized several facets of the imaging setup, 

and evaluated its utility in breast cancer applications. Using Monte Carlo simulations, 

anthropomorphic breast phantoms, and human breast tissue specimens, we previously 

validated CACSSI’s utility in differentiating breast tissue types in a clinically relevant 

manner, which makes the system a promising candidate to act as a supplementary tool 

to implement in the pathology workflow. This work continues the previous research by 
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applying and implementing the tissue classification ability within a short, clinically 

feasible timeframe (5-30 minutes) and demonstrating utility in a broader population of 

12 patient-derived lumpectomy specimens. The work presented herein is broken into 

three subprojects: (1) Assessing various characterizations of the system (i.e. the 

background signal effects, the detector temperature-dependent response, the precision 

in consecutive scans, and the effect of formalin-fixation) to demonstrate its feasibility for 

the cancer detection/classification tasks; (2) Evaluating the accuracy of the system in a 

population of 12 excised breast tissue specimens while establishing and implementing 

the scan room procedures across multiples specimens; and (3) Utilizing a concurrently-

developed classification scheme to more thoroughly compare the system’s fidelity and 

robustness against pathology-assessed outcomes, which currently serve as the clinical 

gold standard for breast cancer judgments. 

The typical workflow included Surgical Pathology preparing the surgically 

excised specimens and indicating via palpation the location of the tumor. The specimen, 

with the preliminary tumor location marked, was then scanned in our imaging system, 

and spectral scatter signatures were obtained at multiple locations within the tissue. The 

resulting form factor spectra were then compared with reference spectra to classify the 

tissue as cancerous or non-cancerous (healthy). The tissue classification mapping was 

compared against the indicated tumor area or against pathology-stained microslides for 

verification of tumor diagnosis. 
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Formalin-fixation was found inconsequential for tissue classification, with fresh-

to-formalin-fixed spectra correlations of 0.9782 and 0.9881 over 10 spot scans each for 

healthy and cancer tissue, respectively. The spatial resolution of the system was found to 

be 1.5 mm in the lateral direction and 5 mm along the beam path. Our CACSSI system 

was able to distinguish between cancerous and healthy areas in the tissue slices in a 

consistent manner, and the system was, on average, 82.93% accurate for the initial 

classification scheme and 83.70% accurate using a more quantitative classification 

scheme. Furthermore, we were able to achieve these results in a clinically relevant 

timeframe on the order of 30 minutes, integrating into the pathology workflow with 

minimal interruption. Aggregating these results CACSSI will continue to be developed 

for use as a clinical imaging tool in breast cancer assessment and other diagnostic 

purposes. 
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“Some people see things as they are and say, ‘Why?’ 

 I dream things that never were and say, ‘Why not?’” 

—Robert F. Kennedy, 1968 

Adapted from George Bernard Shaw’s Back to Methuselah, 1921 
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1. Motivation, History of Previous Work, and Purpose  

1.1 Motivation 

Breast cancer is among the most commonly researched diseases, accounting for 

more than $13 billion in national funding today [1], [2]. According to the American 

Cancer Society, over 21% of current grants and more than 15% of current funding are 

devoted to breast cancer alone [1], [2]. Improvements in mammography in recent years 

have allowed more accurate and earlier detection of breast cancer than ever before [3]. 

However, despite these tremendous strides, breast cancer is still the most common 

cancer for US women – affecting about 1 in 8 women – and the second deadliest cancer – 

killing about 1 in 37 women [4], [5]. Although the breast-cancer mortality rate has 

dramatically declined in the last 30 years due to early detection and screening 

improvements, these improvements have also led to an increase in the number of 

cancers being detected and requiring follow up. In fact, it is suggested that just above 

30% of cases are over diagnosed, whether invasive ductal carcinoma (IDC) or ductal 

carcinoma in situ (DCIS), based on increasing early stage but steady late stage breast 

cancer incidences after the introduction of mammographic screenings [6]. 

Interestingly, despite the vast amount of scientific interest in breast cancer, the 

significant resources funneled into its research, and the many innovations surrounding 

the disease, the final decision making standards for its screening, detection, diagnosis, 
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and surgical removal are still susceptible to human subjectivity. Once mammography is 

used to screen for the cancer, human subjectivity dominates the decision-making process 

at each of the next stages, be it from a radiologist, a surgeon, a pathologists’ assistant 

(PA), or a pathologist. Informal discussions with pathologists at Duke have revealed that 

the variability problem largely occurs with the (PA) choosing which slices are further 

processed for pathologist assessment. Higher administrative pressure to deliver and 

process fewer slices in order to lower costs can lead to subconscious PA bias to choose 

fewer slices than a specimen may actually need, and PAs can differ in how strictly they 

follow the mandate.  

Lumpectomy, i.e., Breast Conserving Surgery (BCS) is currently the most 

commonly performed surgery to remove breast cancer [7]. This procedure removes the 

entire tumor mass plus a small margin surrounding the cancerous tissue as determined 

partly from a diagnostic imaging scan performed previously or during surgery and 

partly from the surgeon’s sight and touch of the area. These visual and physical 

observations provide him or her a subjective judgment on how much tissue to remove 

around the tumor boundary. The resected specimen margin is subsequently evaluated 

through histology to determine if cancerous tissue is present at the margin periphery. If 

cancerous tissue is found at the margin, this could mean that residual tumor tissue was 

likely left behind in the breast cavity, and the patient must be recalled to undergo a 
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second surgery to remove additional tissue (see Section 2.2 Breast Cancer Treatment 

Chain and Figure 10). Specifically in this procedure, the subjectivity of surgeons and 

pathologists has led to an 18-27% national recall or re-excision rate, with some women 

being recalled up to three different times [8]–[10]. 

It is not difficult to see how these two problems of over diagnosis and high recall 

rates have arisen. Radiograph-based imaging modalities like mammography form 

images based on the differences in the number of photons absorbed and transmitted 

through different tissues in the body. These differences are reflected in linear 

attenuation coefficients for the different tissues, which fundamentally form the contrast 

for the image. Unfortunately – and most noticeably in the breast, which comprises 

entirely soft tissue – this contrast is quite low for most x-ray based imaging modalities 

since the linear attenuation coefficient differences between soft tissues are small [11].  

Mammography improves the low contrast problem by utilizing lower kVp x-

rays, which increases the intrinsic contrast due to the photoelectric effect cross section 

differences of soft tissue widening at low kVp values [11]. Additionally, mammography 

systems exhibit higher resolution and are able to detect calcifications in breast tissue 

more easily. On the other hand, because of the lower kVp parameters used, 

mammography is prone to higher dose than many other radiography-based modalities 

[12].  Dose is particularly worrisome in mammography since it is a screening modality. 
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For surgical removal and post-surgery confirmation of complete tumor removal, 

surgeons and pathologists objectively rely on image-guided procedures (i.e. radioactive 

seeds, metal clips, etc.) to determine and mark the tumor boundaries and features. 

However, during surgery they also rely on their experience, palpation of tissue, and 

personal interpretation of images or histology to make decisions; all of which are 

susceptible to human error. This decision-making process associated with breast cancer 

would greatly benefit from the use of a quantitative – and thus more objective – device 

or system that would minimize subjectivity in the decision-making process. A 

supplemental tool that could quantitatively detect a lesion or use diagnostic information 

to assess the subclinical disease surrounding the tumor could have profound impacts on 

many patients. The tool would be impactful by improving efficiency or standardization 

either before surgery, during surgery, or at the point along the treatment chain in which 

the PA is preparing the samples before consigning them to a pathologist (see Section 2.2 

Breast Cancer Treatment Chain). This thesis focuses on demonstrating the utility of a 

Coded Aperture Coherent Scatter Spectral Imaging (CACSSI) system to address these 

challenges and aid in breast cancer assessment. 

1.2 History of Previous Work 

The overall goal of our lab’s work is to advance and investigate the use of x-ray 

diffraction (XRD) spectral imaging in cancer applications. Previous foundational 
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literature work from Kidane et al. tabulated scatter signatures and spectral data from 

human breast tissue samples [13]. They showed the spectra produced different shapes 

for different tissues and that tissue classification applications could take advantage of 

this fact and classify otherwise difficult tissues more easily. More recently, a series of 

virtual and experimental tests were conducted by Lakshmanan et al. to ascertain 

CACSSI’s ability to distinguish tissue types in resected breast tissue [14], [15]. Both the 

Monte Carlo and experimental studies showed that tissue differentiation was possible 

[14], [15]. An example of the virtual setup used in the Geant4 Monte Carlo simulations is 

shown in Figure 1.  

Once the work was deemed feasible from simulated and initial experimental 

trials, Albanese et al. continued the investigation using non-anatomical and 

anthropomorphic phantoms to determine if the tissue signals would be distinguishable 

in thicker, more heterogeneous specimens. Leading into a clinically important in-vivo 

application, their work was able to show that tissue-equivalent material were 

distinguishable and that the phantoms used were suitable to characterize the system 

[16]–[18]. A depiction of the phantoms used is shown in Figure 2. 
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Figure 1: A visual representation of a Geant4 Monte Carlo simulation for the CACSSI 

system, depicting the geometries and phantom used in the study [14].  

 

Figure 2: (Left): A 3D-printed anthropomorphic breast phantom utilized in previous 

work [16]. (Right): Spectra comparing the scatter signature from a tumor-equivalent 

material alone and that same material placed inside the phantom. The spectral 

comparison shows that the phantoms are good tools to characterize the system [16]. 
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After determining that the CACSSI system could be used in clinical scenarios, the 

next step was to evaluate whether CACSSI could accurately match the outcomes 

determined through histological analysis by scanning a slice of tissue instead of a larger 

specimen. Morris et al. validated CACCSI’s utility in differentiating cancerous and 

normal (non-malignant) tissue from a single specimen acquired from Surgical Pathology 

(SurgPath) [19]–[21]. An example of their classification work is shown in Figure 3. 

 

Figure 3: The image formation scheme used in the previous work [19]. Spectra produced 

from the raw scanning data are correlated to reference spectra, and the tissue at each 

scanned voxel is classified as either completely normal (non-malignant) or as a 

probability of being cancer [13]. 
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1.3 Purpose 

This work builds on previous CACSSI development by using a larger population 

of clinical specimens (both fresh and formalin-fixed) to evaluate two main goals: (a) to 

distinguish between cancer and non-cancerous tissue; and (b) to assess the fidelity and 

robustness of the system.  

In regards to the first goal of differentiating the tissue types, there were three 

clinically-relevant characteristics that shaped the workflow to best conduct the 

experiments: (a) the specimens must originate from surgically excised breast tissue (as 

opposed to stock samples or other readily available tissue) to simulate future clinical 

conditions and system applications, (b) the scanning must be performed in a non-

destructive manner so the specimens could proceed along their clinical workflow in 

pathology, and (c) the determination would be performed in a short time frame that 

would not impede clinical workflow (whether in a research setting or eventual clinical 

scenario). For this system to be fully applied in future clinical applications, it must give 

the surgeon or PA results within a minute so that they can make accurate and timely 

decisions based on the information supplied. Real-time tissue classification is desired 

since one of the clinical problems is the pathology turnaround time for lumpectomy 

patients. It is counterproductive to introduce a novel imaging technique into the 
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pathology workflow if it will cause increased delays and negate the reduction in slices 

and pathology burden per patient. 

For the purpose of assessing the fidelity and robustness of the system there were 

also three practical criteria against which the assessment was made. The first merit 

imposed on the system fidelity was whether the imaging system could classify the same 

tissue accurately regardless of whether it was fresh or formalin-fixed. This is beneficial 

in order to know that the pathology analysis performed on a formalin-fixed tissue slice 

would match the classification results obtained by the system on freshly excised or in 

vivo tissue.  

Assessing the robustness of the system against a larger specimen population is 

also desired. The tissue classification is based on the measured spectra being correlated 

to reference literature. The classification scheme in this approach was developed in an 

iterative manner; i.e., any metric of classification could be chosen, assessed, and tweaked 

until accurate classification was obtained with respect to the known ground truth. 

Finally, comparing the system accuracy against the pathology histology gold standard is 

essential.  

The point of this work is to demonstrate the ability of the CACSSI system to 

classify the specimen slice with the same accuracy in outcome as histology. Comparing 

against the Hematoxylin and Eosin (H&E) slides is part of the iterative process of 
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improving the system’s robustness by improving the aforementioned classification 

scheme.  

With these purposes in mind, in the next section we discuss some background 

XRD theory and the breast cancer treatment chain to understand the working of the 

system at a fundamental level and the clinical problem that forms the basis of this 

project. 
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2. Background: X-ray Diffraction Theory and Breast 
Cancer Treatment Chain 

2.1 X-ray Diffraction Theory 

As previously mentioned, coherent scatter imaging systems that utilize XRD 

principles have a fundamental advantage over traditional mammographic and other 

radiographic imaging modalities when it comes to visualizing breast and soft tissues. 

The low contrast between the similar attenuation coefficients of different soft tissues 

poses a difficult challenge in distinguishing tissue types, even in modalities such as 

mammography that use lower keV x-rays to improve the tissue contrast.  

The key and unique factor with coherent scatter imaging is that unlike other x-

ray-based modalities that produce a true, gray-scaled image, the CACSSI system takes 

the detected photons and produces a spectrum whose shape is directly related to the 

lattice structure, intermolecular spacing, and biomechanical properties of the tissue 

being scanned.  This relationship is manifested through coherent scatter diffraction (i.e., 

Rayleigh scattering), where materials with different lattice structures and intermolecular 

spacings diffract photons at different angles that are unique to that material. This basic 

XRD technique has been well established since its founding by Bragg, et al. and 

eventually led to the development of x-ray crystallography and x-ray powder 

diffraction, which has more widespread applications in chemistry and geology [22]–[24]. 



 

 

12 

The most novel applications of this technique include homeland security and medical 

applications [13], [25]–[27].  

Through x-ray diffraction techniques, it was found that photons shot at a 

material or object could coherently scatter off that object, specifically its lattice plane 

structure. Coherent scatter, which is also referred to as Rayleigh scattering or classical 

scattering, is a means of photon interaction with matter, but is very uncommonly 

considered in radiographic imaging. It is, in fact, actively eliminated whenever possible 

for better transmission image quality [28]. Coherent scatter dominates at low keV 

photon ranges and in higher z material, both of which are non-ideal for patient imaging  

and therefore lead to degradation in image quality [11]. However, at higher keV energy 

ranges a smaller scattering angle is favored, and we can take advantage of this in our 

system’s geometry. 

