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Abstract

The global burden of cancer, severe diagnostic bottlenecks in underserved regions, and
underfunded health care systems are fueling the need for inexpensive, rapid and treatment-
informative diagnostics. Based on advances in computational optics and deep learning, we have
developed a low-cost digital system, termed AIDA (artificial intelligence diffraction analysis), for
breast cancer diagnosis of fine needle aspirates. Here, we show high accuracy (>90%) in (i)
recognizing cells directly from diffraction patterns and (ii) classifying breast cancer types using
deep-learning based analysis of sample aspirates. The image algorithm is fast, enabling cellular
analyses at high throughput (~3 sec per 1000 cells), and the unsupervised processing allows use by
lower skill health care workers. AIDA can perform quantitative molecular profiling on individual
cells, revealing intratumor molecular heterogeneity and has the potential to improve cancer
diagnosis and treatment. The system could be further developed for other cancers and thus find
widespread use in global health.
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The global burden of cancer, severe pathology bottlenecks in underserved regions, evolving
medical knowledge, and availability of targeted therapeutics have increased the need for
inexpensive and rapid diagnostic approaches that can be used in point-of-care settings to
deliver the right medicine to the right patient. Breast cancer is a prime example. Although
generally thought of as a disease of developed countries, there were nearly 883,000 new
breast cancer cases in 2012 in less developed countries as opposed to 788,000 new cases in
developed countries.1~3 While histopathological subtyping and molecular genetic analysis
are routine in developed countries,* developing nations frequently experience pathologist
shortages, underfunded health care systems, unavailability of modern diagnostics, and more
limited therapeutic options.® It is therefore not surprising that there exist enormous
differences in survival rates ranging from as low as 10 deaths per 100,000 cases in some
developed countries to almost twice the number in developing countries in Africa and Asia.
1.2 One of the biggest bottlenecks in developing countries has been access to accurate and
affordable molecular diagnostics, essential in providing optimal care.

There are several different types of breast cancer but invasive adenocarcinoma is the most
common (~85%) in underdeveloped regions.: 7 In order to provide the most appropriate
treatment, cancers are biopsied to determine the hormone and growth factor receptor status.
Specifically, nuclear estrogen (ER) or progesterone receptors (PR) are investigated to
determine whether a cancer will respond to anti-estrogens such as tamoxifen, fulvestrant or
aromatase inhibitors. Similarly, human epidermal growth factor receptor 2 (HER2) is a
tyrosine kinase receptor on the surface of breast cancer cells and HER2-positive cancers are
much more likely to benefit from anti-HER2 treatment with Herceptin. Better understanding
the composition of cellular receptors and tumoral heterogeneity could improve survivorship,
as these factors have effects on drug resistance and tumor relapse following therapy.8:
Molecular profiling on breast cancer cells, therefore, can prevent breast cancer deaths by
detecting the cancer at an early stage when treatment is more effective.3: 10

Advances in digital sensors and computation have introduced new capabilities in
microscopy. Defined as computational optics, the new strategies overcome fundamental
limits of conventional optics by capturing optically-coded digital images and numerically
decoding them.1! Recently, lens-free on-chip imaging strategies based on digital holography
and optoelectronic sensor arrays (lens-free digital in-line holography; LDIH) have been used
to record an object’s diffraction pattern to then reconstruct its image.12-1° We have recently
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developed a portable imaging system based on the computational analyses of holographic
diffraction patterns of objects to yield high-resolution (~1 um), large field-of-view (FOV)
images.29-23 This system utilized immuno-microbeads to detect molecular information on
putative cancer cells. This approach, however, ultimately proved difficult for analysis of
intracellular and nuclear biomarkers, had limited capability of multiplexing, and required
extensive computational power that limits point-of-care operation of the technology. For
these reasons, we set out to develop an alternative strategy to impart molecular information
onto holographic images.

Here, we report a next generation diffraction analysis platform, termed AIDA (artificial
intelligence diffraction analysis), for automated, rapid, high-throughput, and accurate cancer
cell analysis. AIDA is equipped with the following features, advancing lensless detection
platforms closer to an automated imaging cytometer. First, a dual-color staining holography
method was devised to detect multiple markers (membrane and intracellular) on the same
cell. This allowed for quantitative molecular profiling on individual cells and revealed
cellular heterogeneity. Second, deep neural networks were developed to perform fast image
analyses, namely cell recognition and color classification, directly on diffraction patterns
(7.e., eliminating reconstruction steps). We reasoned that digital holography would be ideally
suited for deep learning analyses because raw diffraction patterns contain rich information
(size, shape, amplitude, phase contrast) in the frequency domain and are hard to be
recognized by human vision and cognition. We optimized AIDA to analyze fine needle
aspirates of breast lesions, as ultrasound guided aspiration is often performed by health care
workers in developing countries.?4 25 Once cells were harvested and immunostained for
ER/PR and HERZ2, their diffraction images were acquired. Deep-learning algorithms then
analyzed individual cells and grouped them according to their molecular expressions. We
show proof-of-principle of classifying freshly sampled breast lesions into therapeutically
actionable categories. Ultimately, this approach could be further expanded to additional
targets and other cancers and find widespread use in resource limited settings.