 When these interactions occur, the photon does not lose any energy or transfer 

any energy to the nucleus; the photon simply changes direction and scatters off at some 

small angle [11]. Figure 4 illustrates an example of the interaction. Additionally, 

coherent scatter occurs at small angles (0-10°), which is important and beneficial for our 

geometric system setup [13]. 
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Figure 4: An example of a Rayleigh or Coherent Scatter interaction [11]. 

Because the photon wavelength is on the order of or larger than the atom’s 

diameter, a key point to make is that the photon scatters off the entire atom. This 

distinguishes it from Compton scattering; more importantly, the photon scattering off 

the whole atom shows from Bragg’s Law that the resultant scatter signatures reaching 

the detector are inversely proportional to the intermolecular spacing of the material (or 

interatomic spacing if dealing with a pure elemental substance). A material or object’s 

molecular composition governs this spacing and will give rise to these unique scatter 

signatures, which can occur since the photon wavelength is similar to the spacing 

distance [24]. Figure 5 depicts XRD or Bragg Diffraction [29].  
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Figure 5: A depiction of Bragg or XRD [29]. “d” is the intermolecular spacing that 

governs the differences in tissue scatter signal. 

 The spectra produced are formed by finding the intensity of each momentum 

transfer (“q”). This momentum transfer is found from the combination of photon energy 

and scatter angle, and q is found via a rearrangement of Bragg’s Law as shown below: 

𝑛𝜆 = 2𝑑 sin𝜃 

𝑞 =
1

2𝑑
=

𝐸

ℎ𝑐
sin𝜃 

where n is an integer order of wavelength, λ is the de Broglie wavelength of the photon, 

d is the lattice or intermolecular spacing of the material being scanned, θ is the 

diffraction or scattering angle, q is the momentum transfer in units of inverse Angstrom 

(Å-1), E is the photon energy, h is Planck’s constant, and c is the speed of light in a 

vacuum. The intensity of each q value is found and graphed to form a spectrum called 

the form factor of the material [30], [31]. Figure 6 shows the reference spectra data 

graphed from Kidane et al. [13]. 
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Figure 6: Reference Form Factors of four clinically-relevant tissue types described in 

Kidane et al. [13].  

As can be seen from the graph, for certain q-values or certain relative intensities, 

it is visually easy to distinguish four different spectra. There are areas of the spectra that 

overlap well and have little contrast, but clever choices of metrics can be used to provide 

optimally high contrasts between the reference spectra where they then become the most 

disparate. Upon trying to correlate a reconstructed spectrum to the reference spectra, it 

is in these carefully chosen areas that comparisons between the reconstructed and 

reference spectra should be made. For example, to immediately filter between adipose 

and normal tissue or cancer and fibroglandular tissue, it is best to look for a spectrum 

peak just above q = 0.1 Å-1, and to then distinguish between adipose and normal, 

utilizing q = 0.2 Å-1 is most beneficial. 
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2.2 Breast Cancer Treatment Chain 

There are generally three steps when patients are screened for breast cancer: a 

physical breast exam performed by a physician, a follow up diagnostic imaging exam, 

and a biopsy for confirmation of cancer. In some cases the initial physical exam may be 

accompanied by a routine screening mammogram. If a physician feels a lump or 

suspects that a mass might be present, a follow up exam is ordered. Ultimately, the 

conclusive diagnosis is handled via a needle or surgical biopsy. A pathologist examines 

the removed tissue to determine the histology. If cancer is suspected, then the patient is 

given treatment options. 

 Patients receiving surgery as a treatment plan for breast cancer either undergo a 

mastectomy or breast conserving surgery (BCS), with women choosing the latter in 59-

65% of all cancer cases [7], [32]. Mastectomies remove the entire breast tissue whereas 

the BCS only removes the tumor mass plus a small margin of normal or healthy tissue 

surrounding the tumor. Cosmetically, BCS is a more favorable outcome and is largely 

the reason for the higher number of lumpectomies over mastectomy. A margin is 

removed around the tumor to account for any uncertainty in tumor boundaries 

determined through an imaging procedure. The extent of the margin chosen during a 

surgery is surgeon-specific and is determined based on tumor type, tumor growth rates 
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(observed during workup), and the surgeon’s visual inspection and physical palpation 

of the tissue during surgery.  

Once the lumpectomy is performed, the tissue is sent to SurgPath for grossing. 

The surgeon will use suturing and/or surgical clips to indicate the specimen’s 

orientation, and SurgPath inks the tissue on each side with different colors to maintain 

proper tissue orientation throughout the grossing process. An example of this is shown 

in Figure 7. Raw pictures of the entire specimen are taken, notes and documentation are 

created, and the specimen is fixed in a formaldehyde solution called formalin. This 

fixation process preserves the tissue, allowing it to be processed and stored without 

further tissue degradation. The specimen is then cut cross wise, superiorly to inferiorly, 

in 2-3 mm thick slices so that all four sides of a slice will show different inking. Figure 8 

shows the inked slices laid out on a tray for photography and x-ray imaging. 

 

Figure 7: An inked lumpectomy specimen with anatomical positioning annotations. 
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Figure 8: A sliced up post-fixation lumpectomy specimen. The formalin-fixation 

discoloraization is evident as well as the exterior inking being preserved to maintain 

anatomical positioning throughout the process. 

Next, a transmission radiograph is taken using a Faxitron BioVision x-ray 

scanner [20]. This image provides a transmission x-ray image of all slices, aiding the PA 

in finding surgical clips and/or metallic or radioactive seeds that surgeons use to 

indicate the central or main area of the tumor mass. Knowledge about which slice 

contains the center of the mass allows the PA to gauge all other slices’ proximity to the 

center. There is some standardization as to which slices are selected for histological 

staining; for example, the most superior and most inferior slices are selected for margin 

assessment, and generally every alternate slice is also analyzed. Ideally, the specimen is 

sampled at approximately every 3 mm at most. However, the slice selection process is 

still subject to human subjectivity in that a PA must use his or her experience, visual 

inspection, and physical palpation of the slices to see which slices are actually needed. 

There is no machine or quantified means to determine which slices should be selected 
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for further assessment. A depiction of how the slices are indicated for analysis is shown 

in Figure 9. 

 

Figure 9: A picture indicating how a PA notates which slices or sections of slices will 

be considered for H&E slide analysis. The white numbers or boxes indicate which 

slices proceed to pathology assessment. Note that the slices are numbered superior-to-

inferior. The sections of slices are needed simply to fit to the dimensions of a 

microslide. 

The formalin-fixed slices are set in cassettes and infiltrated by wax to form rigid 

paraffin blocks that are subsequently cut into few-micron-thick slices using a microtome. 

The micron-thick slices aid in light microscopy visualization. Next the slices are stained 

using the common pathology stains H&E. These staining agents are used to visually 

differentiate different cellular materials. Hematoxylin, a basic compound, will stain 

basophilic or acidic substances a blue or violet color [33]. Basophilic cellular structures 

include deoxyribonucleic acid in the cell nucleus as well as ribonucleic acid in 

ribosomes. Eosin, on the other hand, is an acidic staining agent that will stain acidophilic 
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or basic substances a reddish pink color [33]. Cytoplasm, fibers, and collagen are some 

cellular structures that are basic and stain red or pink.  

Knowing this, pathologists can easily identify cancerous regions apart from fatty 

or fibrous healthy breast tissue since the blue nuclei of denser cancer regions tend to 

clump in an unorganized fashion as one large mass whereas the adipose, fibrous, and 

healthy tissue tend to contain nuclei which are spread out [34]. Healthy, fatty tissue can 

also not uptake much eosin staining and appear faintly or not at all on the microslide. 

An example of a histological slide of an IDC specimen is shown in Figure 10. 

After visually inspecting each slice from a specimen with a microscope, the 

pathologist will generate a report indicating any positive margins as well as the closest 

margin for all negative margin slides. It is this report that determines if the breast cancer 

patient needs to be recalled for additional surgery to remove any potential tumor tissue 

left in the breast cavity. Figure 11 illustrates what the pathologists are trying to verify in 

terms of the lumpectomy margins [35]. A negative margin means that no cancerous 

tissue was found on the periphery of the stained slide, whereas a positive margin does 

indicate cancer at or close to the edge [36]. If a positive margin exists – or a margin less 

than a standard identified by a physician or a standard set across the entire hospital 

exists – the pathologist will order the patient be recalled to have additional tissue 
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removed from the breast cavity in the orientation indicated by the inking of the positive 

margin area.  

 

Figure 10: An illustration of the margins seen in lumpectomies that pathologists try to 

assess in the sliced samples [35]. There are also “close” margins that are analyzed and 

may be considered close enough to the edge to act as positive margins [36].  

 

Figure 11: An example of a histological staining of a low grade invasive ductal 

carcinoma [34]. This example demonstrates how dense, clumped, and unorganized the 

eosin, blue-stained nuclei are as well as how sparse the nuclei in the pink, fibrous 

region of healthy tissue tend to appear. 
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The imaging system used in this work would be beneficial to utilize in this 

treatment chain in three ways:  

(a) before surgery as a means of identifying more closely the physical extent of 

the tumor as close to the surgery as possible,  

(b) during the surgery to aid the surgeon in excision margins in a fluoroscopy-

like fashion, or  

(c) after the surgery as a means of intraoperative margin assessment to 

determine if the whole tumor was removed by scanning the cavity or excised 

specimen.  

Doing this in the surgical operating room while the patient was still anesthetized 

would be beneficial to reduce risk of complications developing during a second surgery 

or second administration of anesthesia. Accomplishing this goal, however, requires 

performing a few challenging tasks: perform several dose evaluations, investigate how 

to dynamically alter the system’s geometry since it heavily relies on its geometrical 

parameters which would likely need to change continually in a fluoroscopy-equivalent 

setting, and fully assess the system’s accuracy to justify its use on a patient. In this work 

we focus on another aspect of the treatment chain, however, that can be more directly 

and immediately improved – guiding the selection of slices by SurgPath PAs for 

pathology follow-up. Reducing the variability at this step will benefit patients by 
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standardizing (and ideally lowering) the average number of slices sent for staining and 

being assessed by a pathologist, which would in turn ideally reduce the total time spent 

on histological analysis and therefore speed up the overall decision process across the 

institution. While the pathologist assessing all slices from a specimen is ideal for highest 

accuracy of results for the patient, the point of using CACSSI is to serve as a surrogate 

pathologist to determine which slices should be selected for analysis.  

Using an objective and automated system to help determine which slices proceed 

to the next step as opposed to manually inspecting each slice one by one should reduce 

the average time spent assessing a case. Testing of this would need to be performed once 

a working prototype of the CACSSI system has been developed. Using the system 

would either reduce the individual employee burden by allowing him or her to assess 

the same amount of work in less time, or would increase pathology productivity by 

assessing more patients in the same amount of time. Finally, this research would benefit 

both patients and hospital in terms of costs. The reimbursement for assessing the 

specimens is currently the same amount no matter how many slices are prepared by a 

PA and seen by a pathologist. Therefore, if the system can reduce the number of slices 

needed per patient or specimen, there would be a net benefit to hospitals from 

evaluating fewer slides per patient. 
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3 Specimens, System, and Workflow 

3.1 Specimens 

After understanding the physics and background of the system, it is next 

beneficial to understand the specimens being scanned. Twelve unique patient samples 

were obtained from Duke University’s Biospecimen Repository and Processing Core, a 

core facility operated within the Department of Pathology at Duke University. From 12 

patients when including formalin-fixed pairs, 17 total cases were scanned. Some scans 

included both a cancerous slice from close to the center of the whole specimen and a 

slice deemed as fully healthy that came from close to the margin of the specimen. From 

those 17 cases, this equaled to scanning 20 unique slices – 10 cancer and 10 healthy slices 

– and scanning a total of 28 slices – 14 cancer and 14 healthy slices, when including the 

formalin-fixed pairs. Additionally, the slices being compared with pathology H&E 

assessment were received as “permanent, discard” specimens. In the clinical pathology 

workflow, any slices not sent off to a pathologist are held in a formalin-filled bucket for 

approximately two weeks. Once those slices are no longer needed, they are disposed as 

biological waste.  

The reason this type of specimen was used to compare to pathology is because 

for the specimens we receive to scan normally (see Section 3.3 Workflow), there is a 

finite time in which we may keep the specimens so as not to significantly interrupt the 
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clinical process and ensure timely reporting, informally decided by both BRPC and 

SurgPath as about 30 minutes. Therefore, our system can only scan a set number of spots 

in this timeframe (see Section 3.2 System). This yielded a less desirable comparison to 

pathology; hence, a specimen being discarded that we could indefinitely keep was 

preferred. Additionally, once a slice is sent to a pathologist, because it is infused with 

paraffin wax, it can no longer be scanned in the system and achieve meaningful results 

since paraffin signal dominates the scatter signatures. Therefore, we also wanted to 

compare neighboring slices so additional scans of the fixed slices could be made if 

needed. This required using slices not sent to pathology that were being discarded.  

All of the specimens received were from one of three surgical procedures: breast 

reduction, mastectomy, or lumpectomy. The breast reduction surgeries yielded 

exclusively healthy tissue unless a cancer was coincidentally – and unknowingly – 

present, which we did not observe in our specimens. Some mastectomies were from 

bilateral prophylactic mastectomy procedures, which produced only healthy tissue 

classifications [37]. Cancerous mastectomy specimens used were sliced to simulate the 

same slice size as that from a lumpectomy. However, most of the specimens scanned 

were from lumpectomies as those are the surgeries of interest that give rise to margin 

assessment. Since mastectomies take out the entire subcutaneous breast tissue, the entire 

tumor would be removed, removing any need for margin evaluation.  
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When the BRPC team culled specimens from surgery schedules, they were 

looking for cases involving IDC. This is because, as opposed to DCIS, the tumor in IDC 

is relatively palpable and easier for the PA to ascertain the general mass location to 

indicate on the slice. The team also screened for tumors that would be ≳1.5 cm in 

diameter both so that the PAs could palpate the tumor more easily and so there would 

be sufficient cancerous surface area to scan and classify. 

Figure 12 shows the four combinations of tissue received to scan. The tissue was 

either healthy or cancerous and either fresh or formalin-fixed. The tissues received were 

limited to these 4 combinations simply due to pathology and clinical relevance. In the 

clinical framework, the tissue will either be fresh within a patient or formalin-fixed, 

being preserved for later assessment by a pathologist. From a pathology standpoint, 

only cancerous tissue is important because pathologists only report whether cancer 

tissue is present, at least in the gross examination for margin assessment. 

Fibroglandular, healthy, or any other tissue type other than malignant cancer are not 

important at this stage. Because of this if tissue is not suspected to contain cancer, it is 

simply designated as non-cancerous and labeled as healthy.  
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Figure 12: Examples of the four combinations of tissue received to scan. The rulers at 

the bottom are in cm to give an appreciation of the specimen size [38].  

The specimens are all prepared by the SurgPath team. They are placed in 

commercially bought vacuum seal bags and sealed using a commercial FoodSaver® 

model V2865 system. SurgPath also marked the specimens with a circular area to 

indicate the suspected extent of a tumor mass. This sharpie mark circle is visible in 

Figure 12 in the fresh, cancerous specimen. A similar process was followed for the 

formalin-fixed slices.  
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A challenge in this workflow is that there is no easy way to maintain the 

orientation and margins of the fresh specimens during fixation, which poses an 

impediment to coregistration of the fresh and formalin-fixed scans. The nature of breast 

tissue means that as soon as the vacuum seal of the bags encasing the specimens is 

broken, the tissue will shift and lose margins to some extent, and the SurgPath PAs must 

break the seal to place the specimens in a formalin solution. Even piercing the bag with a 

needle and filling the bag could result in margin distortion. It is critical for the SurgPath 

PAs to maintain the specimen orientation and amount of vacuum suction as much as 

possible. This task proves difficult as a different PA sometimes handles the formalin-

fixed specimen the next day. To alleviate this challenge, pictures were taken of the 

specimens before each scan precisely to use as comparisons for any subsequent scans as 

well as comparisons with pathology. 

3.2 System 

 Here we discuss the system used to scan the breast tissue specimens. The 

imaging system comprises several components, which will be discussed systematically 

following the path a photon would travel going through the system: the x-ray tube 

source, collimators, object stand and supports, the beam stop, a coded aperture or 

“mask”, and finally the detectors. Figure 13 shows a photograph of the experimental 
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system and setup in addition to a top-down view schematic depicting the components. 

 

Figure 13: (Top): A picture of the experimental system in the lab environment with 

numbers corresponding to the components listed below. (Bottom): A schematic from a 

top-down view of the same system with the same numbers corresponding to the 

components listed below. Note the pink ellipsoid is an imagined object in the system 

for reference, and the yellow lines are an exaggerated view of the path and shape of the 

photons [38]. 
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3.2.1 X-ray Tube Source 

The source of x-rays used was a Varian model G1593BI x-ray tube, containing a 

rotating anode of tungsten and rhenium. Its nominal focal spot size was 0.8 mm, and it 

was operated at 125 kVp and 50 mA parameter settings [15], [39]. The tube is 

permanently attached to a primary collimation window, and this whole unit is covered 

in a 1.5 mm thick lead shield to minimize leakage and background scatter [19]. A tube 

with a tungsten-rhenium anode was selected due to its higher heat-loading-capacity-to-

cost ratio. A major constraint of our system was the overheating of the x-ray tube. The 

tube heating capacity is measured in Heat Unit (HU) percentages, and the tube output 

flux is only stable up until about 50 HU%, with 1 HU being equivalent to 0.7 J [19]. At 

our current parameter settings, every 10 s scan typically raises the tube HU% by 5-6 

HU%, giving us only about 10 continuous spot scans. However, tube cooling occurs at 

approximately 1 HU% per minute on average, with faster cooling occurring at higher 

HU% ranges. As a result, we typically can acquire approximately 15-16 scans in a 30 min 

window. 

There are several reasons why a high output – one that is higher and longer than 

most radiography protocols – is employed, especially when considering coherent scatter 

dominates at lower keV energies as aforementioned. First, as will be discussed in the 

next section, an extremely narrow pencil beam of photons is used for resolution and 
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accuracy purposes, giving rise to an extremely small amount of photons from the start. 

Additionally, we expect relatively low amounts of scatter from these relatively thin (1-3 

mm) specimen thicknesses. A third reason is we only actually use photon data from the 

~20-60 keV energy bins, the reason being that the Bremsstrahlung spectrum is relatively 

stable in this range with no characteristic x-ray peaks and that most or all photons above 

this will likely undergo Compton interactions. Finally, as discussed in Section 3.2.6 

Detectors, the detectors only have one 0.8 mm thick line of pixels that detect the 

photons. All of these factors necessitate a high photon flux output to ensure enough 

scattered photons are detected to produce a statistically significant signal. 

3.2.2 Collimation 

The initial collimation occurs in a Ralco 108-F model unit that is permanently 

fixed to the x-ray source tube as described previously. This initial collimation window is 

set to collimate the beam down to a 1x1 mm square. Beyond accurate collimation with 

the built-in adjustable knobs, this collimator is invaluable to the setup since it contains a 

laser alignment and light field output. The laser affords central alignment, and the light 

field aligns with the radiation field, providing easy viewing of further collimation down 

the setup along the beam path and ultimately where the radiation becomes incident on 

the scanning object.  
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Additional collimation is needed along the beam path since the photons will 

diverge as they travel towards the detector. The first set of collimators are pairs of 1.5 

mm thick lead sheets that act as perpendicular slits – one horizontally and one vertically 

– to collimate the beam back to a ~1x1 mm square. More importantly, these collimators 

block any leakage and scatter interactions that occur from the face of the initial 

collimator window. A third machined, lead, pinhole collimator shapes the final beam to 

a circular ~1 mm diameter beam while also blocking any interactions from the previous 

two slit collimators. There is a final anti-scatter, lead, pinhole collimator that has a ~1.5 

mm diameter to allow the photon beam to fully pass through without collimation. This 

collimator actually serves to block any and all previous scatter or leakage radiation. 

With the beam having an approximately 1 mrad divergence, after passing through the 

collimation, it has a final diameter of about 1.5 mm at the object being scanned and 

would have about a 2 mm diameter at the detectors if it were to reach them.  

3.2.3 Object Stand and Supports 

The object stand is made up of two mechanically controlled aluminum arms 

from the 80/20® Inc. erector set mounted to bars controlled by a rotating motor that 

provides movement in the xy-plane. This plane is perpendicular to the beam path, 

which is along the z-axis. As previously described in Section 3.1 Specimens, the 

specimens are received already vacuum sealed, the purpose being to hold the slices and 
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maintain their origin and location in a vertical position so the photon beam is shooting 

at them perpendicularly in a horizontal plane. Therefore, the object stand needed a way 

to support a tall and thin object. To accomplish this feat, plastic supports were 3D 

printed that fit into the erector set frame and allowed the bags to simply slip into the 

supports. Additionally, the supports also somewhat clamped down on the bags to 

secure the specimens in place and ensured the bags would not move when the object 

stand was being moved from the mechanical motors. Object stand movement was 

needed to achieve a raster scanning capability as opposed to moving the vacuum sealed 

bags and supports, which would give less flexibility and afford less accuracy aligning to 

the light field exiting the collimation window. 

3.2.4 Primary Beam Stop 

A primary beam stop was used to block the main photon beam from reaching the 

detector, saturating it, and damaging electronics from prolonged use. The beam stop 

comprised two 5 mm thick lead slabs and a slab of copper to attenuate any interactions 

that occurred in the proceeding lead slabs. It was necessary to place the stop adequately 

far from the sample to certify that that coherent scatter interactions would diverge and 

extend past the beam stop boundary and actually reach the detector and not be 

attenuated themselves. However, it is also beneficial to have the beam stop as close to 

the sample and far away from the detector as possible to minimize any scatter that may 
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still occur from the beam stop that would muddle the signal and add unwanted noise to 

the spectra produced. The first lead slab is placed such that the collimated light just 

reaches the top edge of the slab, and the second slab is purposefully misaligned and 

placed so that its top edge rises a few mm above the first slab’s edge. This is to simulate 

a single, thicker, concave slab, which would both fully attenuate the primary beam as 

well as promote backscatter away from the detectors. 

3.2.5 Coded Aperture Mask 

The coded aperture mask is critical for z-depth resolution along the pencil 

beam’s path [16], [19]. As the photons diverge, the “shadow” of the mask’s features will 

also diverge and magnify onto the detector. Using this information the location of scatter 

origin can be back calculated, and the image reconstruction can occur at the proper z-

position [39], [40]. This is especially important for thicker specimens, greater than about 

2 cm, wherein a single photon can undergo multiple scatter interactions before leaving 

the specimen. A coded aperture mask can tease out this information since it allows 

photons to pass through only at certain angles. This, in combination with knowing the 

xy position of the beam origin, allows the reconstruction to remove spurious geometric 

possibilities and form a proper image [30].  

Along these lines the mask also allows for the probabilistic reconstruction 

method to happen more easily in that different materials at different locations could 
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yield similar patterns at the detector (i.e. adipose tissue farther away from the detector 

could potentially look like cancerous tissue closer to the detector); conversely, the same 

tissue type could appear differently on the detector at different locations as seen  by “6’ ” 

in Figure 13 [30]. Therefore, having an apparatus like the mask to eliminate erroneous 

object z-locations increases reconstruction probability by narrowing to the most likely z-

locations. Utilizing an object stand, thin specimens, and a narrow pencil beam does not 

necessitate an aperture, per se, since the z-location is relatively well known and since the 

thin specimens and narrow beam allow for the assumption that only one interaction 

takes place in the tissue. However, the aperture acts as a constant safeguard in case any 

specimens are thicker as well as a means of standardization to ensure that every 

specimen is modeled equally well with a verification of the general z-location.  

Figure 14 shows the 1D aperture used in this system. This aperture is 1 mm thick, 

is made of a bismuth-tin alloy, features periodic 1 mm slits with frequency 0.5 mm-1, and 

provides about 5 mm spatial resolution along the beam path in the z-axis [14], [16], [19], 

[31], [39]. Ideally, the system would use a 2D aperture as shown in Figure 15 to be the 

most robust system possible. A 2D aperture is needed for other beam geometries like fan 

or cone beams, if the detector sweeps in the y-dimension, or for thicker specimens [19]. 

With a pencil beam configuration, the photons are physically contained to a small cross 

sectional area. In fan and cone beams, the photons diverge and spread into the y-
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dimension. The 1D aperture would satisfy the x-axis reconstruction as the periodic bars 

change in the x-axis; however, randomization or a coded pattern is needed in the y-

dimension when photon spreading occurs along that axis. The multiple scatters that 

occur in thicker specimens means that subsequent interactions can happen in a different 

y-axis location than the original pencil beam incident on the specimen, and this 

necessitates the 2D aperture. This aperture is 3D printed and features a coded pseudo-

randomized pattern of tungsten powder, which attenuates photons in a binary fashion.  

 

Figure 14: A photograph of the 1D bismuth-tin alloy coded aperture as it would be seen 

along the beam path. The misaligned lead slabs of the primary beam stop are visible in 

front of the aperture, and the detector can be seen behind it. 

 

Figure 15: A photograph of the 2D coded, pseduo-randomized aperture made of 

tungsten powder. This is taken along the beam’s path, and the white spot on the beam 

stop is the actual light field exiting the collimator window. 
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3.2.6 Detectors 

The final component of the system are the energy-discriminating, photon-

counting, cadmium telluride (CdTe) detectors. We use two linear detectors that each 

have 128 pixels, and each pixel has a 0.8x0.8 mm area. The detectors are MultiX ME-100 

version 2 models, have a 6-7 keV energy resolution over the usable energy range of ~20-

~150 keV (variable ranges have been reported), and has an integration time range of 1-

100 ms [14], [19], [30], [31], [39]. The highest integration time of 100 ms was always used 

so as to maximize the SNR by collecting the most photons possible [19]. The detectors 

need to be not only energy-discriminating so that the energy values can be retained to 

use in Bragg’s Law calculations but also photon counting to be fast enough to capture 

individual photons since we have to discard much of the information and already 

receive relatively few photons at the detector plane. 

3.3 Workflow 

Now that both the specimens scanned and the system in which they were 

scanned have been discussed, it is now pertinent to discuss the general workflow for 

obtaining results and operating the system in general. This section will be broken up 

into three subsections: Specimen Handling; System Calibration, Reconstruction, and 

Image Formation; and Pathology Assessment Comparison.  
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3.3.1 Specimen Handling 

Here we pick up from Section 3.1 Specimens when we receive the specimens in 

the scanning room already vacuum sealed and with the cancer area marked. Before this 

point all that is generally known from BRPC is that the specimen from the patient 

should have a big enough tumor that is usable for our purposes and whether the 

specimen will be fresh or if we have to wait for a formalin-fixed specimen the next day 

due to the surgery time or other factors. We are also generally told if the specimen 

would be a lumpectomy or mastectomy cut to approximate a lumpectomy size, but this 

really divulges little: because SurgPath does not know how the specimen will be sliced 

or which slices will be given to us, and because BRPC simply transports the slices given 

to them by SurgPath, it is not until the sample arrives in the scanning room that the 

number of slices or relative size is known. This causes on-the-spot judgment calls to be 

made as to the number of spot marks made on the specimens as well as how they will be 

grouped. Generally the spots are placed in a gridded pattern in 5 mm increments, with 

the goal being to cover as much of the specimen as possible and to concentrate in the 

cancerous area if applicable.  