AIDA system for breast cancer detection

Figure 1a shows the AIDA schematic for breast cancer analysis. Cells freshly obtained by
fine needle aspiration (FNA) are immunostained against ER, PR, and HER2 (Fig. 1a, i), and
diffraction patterns of color-stained cells are recorded by a portable imaging system. A
custom-developed deep-learning (DL) algorithm then analyzes raw images: the DL
algorithm (i) identifies cancer cells directly from diffraction patterns, and (ii) extracts color
intensities to report ER/PR and HER2 expressions at a single-cell level (Fig. 1a, ii).
Molecular profiles on ER/PR and HER2 expression is used to mechanistically group breast
cancers into four subtypes (Fig. 1a, iii): (ER/PR)*(HER2)*, (ER/PR)*(HER2)~, (ER/PR)~
(HER2)*, and (ER/PR)~(HER2)". Such classification would inform the most appropriate
treatment. ER/PR positive patients would benefit from treatment with anti-estrogens (e.g.,
tamoxifen, fulvestrant) or aromatase inhibitors. Similarly, HER2-positive cancers are much
more likely to benefit from anti-HER2 treatment.
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We first developed the AIDA imaging hardware. A plastic cartridge was designed to
facilitate reliable sample handling (Fig. 1b). The cartridge housed a glass slide sealed by a
silicone gasket, which formed a fluidic chamber for cell capture and staining. Samples and
reagents were injected using a disposable fluidic dispensers (/.e., no need for external
pumps); captured cells were then imaged through the optical window. For multiplexed
molecular analyses, we built a dual-color imaging system that consisted of two light-
emitting diodes (LEDs), a dichromatic mirror, an aperture, and a complementary metal—
oxide-semiconductor (CMQOS) imager (Fig. 1c and Fig. S1). The dichromatic mirror was
used to keep the light incidence from LEDs normal to the aperture; this scheme simplified
image analyses by eliminating shadow artifacts coming from different illumination angles.
The interference patterns between the incident light and the scattered light from cells were
directly recorded by the imager positioned underneath the sample. The imaging system was
compact (11.8 x 12.3 x 15.6 cm3) and cost-effective ($345) with no intermediate optical
components (e.g., lenses, filters) necessary (Table S1). It also offered a wide field-of-view
(25 mm?) benefitting from lensless, unit-magnification imaging.

Assay optimization

We next optimized the assay process. For dual color-staining on cells, we tested 10 different
chromogenic substrates (Fig. S2a) that are either reactive with horseradish peroxidase (HRP)
or alkaline phosphatase (AP). Among substrates tested, the combination of HRP-NovaRed
and AP-Blue showed the highest contrast with minimal spectral overlap (Fig. S2b). The
maximum signal contrast could be achieved at the illumination wavelengths of 475 nm for
HRP-NovaRED and of 620 nm for AP-Blue (Fig. S2c). As light sources, we therefore used
470 and 625 nm LEDs that are commercially available. We assighed HRP-NoVaRed to
ER/PR staining, as the reagent produced higher signal for intracellular/nuclear targets; AP-
Blue was used for HER2 staining.

We captured breast cancer cells on a glass slide coated with antibodies against HER2,
EpCAM, EGFR, and MUC1 (Fig. 2a). This “quad-marker” combination has been shown to
effectively identify and differentiate cancer cells from normal host ones.26-29 Since these
markers are expressed on cell surface, they provide an efficient handle to immuno-capture
putative cancer cells. Indeed, when tested with breast cancer cells, the capture yield was
>90% with the quad-marker coated surface; non-specific binding was <10% (Fig. S3). We
further immobilized the captured cells with a bioadhesive (3,4-dihydroxyphenylalanine,
DOPA) to prevent cell loss, and subsequently performed immunostaining (in red for ER/PR
and in blue for HER2). A glycerol-based index-matching solution was then applied to reduce
light scattering from cells, thereby decreasing the intrinsic background signals in unstained
cells (Fig. 2b); this strategy significantly enhance the color contrast between stained and
unstained cells (Fig. 2b and Fig. S4).

We benchmarked AIDA imaging performance against conventional bright-field microscopy
(BFM). Immunostained cell samples were prepared and imaged both with the AIDA
imaging system and a bright-field microscope. We compared AIDA with 20x BFM as they
have a similar spatial resolution. AIDA had about 100-fold larger FOV than BFM (Fig. 2¢),
offering much higher throughput in cellular analyses. For example, AIDA could image
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>2,000 cells with a single acquisition, whereas the BFM, with a comparable accuracy (20x
objective), imaged ~60 cells (Fig. 2c inset). We next tested whether dual-color diffraction
patterns can be used to extract color information on cells. Stained cells were imaged at 470
and 625 nm before and after staining to obtain absorbance changes at the respective
wavelengths. For BFM, we obtained the same metrics by measuring red and blue levels in
micrographs. The AIDA intensity profiles showed a high correlation with those from
microscopy (Pearson correlation coefficient r=0.95; £< 0.0001; Fig. 2d). Numerically
reconstructed images also matched well with conventional micrographs (Fig. 2e), confirming
that diffraction imaging maintain color information of stained cells.