As aforementioned for the 30 minute time window within which we aim to scan 

and return the sample, only about 15 or 16 scans occur on average. Thus, if SurgPath 

gives us only a cancerous slice, then all 16 spots will be placed on that slice; however, if 
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there is both a cancerous and healthy slice, we tend to split the spots anywhere from a 

12:4 to an 8:8 cancer-spot-to-healthy-spot ratio, depending on the slice sizes and/or 

indicated cancer area size. Another factor that affects the spot marking process is how 

heated the imaging system tube already is before the specimen arrives. The tube must be 

warmed up to remove any air that has leaked into the housing so as to establish a steady 

output flux with no gas impurity interactions; additionally, the anode can be damaged if 

it is cold and shot with a high exposure. Moreover, calibration and background scans are 

taken before any specimen is scanned. If these are not finished relatively ahead of the 

specimen being received, the tube can have 10% HU% or higher, and this causes fewer 

scans to be able to be performed. Figure 16 shows some examples of representative 

specimens to show the variation in spot marking.  

Using Figure 16 as an example, in the top left picture note that these specimens 

were marked relatively randomly to attempt to scan different features and in regions of 

differing thicknesses. SurgPath has also indicated which slice contains the tumor and 

which is a normal slice. The top right specimen was by itself, and all the spot marks 

were placed in this slice, but the relative big surface area enabled the slice to be sampled 

less finely. In the bottom picture we see both a cancerous and normal slice that are 

relatively much smaller than most slices. Because of this the marks were able to sample 

most of the slices’ surface areas. In these specimens some of the spots even overlapped 
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past the edges to maintain the 5 mm spacing, and some other spots had to be discounted 

after they were drawn due to scanning time constraints. Lastly, some record of the spot-

mark ordering and how the specimen will be raster scanned is usually placed on the 

vaccuum seal bag itself as well as over in the control room by the end users.  

 

 

Figure 16: Example of three different specimens indicating variation in both size, 

shapes and margins, as well as spot marking techniques. (Top left): This specimen was 

marked more randomly. (Top right): A cancerous specimen by itself, so all spot marks 

possible were placed in this slice. (Bottom): Relatively small slices and with no 

cancerous area indication, the gridded spot marks covered a very high percentage of 

the surface area. 

Another aspect of handling the specimens in the lab during the scan time is to 

record the thicknesses of the slices while trying to sample most of the slice area and note 
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all the thickness variations. As previously discussed it is important to ensure the 

specimens are not too thick so they are modeled correctly and the single-interaction 

assumption reamins valid. Additionally, it can be beneficial to normalize results of 

different specimens in terms of statistical signficance. Thicker specimens produce more 

scatter interactions and will yield higher photon detection, improving statistics over 

thinner specimens. If any unusual results are suspected, it is advantageous to evaluate 

whether specimen thickness could be a factor. Recording the thicknesses also acts as a 

means of efficiency in the scanning room in so far as we can record the thicknesses while 

waiting for the tube to cool down before performing additional scans; otherwise, the 

tube cooling can become a limiting factor to where we are simply waiting for it to cool 

sufficiently. Therefore, instead of measuring and recording the thicknesses before or 

after the scans, we elect to do so at some point during the scan time. 

3.3.2 System Calibration, Reconstruction, and Image Formation 

Once the spot marks are made, the order of scanning established, and the 

specimen and vacuum seal bag placed in the 3D supports, the first spot mark is aligned 

with the light field emitted from the collimation window. Then the raw data is collected 

as the scan is commenced from the control room adjacent to the system scanning room. 

This is seen in the top graph of the left-hand figure of Figure 17. The data is collected for 

each of the 256 pixels’ x-axis location (~256 mm in length), and the y-axis is every line of 
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data collection, corresponding to 1/10 s per line. For 10 s we obtain 100 lines of data. In 

general there is actually 110 lines of data recorded (a 1 s difference) to ensure human 

error is minimized between when the x-rays start and the detectors begin recording 

data. Plotting or reviewing this data is beneficial to observe if any unusual patterns are 

present since along the y-axis of this graph the data is expected to be relatively constant 

over time.  

 

Figure 17: A schematic showing the overview for image reconstruction and system 

calibration [38]. Teflon is used here to show the calibration process, but a specimen will 

follow the same pathway. 

Then, that same data is energy binned into ~2 keV bin sizes (corresponding to 64 

channels). This graph can also serve as a verification means since this energy-binned 

pattern should be relatively unique to each tissue type. In this graph the bars of the 

mask are evident as well as some of the zeroed-out pixels. Since coherent scattering 

heavily favors forward peaking and dominates at small angles, the two Gaussian peak 
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shapes seen make intuitive sense [13], [28]. The Gaussian shape also indicates that 

energy and scattering angle are inversely proportional to each other (i.e. lower energy 

bins spread out to distal detector positions). 

Here it is necessary to bring up a potential point of clarification with this work. 

Since a polychromatic x-ray spectrum is produced due to the Bremsstrahlung from the 

source tube at 125 kVp and 500 mAs, we would expect a relatively high amount of 

photoelectric or Compton scatter interference. As an example if this system detects a 57 

keV photon, it cannot distinguish it as a coherently scattered 57 keV photon or as a 60 

keV photon that has lost 3 keV of energy from a Compton interaction. However, 

photoelectric interactions are emitted isotropically, and while Compton is also 

somewhat forward scattered, its angular dependence is much more spread out than that 

for coherent scatter. Plus, it is more heavily favored at greater angles of scatter over the 

keV range used here [11]. Using this information, in combination with knowledge of our 

system’s geometric setup, it can be seen that Compton interactions are less likely to 

reach the detector face, specifically as a fraction of total Compton interactions. On the 

other hand, most of the coherent interactions will be going toward – and will hit the 

detector face – as a fraction of total coherent interactions. Hence, we can be confident 

that a high percentage of the data used corresponds to coherent scatter and is 

meaningful for the reconstruction. 
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The second step in the image reconstruction process is to use the energy-binned 

data in conjunction with Bragg’s Law, a previously constructed forward matrix, and an 

iterative algorithm to compute the q-value form factors. Bragg’s Law is used as a general 

equation to take an energy and angle combination to produce a q-value momentum 

transfer. As can be seen in step 2 of Figure 17, the reconstruction algorithm helps to 

solve the inverse matrix problem by finding the true tissue spectrum given a system 

output. The reconstruction occurs in a field of view (FOV) 1.5 mm x 15 cm 3D space. 

This space corresponds to the 1.5x1.5 mm beam width area and the z-axis 15 cm length 

in which the reconstruction occurs. The reconstruction does not change for the beam 

height (the y-axis of the system), only along the 1.5 mm beam width (the x-axis of the 

system) and along the beam path in the z-axis for the 15 cm in 3 mm increments. This 

creates a grid in the xz-plane on which the user can specify the location to reconstruct 

using the information in the forward matrix.  

The forward matrix is essentially a probability matrix that will correlate the 

system output data to where in that FOV the highest probability for specimen location 

occurs. Once a user selects the point in that xz-plane for which they want to reconstruct, 

the forward matrix essentially back calculates how an object at that location would lead 

to the pattern seen on the detector. The detector pixels can be converted to scattering 

angles, and the detector knows the energies detected for each photon. This is where the 
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coded aperture becomes valuable because only certain tissues and locations will make 

sense for the object to be given where the aperture was placed in relation to the detector. 

The user gets to select parameters in the reconstruction code like maximum number of 

iterations to run as well as which type of iterative algorithm to use (e.g. maximum a 

posteriori with total-variation  regularization or maximum likelihood expectation 

maximum are the two most often used [14], [16], [19]). 

To ensure the forward matrix will correctly predict this, the system gets 

calibrated initially. Step 3 of Figure 17 shows that the spectrum produced get correlated 

to reference spectra, and the spectrum with the best correlation or highest association is 

how the spot scanned is classified as a specific tissue or material. The initial calibration 

process is performed using a known calibration phantom material. Usually Teflon or 

high-density polyethylene (HDPE) are chosen because they have prominent peaks 

around q-values of 0.1 Å-1, which is where adipose and healthy tissue tend to peak, 

making them suitable tissue-equivalent substitutes. They are also both very crystalline 

and are available in relatively thick slabs, which means they will give off a relatively 

high amount of scatter signal with good statistical quantification in the scatter spectra.  

To establish calibration a forward model is employed. This forward model 

contains all the physics modeling and geometrical parameters of the system. The 

forward matrix can also be thought of as a forward model calculator. If the system were 
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placed in a vacuum and scanning absolutely nothing, the forward model incorporates 

the baseline detector behavior. The forward matrix essentially calculates the changes 

introduced in the output signal from this baseline due to the object interfering with the 

beam path. The reconstruction takes the user-specified reconstruction location in the xz-

plane, the forward model, the collected output data, and iteratively determines the 

highest probability of what spectra makes most sense from all that data. We can then 

correlate that spectrum to a reference Teflon spectra [30]. Here the correlation was done 

via a Pearson Correlation Coefficient, shown by the equation below: 

𝑅(𝑥, 𝑦) =
𝑐𝑜𝑣(𝑥, 𝑦)

𝜎𝑥𝜎𝑦
=

∑ (𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)𝑛
𝑖=1

√∑ (𝑥𝑖 − �̅�)2𝑛
𝑖=1 √∑ (𝑦𝑖 − �̅�)2𝑛

𝑖=1

 

where R(x,y) is the Pearson Correlation Coefficient between two graphs, one a function of 

generic variable x and the other a function of generic variable y; cov(x,y) is the covariance 

of the two functions;  σ is the standard deviation of each function; xi and yi are ith points 

in the functions being compared, and �̅� and �̅� are the means of each function.  

 Finally, there exists a “step 4” not depicted in Figure 17. The calibration process 

can cycle back should updates need to be implemented. The forward model can be 

tweaked to ensure high calibration accuracy; specifically, better physics modeling can be 

applied or re-measuring the geometric parameters of the system (i.e. source to detector, 

source to object, and object to detector distances or beam width and beam location relative 
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to the detector) can occur. This cycling continues until the system is satisfactorily 

calibrated. 

 Outside of reconstructing calibration images – and used most frequently in this 

work – normal specimen image reconstruction occurs in all the same way except “step 4”. 

The model will supply the most likely spectra for the position chosen, so no updating of 

the forward matrix occurs from changes to the forward model. For most of the non-

calibration material scanned, since we get relatively few photons, the full image 

reconstruction typically produces quite noisy and variable results. We elect to favor 

optimizing the process towards the scan time constraints, thereby sacrificing full utility of 

the reconstruction process but allow more spots to be scanned. Additionally, the reference 

spectra used were obtained from an x-ray diffractometer system that behaves inherently 

different from our imaging system [16], [19], [20]. To be efficient in the lab room and to 

produce better spectra to use for comparison, we can take advantage of both the fact that 

the z-location of the object is known relatively well due to the 3D printed supports as well 

as the slices being thin to reduce the need of some of the physics modeling and geometric 

back calculations in the full reconstruction. 

 Therefore, we typically use a modified reconstruction code, dubbed a “pseudo 

reconstruction”, which simply uses a pre-defined z-location (measured from the middle 

of the object stand to the detector) as its reconstruction point. It converts the x-axis detector 
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locations to scattering angles from the z-axis position chosen. For each energy bin, it 

collects all scattering angles from which those energies emitted onto the detector. This 

creates form factors following Bragg’s Law as a function of θ for a fixed energy for each 

of the 16 energy bins ranging from ~20-60 keV. These spectra are all interpolated to have 

the same q-interval spacing, and then a mean spectra is produced that shows how many 

photons contribute to each q-value per energy bin. This more efficient methodology works 

quite well and results in consistent spectra over multiple scans of the same spot.  

3.3.3 Pathology Assessment Comparison 

Previous work conducted by Morris et al. compared a scanned slice to pathology 

in a probabilistic manner as previously mentioned; Figure 18 shows an ideal 

methodology of comparison to pathology [19]. However, there are two reasons why this 

methodology was not used in this work: first, the previous work’s use of probabilities is 

not as compatible with pathology relevance since in this work we want to say if scanned 

tissue is cancerous or non-cancerous; second, optimizing scanning a bigger specimen 

population took precedence over as fine of a spacing resolution as Morris et al. used to 

allow for closer pathology assessment.  

To compare with pathology in this work, we want to set a high cancer or non-

cancer threshold and definitively classify a spot as opposed to displaying the 

probability. In this way we would not be able to interpolate between cancer probabilities 
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and instead would have boundaries of different tissues. Additionally, Morris et al. also 

scanned only one specimen with only 5 s and 40 mA (200 mAs) settings, providing a 

much faster means of data acquisition, and the sample was 5 mm thick as opposed to the 

generally 1-2 mm thick specimens used in this work, which would afford enough scatter 

information in that shorter time [19]. Because of the thin slices, the 10 s, 50 mA (500 

mAs) settings were used. This, coupled with having 5 slices to scan, each containing on 

average 100 scans (one spot and one blank scan) to perform, necessitated coarser spot 

sampling on each slice, which would give poor interpolation results if utilized.  

 

Figure 18: A depiction of a previous pathology assessment comparison scheme 

performed by Morris [19]. The CACSSI image is interpolated, with the metric displayed 

as a cancer probabilty. The regions of interest were correlated to the pathology H&E 

stained slide. 

Once we have ensured accurate calibration and then scan a slice, a tissue 

mapping of that slice is created. Wherever the spot marks were placed, they correspond 

to the beam cross sectional area that gets reconstructed. That spot is classified as either 
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healthy or cancerous tissue, again for pathology relevance. Most of the initial slices were 

only compared against the indicated cancerous area from palpation. This is due to three 

reasons: first and chiefly, we initially wanted to assess a baseline of accuracy for the 

CACSSI system and could do this conveniently with just the palpated area before 

assessing accuracy further; second, it is burdensome to obtain annotated H&E slides for 

every specimen that is scanned as the pathologist essentially must read through the slice 

twice – once for the official medical record and then again for our purposes – and BRPC 

must add in this tracking of which slices are needed into their already busy workflow; 

third and most practically, the slices are not likely to be sent off to pathology. Since PAs 

take, on average, every other slice, each slice we scan only has about a 50% chance of 

being taken for assessment naturally. Additionally, the whole point of the work was to 

reduce pathology burden, and while concessions have to be made to conduct research, 

giving pathology additional slices was not viewed as a necessity early on until the 

system could be assessed to some extent first.  

These initial slices’ spectra were first classified based on visual comparison to 

reference literature, heavily weighting the peak location of the spectra. This was done as 

a means to establish an initial baseline as well as to develop a classification scheme; to 

compare against pathology. Concurrently, a weighted cross-correlation variation scheme 



 

 

51 

was developed in our group. The scheme will be discussed further in Section 4.3 

Classification Fidelity Assessment. 

 As previously discussed neighboring slices will be used for more direct 

pathology comparison. Fully direct pathology comparison is not performed yet since the 

slices may need to be scanned again to re-assess results or the classification scheme, but 

the slices cannot be returned or reused once sent to pathology for assessment. Because 

the slices are relatively thin, the tumor mass is not expected to diverge significantly 

between neighboring slices, and we can therefore interpolate between two pathology 

assessed slices to see the expected extent of the tumor margin in the scanned slice that 

would reside between them. These results serve to gauge classification scheme 

methodology and guide any modifications needed.  
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4 Projects: Characterization Scanning, Specimen Tissue 
Mappings, and Classification Fidelity Assessment 

This next section will discuss the results from the thesis work, which has been 

subdivided into the three titled areas to highlight distinct areas of the research. Each 

subsection will discuss the purpose of the individual project, specific procedures if 

relevant, the results obtained therein, and the specific conclusions gleaned that provided 

insight or validation to move forward to the next project and/or to future work. 

4.1 Characterization Scanning 

Before beginning the main bulk of the research work encompassing the second 

project, which mainly utilized the workflow described in Section 3.3 Workflow, we 

needed to characterize a few aspects of the system.  Previous work utilizing the system 

showed that pure formalin, the Foodsaver® vacuum seal bags, and the Press’n Seal® 

bags that are also used in this work do not contribute a unique signal to the form factors 

produced [16], [19]. However, the system was altered and re-calibrated since these 

previous works, necessitating verification of other characterizations similar to these 

before proceeding to other projects.  

The first aspect of the system that needed characterizing was the noise detected 

for the system. Our system has two sources of noise: electronic and background noise. 

The electronic noise originates when the detector “detects” and records counts even 

when the x-rays are not fired, whereas background noise occurs when the x-rays are 
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fired without an object placed in the beam’s path. Thus, any photons detected are from 

leakage or scatter interactions from collimators, the beam stop, or back scatter from the 

scanning room itself.  

We must ensure either source of noise does not detrimentally alter the pattern 

formed on the detector from the true object scatter interaction. Additionally, the noise 

pattern formed should be a baseline, random pattern. Figure 19 shows how insignificant 

the background is compared to the specimen data acquired. The healthy specimen has a 

clear, unique, and consistent signal across acquisition lines, but the background can be 

seen as random for the scan over time and relatively uniform across energies. Figure 20 

shows this data portrayed as ratios to quantitatively signify the low background impact. 

The background here consisted mostly 10% or less of the full signal; the blue spectrum 

representing the difference between the specimen signal, which contains background, 

and the background signal alone is hardly indistinguishable against the black specimen 

spectrum. The minimum, maximum, and average values for the difference and 

background ratio spectra, respectively, are the following: 0.76, 0.98, and 0.87; 0.02, 0.24, 

and 0.13. 
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Figure 19: A representative healthy specimen scan comparing the raw (left, top) and 

energy-binned specimen counts (left, bottom) with those of the background scan (right) 

taken beforehand. Note the steady pattern over line acquisitions for the specimen, 

whereas the background is random over the acquisition time and uniform with energy. 

 

Figure 20: Left, top: The ratio of energy-binned background counts to energy-binned 

specimen counts from Figure 19. Left, bottom: The ratio of the the difference between 

the specimen and background energy-binned counts to the specimen energy-binned 

counts from Figure 19. Right, top: Data taken from Figure 19 in spectrum form as well 

as data from the lefthand graphs of Figure 20 in spectrum form. The minimum, 

maximum, and average values for the difference and background ratio spectra, 

respectively, are the following: 0.76, 0.98, and 0.87; 0.02, 0.24, and 0.13. 
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The background is taken before and after the specimen’s spots are scanned, and 

the count totals and energy-binned count shape is periodically checked; however, after 

initially checking the ratios as seen in Figure 20, the assumption was made that the 

system would perform consistently in this manner. Once we verified the background 

had little impact on the form factors being produced, the next task was to characterize 

the detector response as it was noted that background counts would increase over time. 

Initially, the tube HU% was thought to be the culprit: the hotter the tube became, the 

more flux was actually being output. However, as Figure 21 shows, the counts 

continued to climb even after the tube was allowed to cool back to 15% and 0%. It was 

then inferred there was a detector response at play due to the detectors’ having a 

temperature-dependent detector efficiency, as seen in Figure 22. 

 

Figure 21: A graph depicting the detected counts as a function of tube HU% ordered 

over time of scan for background scanning. The background was scanned for twice as 

long here to ensure more accurate signal. Notice the last two scan points that occur at 

lower HU% because the tube was allowed to cool but still show higher counts. 
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Figure 22: (Left): The detectors’ counts as a function of temperature throughout a second 

day of background scanning. Note that the counts fluctuate at ~36 °C and ~37 °C for the 

two detectors, which corresponds to leveling out in the time domain. (Right): 

Correlating the temperature data over time. The counts level out starting at 2 hours, 

which correspond to the dectectors reaching the temperatures mentioned.  

From this data it was discovered the detectors needed to be turned on at least 2 

hours prior to scanning to safeguard against unstable detector efficiency and increasing 

photon detection. Through this investigation it was determined the physical room 

temperature needed to be monitored to try to standardize the intra-scan detector 

response. The room being too hot or too cold caused the detector temperature to follow 

suit and ultimately would affect results in kind. Lastly, the slight temperature difference 

seen in the left graph of Figure 22 revealed that the detectors have a marginally different 

detector response or efficiency. 

This phenomenon is somewhat evident in the bottom right graph of Figure 19. 

The detector to the right of the x-ray beam (when looking at the detectors), represented 

by the right half of that figure from x-positions 128-256 mm, displays fewer counts than 
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the left detector. This is likely due simply to the fan placement under both detectors not 

being fully identical. However, this difference is compensated for in the reconstruction 

code.  

It was next necessary to assess the precision of the imaging system. Knowing the 

system receives a relatively low amount of detected photon signal due to the geometric 

arrangement of the system as well as throwing away most of the data received, there 

was a need to verify the system’s intra-scan precision. Additionally, this would aid in 

scan time optimization: if it was shown that scanning spots multiple times was 

inconsequential and not beneficial, we could reduce the number of total scans being 

performed and establish a one-scan-per-spot protocol. 

 

Figure 23: (Left): Form factors for a healthy spot of tissue scanned 3 consecutive times 

with the mean of the 3 scans overlayed. The normalized spectra are extremely close to 

shows the importance of the spectrum shape over its intensity values. (Right): The 

mean healthy slice form factor shown with standard deviation error bars as a percent 

error of the non-normalized spectrum to signify the accuracy of the form factor.  
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Figure 24: (Left): Form factors for a cancerous spot of tissue scanned 3 consecutive times 

with the mean of the 3 scans overlayed. The normalized spectra are extremely close to 

show the importance of the spectrum shape over its intensity values. (Right): The mean 

healthy slice form factor shown with standard deviation error bars as a percent error of 

the non-normalized spectrum to signify the accuracy of the form factor. 

Figure 23 and Figure 24 show that for both healthy and cancerous tissue, there is 

high intra-scan precision. The cancer spectra’s error bars are worse because there are 

fewer photons contributing to any individual momentum transfer interval since 

approximately the same amount of total photons are spread out over a wider area and 

range of q values for the cancer spectrum compared to the healthy spectrum. The min, 

max, average, and standard deviation of the error bars as a normalized percent error 

were 0.16%, 11.61%, 3.49%, and 2.42%; 0.98%, 10.96%, 7.32%, and 2.48% for healthy and 

cancer tissue, respectively. 

Overlaying the two tissues’ mean spectra would show some overalp imposed by 

the error bars, bringing into question the system’s ability to differentiate the tissues. 
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However, there are two points to bear in mind. First, these specimens were scanned in 

the standard workflow, so the photon intensity is lower than would be ideal to represent 

statistical significance and accuracy. Ideally we would scan the specimen spots for much 

longer to achieve as high of a signal and as low error as possible, but as discussed the 

tube heating constraint prevents this. Secondly, practically speaking no matter how bad 

the error bars might ever appear, the spectra shape is ultimately what matters, not the 

value or intensity throughout the spectra, another reason the spectra are normalized.  

A spectrum produced from a million photons should, and does, have the same 

general shape, trends, and ratios as if that same spectrum were created with only one 

thousands or even hundreds of photons. Lower amounts of photons may slightly 

change the interpolated shape of the spectra, but since we use careful metric choices in 

certain regions of the spectra for reference correlation, our intra-scan classifications are 

unlikely to change. The consecutive scanned plots on the left half of Figure 23 and 

Figure 24 show how the spectra retain their shapes. 

The next facet of characterization that needed to be complete was verifying the 

system was sufficiently calibrated. Calibration was preliminarily accomplished before 

any of the previous spectra were produced; however, calibration is naturally (and as 

mentioned in regards to Figure 17) cyclical. We cannot easily trust our background 

measurements and spectra until we know the system is calibrated, but fully 
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comprehensive calibration cannot occur until we know the background is minimized 

and insignificant. Figure 25 depicts the reconstructed and reference form factor for a 

calibration phantom material, a slab of pure Teflon. The Pearson Correlation Coefficient 

was found to be 0.8631.  

There are a few reasons the correlation is not higher. First, and most practical, 

this is a randomly chosen scan example that could possibly be affected by human error 

of improper placement of the Teflon slab (since it does not fit in the 3D printed supports) 

and/or improper measuring of the distance to use in the reconstruction code. Second, as 

mentioned in Section 3.3.2 System Calibration, Reconstruction, and Image Formation, 

the reconstruction occurs at a user-specified location on the xz-plane, so it is possible a 

shifted location was unintentionally chosen, which shifted the peak. Lastly, the 

reconstructed spectra’s peak location shift could also be cause by the modeling’s discrete 

sampling. For example, if we want to reconstruct with the object 475 mm from the 

detector with an expected peak location of q = 0.1 Å-1, the model may only have sampled 

information at 472 mm and q = 0.11 Å-1. If this is the case, the model does its best by 

compromising and putting some counts and energy binning in the wrong locations 

around the correct and true locations. With these factors in mind, a correlation 

coefficient of 0.85 was deemed sufficient to ensure proper calibration.  
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Figure 25: An arbitrarily chosen Teflon spectrum was compared to the reference 

spectrum data [30]. 0.8631 indicates the system is sufficiently calibrated. 

Once the system was determined as satisfactorily calibrated, we sought to verify 

the system could produce cancerous and healthy spectra with high correlation to the 

reference spectra. If tissue that was known a priori, or at least with a high degree of 

certainty, to be fully healthy or contain a very palpable mass were used, then the spots 

scanned could act effectively as ground truth. The healthy tissue was obtained from a 

breast reduction surgery specimen with no cancer suspected, and the cancer specimen 

had a tangibly dense nodule in the tissue that was heavily assumed to be cancerous. 

These tissue designations were also made by both the BRPC and SurgPath teams who 

have the expertise and experience to make such decisions. Figure 26 depicts the form 

factor comparisons produced for both tissue types. 
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Figure 26: Form factor comparisons for the ground truth specimens versus reference 

spectra for adipose (healthy) tissue (left) and cancerous tissue (right) [13]. The 

correlation coefficients for each comparison are displayed to the right of the graphs. 

As can be seen in Figure 26, the system is effectively calibrated to produce form 

factors with high correlation to reference spectra [13]. The cancer reconstruction 

spectrum has a relatively low correlation coefficient value, possibly caused by partial 

volume effects from other tissues like fibroglandular, normal, or adipose tissue 

contributing to the reconstructed spectrum. However, note that perfectly correlating the 

reference spectrum is not necessarily paramount. The peak location is the most crucial 

spectrum characteristic to match with the reference as this is the primary metric used to 

distinguish tissue spectra and ultimately differentiate the tissue types. For these cancer 

spectra shown the peak locations match quite well at the dashed line indication around 

q = 0.16 Å-1. Thus, when correlating the spectra, the peak location can be weighted most 
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heavily to ensure an accurate fit despite other q-value regions being more disparate as 

will be discussed further in Section 4.3 Classification Fidelity Assessment. 

The final, and potentially most important, question to investigate before being 

able to scan a wider population of specimens in a regulated and streamlined fashion was 

whether or not the formalin-fixation process alters the spectrum produced for either 

tissue type since this would detrimentally impact the classification accuracy. Hence, 

when comparing these spectra, absolute correlation – and not simply peak location 

matching – is paramount. We must ensure the exact same results would be obtained no 

matter the state of the specimen when received in our lab in order to ensure we can 

intercept tissue at almost any point in the fairly linear pathology workflow. We need to 

certify the results of a fresh specimen correlate precisely to what would be found in that 

same tissue formalin-fixed and vice-versa. Figure 27 shows fresh and formalin specimen 

correlations for both tissue types. 
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Figure 27: Form factors comparing fresh and formalin-fixed tissue for a healthy 

specimen spot (left) and a cancerous specimen spot (right). The correlation coefficient 

values of 0.9897 and 0.9946 demonstrate that the formalin-fixation process does not 

significantly alter the tissue momentum scatter signatures and is thus inconsequential 

for tissue classification. The min, max, average, and standard deviations were 0.9698, 

0.9897, 0.9782, and 0.0067; 0.9745, 0.9956, 0.9881, and 0.0069 for 10 healthy and cancer 

tissue spots, respectively. 

Fresh and formalin-fixed form factors for healthy tissue exhibited a 0.9897 

correlation coefficient, and the correlation coefficient for cancerous tissue was found to 

be even higher at 0.9946. The min, max, average, and standard deviations were 0.9698, 

0.9897, 0.9782, and 0.0067; 0.9745, 0.9956, 0.9881, and 0.0069 for 10 healthy and cancer 

tissue spots, respectively. This reveals that the formalin-fixation preserving the tissue 

does not alter the momentum transfer signatures detected for either tissue type; hence, 

the formalin-fixation process is inconsequential when differentiating tissues. This is a 

tremendously valuable finding because if the opposite were shown to be true, we would 

have to wait to scan tissue once it was fixed to more appropriately compare against the 
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fixed tissue H&E slides. Hypothetically, since we would obtain different spectra if the 

tissue were fresh, this would yield different classifications for the same spot along the 

workflow path and reduce certainty in our assessment of the tissue. However, now we 

can be certain results from scanning fresh tissue can correlate to the pathology slides, 

and/or results from scanning fixed tissue can correlate back to inside the patient. 

Completing the introductory characterization of the system’s behavior in its 

current state showed the background signal obtained was insignificantly noisy, 

contributing only 13% of the signal on average. It was determined that temperature-

dependent detector efficiency – and not tube HU% – caused increased counts, revealing 

that the detectors required ~2 hours of warm-up time before the temperatures stabilized 

to at least 36-37 °C and provided consistent counts. CACSSI is able to distinguish 

between cancerous and healthy tissue and do so in a precise manner. The average and 

standard deviation of the error bars as a normalized percent error were 3.49% ± 2.42% 

and 7.32% ± 2.48% for healthy and cancer tissue, respectively. Furthermore, it was able 

to do so in a clinically relevant focus via surgically excised specimens as well as in a 

non-destructive manner. The system was shown to be well calibrated with a correlation 

coefficient of 0.8631 to a Teflon slab phantom. This calibration provided a 0.7823 and 

0.9701 correlation to reference spectra for cancer and healthy tissue, respectively. Finally, 

correlation coefficients of 0.9897 and 0.9946 between fresh and formalin-fixed spectra for 
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healthy and cancerous tissue, respectively, revealed that the formalin-fixation process 

had no bearing in tissue classification.  

 4.2 Specimen Tissue Mappings 

After investigating several of the system’s characteristics and understanding 

some of the fundamental behavior the system displays, we next moved on to scanning a 

larger population of specimens. While the previous project exhibited CACSSI’s ability to 

distinguish between cancerous and healthy tissue, this project would ensure the system 

differentiated the tissue consistently across many fresh and formalin-fixed specimens, 

thus assessing both the fidelity and robustness of the system. Additionally, evaluating 

the clinical compatibility of the workflow scheme based on how quickly results were 

provided would be beneficial. We needed to be efficient in the scan room and aimed to 

prepare, scan, and return each specimen within 30 minutes, an ad hoc and colloquial 

timeframe suggested by BRPC and SurgPath that they believed would not hinder the 

processing times of the specimens or delay reporting. This created a tradeoff between 

vigorous scanning (i.e. the number of spots able to be scanned with the tube heating 

constraints) and workflow impact.  

Figure 28 depicts an example specimen, its particular raster scanning scheme, 

and the spectrum at each scanned spot to illustrate how the tissue mapping commenced. 

The spectra are laid out corresponding to their respective spot location for visual ease. 
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Figure 28: (Left): An example cancerous specimen with the indicated cancer area. The ruler at the bottom is for scaling size 

comparison; units are in cm. The spot marks of the specimen are gridded at 5 mm apart except for spot 7 placed in the center 

of the cancer circle area to give a separation of about 3.5 mm. The spots are labeled with their respective scan numbers. The 

white bars and arrows indicate raster scan direction beginning with the white star. (Right): The form factors produced from 

each spot scan reconstruction. Green spectra correspond to classification of healhty tissue, whereas red indicates cancerous 

tissue. The red dashed circle indicates where spot 7’s spectrum would be located and serves as a substitute since that 

spectrum would obstruct viewing spots 2, 3, 6, and 8. The scan time for these 14 spots was 140 seconds or just shy of 2.5 

minutes. 
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Figure 29: (Left): The tissue classification mapping for the specimen in Figure 28, where 

green spots indicate healthy tissue, and red spots indicate cancerous tissue 

classifications. The white X’s correspond to spots 2 and 3, which are depicted in the 

right-hand figure. (Right): The form factors produced for spots 2 and 3, overlaid to show 

their distinctiveness and visual contrast. The classification occurred solely by 

comparison to reference spectra. Based on the palpated area given by SurgPath – where 

anything inside the boundary is assumed to be cancerous, and anything outside is 

assumed as healthy tissue – the reconstruction and classification for this specimen was 

78.57% (11/14) accurate. 

The tissue classification mapping for the specimen in Figure 28 is shown in 

Figure 29. The grid spacing used was 5 mm, except for spot 7, which had a spacing of 

~3.5 mm from its nearest neighbors. Because there are 14 spots scanned here and each 

spot is scanned for 10 s, the total scan time was 140 seconds, or just shy of 2.5 minutes. 

This reveals that much of the 30 minute total specimen possession time results from 

inefficient time used to prepare the sample, align the spots to the light and x-ray pencil 

beam field, and wait for the tube to cool. The spectra produced for spots 2 and 3 are also 
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shown in Figure 29 and show the visual contrast achieved in the spots from the different 

tissue types, enabling easier classification.  

The classification was performed from inspecting the reconstructed spectrum 

and comparing it to reference spectra for this initial investigation, and it was done so in 

as blind of a manner as possible (i.e. the spectra were observed without spot number or 

physical location reference and were not correlated to the picture until after a decision 

was made). A few metrics used to aid in classification were the following: peak location, 

width of peak, ratio of peak height to high q (q ≿ 0.2 Å-1) intensities, and number of local 

maxima following the true peak. The spot is classified in a binary fashion as either 

cancerous (red) or healthy (green).  

This classification scheme was used initially to see how well the system would 

perform on a somewhat trial basis while we also streamlined the scanning workflow to 

consistently hit under 30 minutes. We also desired to get a good understanding of what 

types of specimens we would receive, how quickly the data collection and 

reconstruction could occur, how quickly or slowly the tube would cool down in the 

timeframe while scanning continuously, and ultimately understand how many spots 

could realistically be scanned per specimen. The ground truth used as a figure of merit 

for assessing the classification accuracy was the indicated cancerous region. The PAs 

assessment of the tissue served as an initial surrogate for a pathologist H&E microslide 
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assessment; therefore, spots were considered true positives and accurate if they 

classified as cancerous inside the indicated boundary or healthy outside the boundary. 

All other spots were deemed inaccurate. For this particular specimen, 3 of the spots 

inside the circular boundary were classified as cancerous, and 2 were seen as healthy 

tissue. Outside the boundary there were 8 spots correctly identified as healthy tissue and 

one spot that classified as cancer. This gave 11 accurate classifications out of 14 total 

spots, a 78.57% accuracy. It should be stated that the true accuracy against pathology 

assessment is not known at this point, meaning the cancerous classification outside the 

circle could indeed be a spicule of cancer extending away from the main body. 

Additionally, for the healthy classifications inside the circle, there could be fibrous or 

fatty tissue that interferes somewhat with the cancer mass’s signal, or the PA’s indicated 

cancer area could simply be overstated.  

Figure 30 and Figure 31 show results for another specimen, both fresh and 

formalin-fixed, respectively. The spots were marked randomly on these specimens, 

adjusting for tube heating and to get a better sampling of the tissue types while 

concentrating in the cancerous area. Both cancerous slices had accuracies of 80% (8/10), 

while the healthy slices had accuracies of 83.33% (5/6), showing how formalin-fixation 

does not affect classification as the same exact mapping occurred for both specimens. 

The scan time for these specimens is 160 s or just above 2.5 mins for these 16 spots. 



 

 

 

Figure 30: (Left): An example cancerous slice with the indicated cancer area and healthy slice from a fresh specimen. The 

ruler at the bottom is in cm intervals. The spot marks of the specimen are gridded unequally to sample the entire slice while 

concentrating in the cancerous area. (Middle, Right): The form factors produced from each spot mark. Green spectra 

correspond to visual classification of healhty tissue, whereas red indicates cancerous tissue. The scan time was ~2.5 minutes. 
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Figure 31: (Left): An example cancerous slice with the indicated cancer area and healthy slice from a formalin-fixed specimen 

corresponding to the specimen in Figure 30. The ruler at the bottom is in cm intervals. The spot marks of the specimen are 

gridded unequally to sample the entire slice bettter and concentrate in the cancerous area. The spots are also visually 

matched to the physical location for the spots from the previous day as opposed to the newly drawn cancerous area since 

the goal is to compare formalin-fixation to fresh tissue and not just the accuracy in this fixed tissue alone. (Middle, Right): 

The form factors produced from each spot scan reconstruction. Green spectra correspond to visual classification of healhty 

tissue, whereas red indicates cancerous tissue. The scan time was 160 s or ~2.5 minutes for these 16 spots at 10 s each.
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Figure 32: The tissue classification mapping for the specimens in Figure 30 and Figure 31, 

respectively, where green spots indicate healthy tissue, and red spots indicate cancerous tissue 

classifications. The classification occurred solely by means of comparison to reference spectra. 

Based on the palpated area given by SurgPath – where anything inside the boundary is 

assumed to be cancerous, and anything outside is assumed as healthy tissue – the 

reconstruction and classification for these specimens was 80% (8/10) accurate for both 

cancerous slices and 83.33% (5/6) accurate for both healthy slices. If  the physical circle for the 

formalin-fixed  slice is considered, its accuracy dropped to 70% (7/10).  

Figure 32 shows the classification mapping for the specimens in Figure 30 and Figure 31. 

This figure reveals that different PAs handled the specimens between fresh and fixed scans and 

may not ensure the margins are maintained as thoroughly. Since it appeared a different PA 

marked the tumor region, and to more accurately compare the fresh and foramlin scans, the 

spots’ locations on the fixed specimen were visually matched to those on the fresh specimen. 

However, going off the physical boundary in the fixed photo, the accuracy decreases from 80% 

to 70% with only 7 of the 10 spots now matching correctly.  



 

 

 

 

Figure 33: (Left): An example cancerous slice with no indicated cancer area and healthy slice from a fresh specimen. The 

entire canerous slice was assumed to be cancerous since no boundary was indicated. The ruler at the bottom is in cm 

intervals. The spot marks of the specimen are gridded equally at 5 mm spacing. (Middle, Right): The form factors produced 

from each spot scan reconstruction. Green spectra correspond to visual classification of healhty tissue, whereas red indicates 

cancerous tissue.The lines of sharpie marks indicate spots that were initially planned to scan, but time did not permit their 

scanning; along these lines, the normal specimen has 8 spots indicated, but we were only able to scan 5 of them. The scan 

time was 120 s or 2 minutes for these 12 spots.  
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Figure 34: The tissue classification mapping for the specimens in Figure 33Figure 30, 

where green spots indicate healthy tissue, and red spots indicate cancerous tissue 

classifications. The classification occurred solely by means of comparison to reference 

spectra. For this specimen since no indicated boundary existed, we assumed the entire 

cancer (tumor) slice was all cancer. This gave accuracies of 71.43% (5/7) and 80% (4/5) 

for the cancer and healthy slice, respectively.  

Figure 33 shows one additional example specimen’s form factor results for its 

cancer and healthy slices, while Figure 34 shows the tissue classification mapping for the 

slices. These slices were about 1.5x1.5 cm in area, and the spot marks covered most of 

this space in 5 mm intervals. We initially arranged with BRPC and SurgPath to retain 

this specimen longer than normal to try to scan double the normal spots (i.e. 32 spots 

instead of just 16). However, both because the tube did not sufficiently cool down from 

that day’s background and calibration scanning and since the specimens were so small 

already, it became necessary to forego this plan and reduce down to the standard 16 
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spots. Even so, the tube’s cooling was slower than anticipated, and we were only able to 

scan 12 spots, so the scan time eventually lowered to 2 minutes.  

There was no indicated tumor mass area on the cancer slice, so it was assumed 

that the entire slice was thought to be cancerous. This gave an accuracy of 71.43% (5/7) 

for the cancer slice, while the healthy slice had an 80% (4/5) accuracy. However, if we 

assumed there really should have been a boundary like normal protocol stipulated, and 

we assumed this to be the 4 central spots (i.e. spots 2, 3, 6, and 7), this would give an 

increased accuracy of 85.71% (6/7). Additionally, if we extrapolated for the healthy tissue 

and assumed the last 3 spots that we originally intended to scan were all designated as 

healthy, we would achieve a maximum potential accuracy of 87.5% (7/8).  

Table 1 below provides a summary of the results of all specimens, slices, and 

spots scanned. The table categorizes each specimen by the state of the tissue and the slice 

tissue type, and it also displays the number of spots scanned in each slice. The Slice % 

column indicates the accuracy of classification within a slice, which is what was shown 

in the previous figures. The Specimen % is the accuracy for the entire specimen, 

combining both healthy and cancer slices, giving somewhat of an averaging between all 

the cancerous and healthy spots. The Healthy% column indicates the accuracy of 

scanning all healthy spots for that entire specimen, which is the true positives or 

sensitivity for healthy spots; similarly, the Cancer% column shows how many cancer 

spots were correctly classified as such.  
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Table 1: Summary of tissue classification mapping for larger population of specimens 

scanned. The specimens are categorized by state of tissue and slice tissue type. The 

accuracy is assessed in terms of the accuracy within each slice (i.e. in the same manner 

for the previous figures), for the entire specimen (i.e. all the slices), in terms of the 

number of healthy spots that were accurately classified, and in terms of the number of 

cancer spots that were accurately classified.  

 

 Table 2 below is a confusion matrix showing some of the Receiver Operating 

Characteristic (ROC) statistics gleaned from the summarized data of Table 1. There are 

several sources available to demonstrate ROC statistics calculations [41]–[43]. The data 

reveal that CACSSI has an overall accuracy of 83%, with a sensitivity to healthy and 

cancerous tissue of 88.69% and 71.43%. The diagnostic odds ratio – a metric stating the 

effectiveness of a diagnostic test, usually one involving a binary decision – was shown to 



 

78 

be 19.61. A DOR should be well above 1 since a value of 1 indicates random guessing or 

an ineffective test. The analysis shows that while CACSSI is more likely to correctly 

identify healthy tissue where it should be, it is also likely to miss cancerous tissue where 

it should be. Therefore, it would be beneficial to increase the cancer sensitivity. 

Additionally, it should be remembered that these results were gathered with the 

assumption that PA palpation and boundary indication would serve as suitable ground-

truth accuracy. 

The IRB protocol for this research approved acquiring 50 specimens; 

unfortunately, there are only so many patients obtaining lumpectomies at any given 

time, and only so many of those who meet the BRPC requirements of properly sized and 

correct type of tumor. However, this 12-patient population still served as an initial 

baseline moving forward until all such specimens are collected and assessed. It was 

observed from this study that we can scan and obtain a large number of spots while 

maintaining our 30 minute lab timeframe requirement. Therefore, continuing this work 

will be clinically viable as it does not excessively perturb current pathology workflow 

practices or delay patient reports. Additionally, this work revealed that cancer 

sensitivity needs improvement beyond this initial classification, or we need to be able to 

confirm if the palpated area boundary is accurate enough of a ground truth against 

which we are testing our system. This requires the use of pathology H&E assessment, 

which will be utilized in the next project along with a more quantitative classification 
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scheme to more accurately assess the fidelity and robustness of the system and improve 

upon the classification used here. 

Table 2: An expanded confusion matrix for both healthy and cancer tissue showing 

various ROC statistics results. The system has a higher sensitivity to healthy tissue 

classification than cancer, albeit the cancer prevalence was half that of the healthy 

tissue. The Positive Predictive Value (PPV) also showed the same tissue type trend. The 

Diagnostic Odds Ratio (DOR) is encouragingly high and shows CACSSI to be a 

promisingly effective diagnostic tool [44]. 
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4.3 Classification Fidelity Assessment 

 We next wanted to bridge the gap between assessing the system using PA 

palpation as the ground truth metric and comparing directly to the true gold standard of 

H&E microslides. However, there is difficulty jumping directly to the latter step in that 

once a specimen is sent to pathology for assessment, it gets infused with paraffin wax to 

stiffen it for slicing, and the paraffin wax completely dominates the CACSSI signal, 

hindering classification. The need for longer specimen scan time also necessitated using 

specimens not actively being assessed by pathologists and were designated for disposal. 

Therefore, as an intermediary step, we chose to scan these discarded specimens, which 

would be slices adjacent to those stained and assessed already. We deemed this 

approach suitable based on the fact that any one face of a slice is no more than 2 or 3 mm 

at most from the adjacent slice’s respective face, meaning there should be little variation 

in intra-slice tumor anatomy or morphology [33]. 

 Moreover, there was a desire to employ a more quantitative classification scheme 

to increase the accuracy and objectivity of the classifications. A weighted cross-

correlation variation scheme was developed and used concurrently in the lab to 

optimize the system’s acquisition parameters and assess how low the tube output could 

be while maintaining cancer and healthy classification sensitivity and specificity. A final 

objective of this specific project was to scan a thicker specimen to gauge the effect tissue 

material thickness has on detected signal and begin to determine the extent of thickness 
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with which our currently used pseudo reconstruction is likely applicable. The 5 

discarded slices used in this project are about 1.5-1.75 cm thick when compressed 

together in the vacuum seal bags, just shy of the 2 cm threshold where we assumed the 

specimens are too thick and begin exhibiting too many secondary interactions, which 

would necessitate utilizing the full reconstruction.  

Lastly, we can begin to evaluate the extent to which healthy tissue signal might 

dominate any cancer signal present in a thicker specimen. Because the majority of the 

signal for healthy tissue falls under the narrower peak around q = 0.1 Å-1 – whereas the 

cancer signal is spread out over the spectrum to make a broader “peak” – the healthy 

spectra are inherently less noisy, and it would take an appreciably higher amount of 

cancer signal to show up equally well to any healthy signal received. This is why the full 

reconstruction is beneficial since it provides z-depth resolution along the beam path and 

could more accurately find the cancer signal if surrounded by healthy tissue. 

Conversely, the pseudo-reconstruction assumes one z-plane of tissue and will average 

out all tissue classification along the beam path and reconstruct at the chosen z-location. 

Previous work utilized phantoms to simulate thicker breast specimens full of adipose-

equivalent lard material. However, thicker, heterogeneous, actual human tissue 

specimens have not been investigated before, so it is beneficial to see how the thick 

amount of healthy tissue affects the cancer signal. 



 

82 

 In order to assess the fidelity of the system against the pathology gold standards, 

the general procedure was maintained, the only difference being the specimens were not 

received from SurgPath or BRPC and were prepared in lab. Because of this for the 

individually scanned slices, Press’n Seal® bags readily available in lab were used to hold 

the individual specimens upright instead of the vacuum seal system. However, these 

proved too weak to hold the entire 5-slice specimen together properly and did not 

prevent the whole specimen from shifting over time due to gravity. For this thicker 

specimen, we did end up vacuum sealing it to obtain better margin stability. 

 Since we needed to register the H&E microslides and the adjacent, scanned 

specimens, it was essential to create a bigger gridded area on the scanned specimens in 

case the adjacent slice was physically bigger than the scanned slice. Since these were 

fixed specimens that are kept indefinitely in our lab, we were able to scan them as long 

as desired, making the tube cooling rate the only limiting factor. Even keeping the 

traditional 5 mm spacing, we were able to cover a much wider portion of the slice, with 

upwards of around 60 spots per specimen and an average of about 40 spots per slice. 

This gave a total of 185 scanned spots for the individual specimens and 233 spots total 

including the scan with all specimens compressed together.  

Figure 35 shows the raw pictures of the individual slices scanned in this project 

along with their context of neighboring slices that comprise an entire lumpectomy 

specimen. The scanned slices are referred to as “4”, “6”, and “10-12” to match the 
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physical number ordering of the slices in the lumpectomy as a way to differentiate from 

the microslide numbers associated with those slides. The margins of the specimens were 

maintained and stayed intact in the formalin bucket, the only exception being that slice 

12 heavily curled; paper towels and a heavy object weight flattened this slice out before 

it was scanned. Additionally, the specimens were all patted dry so that excess formalin 

on the surface would not accumulate in the Press’n Seal® bag. The specimens were 

individually scanned, and Figure 36 depicts their tissue classification mappings.  

 

Figure 35: (Left): Raw picture of the specimens as laid out and documented in SurgPath 

(Figure 9). The scale shown is 3 cm. (Right): Raw picture of the fixed, “discarded” 

specimens taken out of their formalin solution bucket. The red numbers indicate 

physical slice number on the left image going from top left of the image inferiorially 

to slice marked as “17” and are used to help visually match the specimens across the 

images. The margins are well maintained in the fixed specimens, with only the last 

fixed slice exhibiting some curling. Paper towels and a weight were used flatten the 

slice before scanning. 

 



 

 

 

Figure 36: The tissue classification mapping for each specimen slice. These slices are in the same ordering (4, 6, 10-12) as 

before. The ruler below and to the left is in units of cm and mm, respectively. The numbers on the sides of the spot marks 

indicate the grid numbering for easier tracking and to help with image registration. As before for the specimens in Section 

4.2 Specimen Tissue Mappings, the green spots indicate healthy classification while the red spots indicate cancer 

classification. The thicknesses of the specimens were measured prior to scanning, ranging from 1-3 mm on average.
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 A quantitative scheme was employed in this specific project to correlate to 

reference spectra and make a classification. This weighted cross-correlation variation 

scheme was used and validated in concurrent thesis work and showed improvement in 

tissue differentiation over traditional cross-correlation. The scheme aimed to maximize 

the differences between pairs of the four tissue types: adipose and normal tissue, cancer 

and fibroglandular tissue. The reference spectra for each pair were subdivided into non-

uniform regions to provide greatly varying cross-correlation values for each of those 

regions, thus highlighting where the reference form factors were most disparate. The 

cross-correlation values for each region were then inversed such that a small cross-

correlation (i.e. where spectra differ greatly) became large to be used as a heavy 

weighting factor.  

These regions are then weighted accordingly when comparing the reconstructed 

form factor with each reference spectra. In this way classifications between 

fibroglandular and cancer occur more accurately, which is important since they act as 

the limiting case due to their form factors being most similar to each other. 

Distinguishing between the two becomes important in this work as we must ensure that 

fibroglandular tissue is marked as healthy and that cancerous tissue is marked 

cancerous, reducing false positives and negatives. Essentially, this scheme and 

methodology classifies in a rejection-focused manner: once a pair of tissue has been 

determined, the code more correctly says what the tissue likely is not more so than what 
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it is. The scheme looks at which of the comparison pair has a low weighted cross-

correlation – indicating the tissue is less likely that result – versus classifying the tissue 

as the result with a high weighted cross-correlation. 

 Having scanned the specimens, collected and processed the data from the 

classification code, and created the corresponding tissue classification mappings, we 

then needed to compare the classifications to the pathology H&E ground truth 

microslides. This required registering neighboring slices together, some of which were 

the H&E slides and some of which were other scanned, discarded slices. We had to 

make sure that all pictures were scaled and rotated correctly to most accurately register 

margins and place slices in the correct position relative to all other slices.  

Thankfully, SurgPath naturally takes pictures of all the slices laid out together (as 

seen in Figure 9 and Figure 35) in their specimen processing protocols. This provided a 

common backdrop amongst all the slices onto which we could separately register H&E 

slides and scanned slices that would potentially be photographed from different 

distances, at different angles, and with no known scales or units like is usually provided 

with the rulers placed next to scanned slices. From the raw photographs, the regions of 

interest were selected and pasted onto the common backdrop to be rotated and scaled as 

needed. Figure 37 shows all the H&E slides and scanned slices trimmed, stitched, and 

registered to their respective slices in the photograph. The concentration of cancer at the 
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center of the slices and the gradual reduction of cancer as one moves from slice-to-slice 

superiorly or inferiorly is also evident in the figure.   

 

Figure 37: Using Figure 35 as the scale onto which we could overlay all other images, 

both the H&E slides and the tissue mapping classifications for the respective slices. 

The slices sent off to pathology that were broken into sections were manually trimmed 

and stitched together using a photoshop software. Registration of all images was also 

done manually by overlaying transparent images, scaling and translating those images, 

and adjusting the transparency intensity to assess margins and key characteristics to 

verify the registration. A 3 cm ruler has been cropped and inserted from an external 

portion of the photo  for visual aid. 
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 After trimming, stitching, and registering the images onto a common backdrop 

and ensuring the margins were well aligned for each slice, we next compared the 

classification to pathology results on neighboring slices. If this registration step was not 

performed with some common scale, it could be impossible to accurately overlay the 

classification results to assess their validity properly. To make the comparison, as Figure 

38 portrays, the registered slices were lifted from the common backdrop and 3 adjacent 

slices were pasted together, keeping the same orientation and relation of the slices to one 

another. The central slice was the slice of interest for each triplet of neighboring slices 

being compared, and its classification mapping was copied and overlaid onto the 

adjacent H&E slides. It is not copied onto an adjacent scanned slice simply due to 

difficulty discerning the spot markings. Because the spot mark grid spacing was the 

same for each slice, even if the spot marks classified as different colors, the spots would 

easily overlap, hindering the ability to compare the results. Additionally, the 

neighboring scanned slice’s own classification mapping needed to remain on the slice to 

act as the ground truth for that comparison.  

 Comparing the scanned slices to other scanned slices and assuming their 

classification mapping as ground truth is not ideal; however, for some slice 

combinations there was no other choice. More importantly, though, it serves as a way to 

standardize across the board of slices. Otherwise, some slices would have two 

neighboring H&E slides as comparisons while others only had one, or we would 
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essentially have to “leap” across slices to use the nearest H&E slide for a definitive 

ground truth. By comparing to both neighbor slices, there is a linear chain of 

comparisons, so the overall comparison gets somewhat averaged, meaning there is not 

any cherry picking of accuracies from the limited direct H&E comparisons. If we only 

took those neighboring slices with direct comparisons, we could easily overweight 

coincidentally good or coincidentally bad results. Finally, by incorporating more slices 

in the comparison, we improve our population number and prevalence of cancer. 

 We also incorporated the scan of the slices stacked on top of each other as a 

bigger specimen, aiming to scan an entire, unsliced lumpectomy specimen. To scan this 

specimen, we physically aligned the ink margins and utilized any unique traits seen on 

the specimen (e.g. the suture was still attached on part of the specimen, and this suture 

fit better in certain arrangements). Figure 39 and Figure 40 show photographs of the 

specimen to give an idea of its 3D arrangement and size. It was important to measure 

the thickness of the specimen – both with the slices uncompressed or vacuumed as well 

as once they were in the vacuum seal bag compressed together – to be able to test the 

pseudo-reconstruction code’s ability to classify tissue accurately in a thicker specimen. 

Thicker specimens create a tradeoff of factors: multiple secondary scatterings can occur 

but there is also an inherently higher signal of photons detected since there is more 

material to create scatter interactions. We found the specimen to be just shy of 2 cm 

when uncompressed and about 1.5-1.75 cm thick in the bags during the scan.   



 

 

 

Figure 38: A slice-to-slice comparison of the tissue classification mapping for a discarded specimen with the two adjacent 

slices surrounding it, whether they be the pathology H&E slides or another discarded specimen. The red numbers 

identifying the discarded slice number are at their respective bottom right corners. For each row’s triplet grouping, the 

central slice is the discarded specimen of interest that was scanned, and its tissue classification spot markings have been 

overlaid on the slices unless it was next to another discarded scanned specimen. Those specimens’ spot marks were left to 

represent their own ground truth to compare to the central slice. All the images are to the proper scale with the spots overlaid 

accurately by utilizing the background of Figure 37 as the common scaling.  
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Figure 39: Pictures of the thicker, combined specimen composed of all 5 discarded slices 

stacked. (Left): The whole specimen measured 1.75-2 cm thick uncompressed. In the 

vaccuum seal bag, the specimen’s thickness reduced to ~1.5 cm. (Right): The inking 

colors and physical traits like the attached suture provided a more objective means to 

align and register the slices. 

 

Figure 40: Pictures of the anterior, medial, and posterior faces of the individual slices 

stacked. It is assumed the anatomical planes follow those in Figure 7. The pictures 

show how the registration appeared from each side orientation to that of  Figure 39. 

The inking, particularly the pink inking of the medial plane seen in the middle 

photo, allowed for easier registration. Adjustments were made in each orientation to 

arrive at the best registration possible.  
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The slices’ inking allowed for better registration and physical alignment as seen 

in Figure 40, particularly in the medial orientation with the pink-inked face. However, it 

should be noted that these slices were not all 5 adjacent to each other, and there was 

about at most 6 mm of missing tissue between slices 6 and 10. Additionally, because 

these specimens had a denser tumor mass near their center, the less dense healthy tissue 

could droop and hang over the central tumor core similar to a tablecloth extending past 

and sagging beyond the edge of a table. Because of this the specimen did not have a flat 

face on any side like the individual specimens would when they were scanned. This 

overhanging, combined with the somewhat slicker surface from the specimens staying 

in formalin-solution, promoted sliding of the slices when the specimen was vacuum 

sealed, and it was quite tedious to maintain proper orientation and margins in the bags. 

Figure 41 shows that the vacuum sealing process naturally causes crimps and 

folds in the bag, which made placing the bags and specimen fully upright while 

scanning an arduous task. Worst of all, it made gridding the specimen with complete or 

comparable accuracy to the individual slices nearly impossible. The bags could not be 

gridded before vacuuming as the margins and orientations could move, and the crimps 

and folds made spot marking difficult after vacuum sealing. What resulted is grid marks 

tended to bow out and curve around the more sphere-like specimen. It was also found 

that attempting to vacuum seal the bag less to try to compromise the margin rigidity for 

better spot marking proved fruitless as the specimen easily sagged with gravity against 
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its own natural weight while scanning. If future thicker specimens are to be scanned, an 

apparatus or container of some kind is needed. Ultimately, though, the central part of 

the specimen should avoid most, if not all, of these errors, so those spots could still be 

scanned and utilized, provided they were not close to the specimen margin.  

The classifications for the thicker specimen are shown in Figure 41. The 

aforementioned sources of error are likely culprits to explain why there are so few 

cancer classifications. Alternatively, the healthy tissue could be dominating the signal 

such that it takes a majority of the individual slices’ cancer spots to coincide before a 

cancer signal and classification can be teased out. After creating the classification map, 

we next needed to assess the results via ROC statistics in a similar manner to those in 

Table 1 and Table 2. The individual slices were relatively straight forward, though we 

made heavy assumptions both about the classification mappings acting as ground truth 

for some specimens as well as assuming the mapping and histology of neighbor slices 

should be similar. However, the three consecutive H&E slides beginning the second row 

of Figure 37 appear contrary to this assumption that the tumor morphology does not 

greatly change.  

The combined specimen posed an even greater challenge in that it comprised 5 

unknown slices. To evaluate the thick specimen’s accuracies, we made the assumption to 

treat each individual slice as ground truth and compare the combined result to them. We 

looked at each spot on the combined specimen’s tissue classification mapping and 
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evaluated how many individual slices contributed and correlated to that physical spot 

location. The top right corner of the combined specimen (spot 88) acted as an origin or 

landmark against which the individual tissue mappings would compare. After counting 

how many of the 5 slices were associated to each spot, the combined classification was 

assumed true if at least a simple majority of the individual slices saw that result in the 

corresponding spot location.  

Most of the spots on the combined specimen corresponded to all 5 individual 

slices; as an example for spot 33, if all 5 individual slices contributed at that spot mark 

location, then at least 3 individual slices had to give a healthy classification for spot 33 to 

be classified as healthy as well as be considered correct. However, some spots would 

only have 2 or 3 individual slices contribute to its signal and would thus only need 1 or 

2, respectively, individual slice classifications to agree. There were no ties for this 

particular specimen, but if there were the classification would likely default to slice 6’s 

results since it had the most ground truth associated with it, having two neighboring 

H&E slides as well as it being the closest slice toward the center of the entire 

lumpectomy specimen. Table 3 and Table 4 summarize the computed statistics. 
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Figure 41: A photograph of the combined, thicker specimen’s spot marking and tissue 

classification mapping. The ruler at the bottom is in cm units, and the ruler to the left 

is in mm units. The vaccuum seal bag was utilized for this specimen to prevent the 

specimen from shifting due to gravity during the long scan time. Crimping of the bag 

from the vaccuuming as well as the specimen’s thickness are evident. This caused 

difficulty in accurate gridding and spacing, which in turn made the spot marks’ 

diameter non-uniform compared to the individual slices. Additionally, there were 

some shifting errors visible as the most superior and inferior slices translated in the 

medial-lateral direction and caused some of the tissue to lip over past other slices. 
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Table 3: Similar to Table 1, this table tabulates a summary of the tissue classification 

mapping for the individual, discarded slices as well as when the slices were stacked. 

The slices were all cancerous slices and fixed. The specimen number is listed along 

with the total number of spot marks scanned for each specimen.  

 

Table 3 depicts the slice-specific statistics. Since each slice’s accuracy is compared 

with two adjacent slices, the total number of spots is actually doubled. The number of 

judgeable spots corresponds to the number of spot marks that physically overlaid onto 

the neighboring slices. The slice accuracy is the number of classifications of judegeable 

spots that were correct with the H&E stained slides or the classification mapping of an 

adjacent scanned slice, which was assumed as ground truth. The healthy percentage 

column represents the system sensitivity, whereas the cancer percentage column 

represents the system specificity, given the diagnosis condition as healthy tissue. In 

general the healthy sensitivity is higher than the previous project, but the cancer 

specificity is lower, indicating CACSSI and the classification scheme are over-classifying 

healthy tissue and missing cancer conditions. However, we only know that we are 
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missing spots from neighboring slices, which heavily assumes the tumor morphology 

does not appreciably change over that 2 mm thickness, which could be inaccurate. 

Table 4: Similar to Table 4, this is an expanded confusion matrix for both healthy and 

cancer tissue showing ROC statistics results for Project 3. The system has a higher 

sensitivity to healthy tissue classification than cancer, albeit the cancer prevalence was 

~1/6 that of the healthy tissue. While the overall accuracy, PPV, and sensitivity have 

increased for a healthy condition, the specificity and DOR have greatly reduced, 

meaning that the classification was not as good at finding cancers than the previous 

classification was. This is partly due to there being fewer cancer spots to classify but 

also because the classifications for neighboring slices were assumed as ground truth. 
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On the other hand, the results do show us that if we classified cancer on a slice, 

there appeared to be a high probability that the slice contained cancer. Additionally, it 

shows the system is 93.45% sensitive for heatlhy tissue and 87.14% in terms of PPV for 

cancer tissue. Because we did not know the ground truth without comparing a slice 

directly with its own H&E slide, all we could fully answer is whether a slice is generally 

cancerous or not. All 5 of these scanned slices contained cancer classifications, which is 

what would be expected, albeit slice 4 had only one cancer classification. Consequently, 

while we computed the statistics to get an understanding of how the system performed, 

we must remember what we can glean from the resutls obtained. Despite the spot-level 

accuracy limitations, globally on the specimen as a whole, the system accomplished its 

job of determing if a slice contained cancer or healthy tissue, and this project served as a 

suitable intermediate step to direct pathology comparison. 

It was also concluded that the tumor morphology can change more rapidly than 

first estimated. If we understood this sooner, we would have scanned a more suitable 

specimen, one with more even sampling sent to off to pathology. Lastly, while the 

specimen might have been too thick for the pseudo-reconstruction since the healthy 

tissue signal may have dominated some cancer signal, we were able to implement the 

quantitative weighted cross-correlation variation scheme in the accuracy assessment . 

With these intermediary results, we can begin folding in direct pathology H&E 

comparison into the experimental workflow with future speicmens.  
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5 Research Conclusions, System Limitations, and 
Future Work 

5.1 Research Conclusions 

This work sought to address problems observed in the pathology workflow 

assessing breast cancer patients: there is less quantified standardization between 

patients for evaluating lumpectomy samples, and the pathology burden is high, which 

reduces patient quality of care and increases hospital costs. The goal for the imaging 

system evaluated in this work would be to provide a means of better standardization for 

PAs when selecting slices to send off to pathologists as well as reduce the number of 

slices needed to evaluate. Doing so would reduce pathology burden per patient while 

increasing overall pathology throughput, all to improve patient quality of care in terms 

of treatment time and reduced costs. 

There were two primary purposes of this work: to distinguish between cancerous 

and non-cancerous tissue and to assess the system’s fidelity and robustness. After 

characterizing the system and performing several foundational scans and preliminary 

studies, we were able to show the system was capable of distinguishing between the two 

tissue types. The correlation coefficients for the form factors produced compared to 

reference spectra were 0.78 for cancer and 0.98 for healthy tissue. Additionally, the 

system distinguished the tissue using a larger population of 12 patient-unique 

specimens from surgically excised tissue, in a non-destructive manner, and in pseudo-

real time (on the order of 30 minutes), all of which point to clinical relevance.  
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In assessing the fidelity and robustness of the system, the work performed 

showed that the system was able to distinguish tissues against the formalin-fixation 

process, amongst a larger population of specimens, and against pathology gold standard 

assessments. Correlation Coefficients for healthy and cancerous tissue comparing the 

fresh and formalin-fixed form factors were 0.9897 and 0.9946, respectively, which 

showed the formalin-fixation process was inconsequential for tissue classification. The 

overall ROC statistics accuracy of the system was 82.93% for the first classification, and 

using a quantitative classification scheme – a weighted cross-correlation variation – 

improved this accuracy in fixed “discarded specimens” to 84% while increasing the 

sensitivity and PPV of a healthy condition diagnosis to 93.45% and 87.14%, respectively.  

This work carried the CACSSI system through many intermediary steps, from 

characterizing several aspects of the system, to implementing the scanning within 

pathology workflow, to establishing a baseline of classification fidelity and robustness 

using a wider range of specimens, and finally to employing a quantitative classification 

scheme indirectly to pathology H&E slides. The work herein validates CACSSI as a 

promising tool to use in the pathology workflow for aiding in breast cancer assessment, 

and the results will serve as a helpful guide moving forward as the system continues to 

develop and improve. 
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5.2 System Limitations 

A major limitation afflicting CACSSI is the tube HU% heating that forces a 

tradeoff between scan time, pathology workflow disturbance, SNR of form factors 

produced, and scanning or classification resolution. We must optimize the system to 

perform at lower settings if we wish to bring CACSSI to its full clinical potential. 

Another limitation that needs addressing is improving the classification fidelity and 

robustness further. While we showed that CACSSI does indeed differentiate tissue types 

and does find cancer generally when it is suspected, direct comparisons to pathology 

gold standard assessments are needed. Ultimately, being accurate for each spot scan is 

not the goal unless we are assessing tumor margins specifically. However, if we simply 

want to inform pathology that this slice that is about to be sent off does contain cancer, 

then the system has saved the faculty and hospital time, energy, and money by doing 

the work for them in assessing that slice.  

Along the lines of limited pathology comparison is the challenge of acquiring 

ideal specimens from BRPC in a regimented manner while also ensuring there will be an 

H&E slide comparison for the particular slice scanned at the end of the process. Trying 

to add more specimens quickly to the current 12 patient-unique specimens has proved 

challenging, and it is not easy to guarantee the slice we receive to scan will be assessed 

further. Then, even if H&E slides are obtained, we can be limited in our classification 

accuracy due to cancer and fibroglandular tissues’ similar form factors. While the sheer 
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amount of limitations and uncertainties can be daunting, because this is a novel imaging 

modality, there will naturally be many limitations involved with the work, and these 

should be addressed in future investigations. 

5.3 Future Work  

Addressing the aforementioned limitations is of utmost priority. Concurrent 

work will look to optimize the system parameters as well as establish a classification 

scheme to aid in fidelity and robustness assessment. Including addressing these tasks, 

there are three main areas in which this research can logically proceed. 

The first direction to pursue is to continue improving the fidelity of the system 

by scanning larger populations of samples and directly comparing to pathology H&E 

slides. After seeing the preliminary results using margin registration from neighboring 

slices, it is next beneficial to send off our scanned pre- and post-formalin-fixation 

specimens to pathology to have them stained and assessed by a pathologist. Therefore, 

we would no longer rely on a discarded slice previously obtained but would be 

comparing results in even closer real-time. The challenge would be to ensure the slices 

assessed by a pathologist would be those naturally sent and not add extraneous slices to 

the pathology workload, since this would only augment the very problem of pathology 

burden we are hoping to address and improve. 

The next direction of future work involves optimizing the system and utilizing 

the results currently being compiled and defended as thesis work by Carter et al., which 
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aims to evaluate the most optimized settings that can be used on the system while still 

being able to differentiate accurately between not just cancerous and non-cancerous 

tissue but also fibroglandular, normal (a 50:50 ratio of adipose and fibroglandular 

tissue), and adipose tissue. Verifying lower operating parameters can be used while 

avoiding excessive false positives or false negatives will allow for more efficient lab time 

with specimens, more spots scanned on specimens, and a higher resolution of 

classification possible on the specimen when comparing with pathology.  

Finally, a third direction of interest is geared toward in vivo implementation. 

This work would consist of performing Monte Carlo simulations to estimate the dose 

deposited in a breast, patient, other vital organs, and potentially nearby staff due to 

scattering concerns when scanning a patient in a diagnostic screening or surgical setting. 

As has been discussed, another problem in the breast cancer treatment chain is reducing 

recall rates from patients; thus, it would be beneficial for physicians and radiologists to 

implement this imaging system technology during a mammography or as a separate 

screening examination to better assess the true extent of the tumor margin. Moreover, 

surgeons could use this technology during a surgery to better visualize the extent of the 

margin, which would allow for both less tissue removed during surgery as well as 

overall improved accuracy and fewer positive margins found by pathologists. 

Metrics like average glandular dose, peak skin dose, whole body dose, and 

breast effective dose would ideally be assessed. Another method of evaluating in vivo 
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environments and applications is to continue the previous anthropomorphic phantom 

work. Specimens obtained could be surrounded by tissue-equivalent material and 

scanned to assess the form factor accuracy possible in a thicker, anatomically accurate 

specimen. Lastly, we would like to implement this scanning procedure on a 

mammography x-ray tube system being assembled in the lab room to better assess the 

signals and system characterization with lower, near mammographic tube parameters. 

The coherent scattering signal will be stronger at lower kVp settings, but the general flux 

and hardness of the beam will be less. This tradeoff has yet to be investigated to fully 

understand and assess the system’s compatibility with a mammography x-ray source 

and utility in mammographic settings.  

If these next goals can be pursued while addressing the current challenges facing 

CACSSI, this x-ray diffraction spectral imaging system could one day serve as an 

invaluable aid in breast cancer assessment.   
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