AIDA molecular profiling

We validated AIDA for quantitative molecular profiling on breast cancer cells. We first
generated calibration curves between absorbances and chromogen concentrations (Fig. S5a).
These fitted curves (/2 = 0.99) were then used to extract dual color intensities and convert
them to respective target marker levels (red for ER/PR, blue for HER2). Specifically, we
decoupled two absorbance values, each measured at 470 nm or 625 nm illumination, to the
net absorbance of red and blue dyes; this was possible as the total absorbance is the sum of
individual absorbances of constituting species (Beer’s law). From the net absorbance, the
dye concentration could be estimated (Fig. S5b).

Applying the developed method, we analyzed a panel of cell lines that represents different
breast cancer subtypes: MDA-MB-231, triple negative; T47D and MCF7, (ER/PR)*
(HER2)™; SkBr3 and BT474, (ER/PR)"(HER2)™. Cells were immunostained against ER/PR
and HERZ2, and their diffraction patterns were recorded by the AIDA system (Fig. 3a). We
then constructed ER/PR and HER2 profile distributions (Fig. 3b). These profiles were used
to set cut-off levels for ER/PR (0.175) and HER2 (0.22) positivity (mean + 2 x standard
deviation, negative reference cell lines).39 We further compared AIDA with the gold
standard flow cytometry. The scatter plots from AIDA and flow cytometry showed good
concordance (Figs. 3c, d), delineating different cell populations. The mean expression levels
of ER/PR and HER2 also matched between these methods (Fig. 3¢), which confirmed
AIDA’s analytical accuracy.

Deep-learning algorithm

The previous approach for diffraction analyses involved computationally intensive image-
reconstruction and cell counting. Executing these steps required a powerful local server
(equipped with graphical processing units, GPU) or cloud computing, both of which are
impractical in resource limited settings. In LMIC, high-speed data connection can be
unavailable or expensive for large file transfer, and dropped communications can be a source
of error. We reasoned that the deep-learning based approach could overcome such
challenges: after initial learning processes in a central server, the developed algorithms can
be installed in local, regular computers (or micro-controllers) for on-site execution.

The deep learning algorithm had two modules, cell recognition (Fig. 4a and Fig. S6a) and
classification (Fig. 4b and Fig. S6b). The cell recognition module used a convolutional
neural network (CNN) to identify diffraction patterns from cell. The network was trained
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with annotated diffraction images of cells (9,795 images) and non-cell objects (e.g., dust,
artifacts; 9,795 images; see the Method section for details). After 150 epoch, the accuracy
reached 99% (Fig. 4c and Fig. S7). Importantly, the module efficiently excluded large
artifacts, such as air bubbles or dusts, and seemingly cell-like diffraction patterns (Fig. 4e).

The color classification module used a second CNN for color recognition (Fig. 4b and Fig.
S6b). We trained the network with 7,718 diffraction pairs taken at 470 and 625 nm. Ground-
truth training labels were created based on molecular expressions from numerical image
reconstruction (Fig. S8). Passing through the classification module, each cell was assigned
to one of four breast cancer subtypes: (ER/PR)*(HER2)*; (ER/PR)*(HER2)™; (ER/PR)~
(HER2)*; (ER/PR)™(HER2)~. After 1,500 epoch, the training accuracy reached 90.2% (Fig.
4e). The cause of our accuracy loss could be attributed to (i) the uneven distribution of each
cell type in the training set (Fig. S8), which could skew the network’s resolving power; and
(ii) intrinsic variations in input images (é.g., background noise) adding fuzziness or margin
of errors.

We applied the developed algorithm to analyze raw images from model cell lines. The fully
trained network automatically analyzed full diffraction images (2,592 x 1,944 pixels per
image) as an input, identified individual cells, and classified them into four subtypes (Fig.
4f). The AIDA results were in concordance with flow cytometry-based subtyping (Fig. S9).
Importantly, the analysis time was ~3 sec even on a regular computer (2.4 GHz CPU, 8 GB
RAM) without using a GPU; the speed enhancement was 400-fold compared to the
conventional reconstruction/counting method (1,200 sec, Fig. 4g).

Proof-of-principle testing in FNA

We next applied AIDA to the clinical scenario testing for molecular markers in hundreds of
cells obtained from two breast cancer patients who were referred for clinically indicated
image-guided aspiration and biopsy of palpable lumps suspicious for breast cancer.
Aspirated cells were immuno-stained against ER/PR (red) and HER2 (blue) and images
were acquired by the AIDA prototype. We applied the AIDA algorithms to (i) identify
cancer cells and (ii) extract ER/PR and HER2 expressions based on their diffraction patterns
without image reconstruction. With cut-off values established in cell line experiments, we
measured percentile of ER/PR and HER2 positive/negative cells. Clinical pathology data
were used as gold standard. Figure 5a shows AIDA readouts for two representative clinical
samples. Patient 01 exhibited low expression in both ER/PR and HER2 (triple negative),
whereas Patient 02 showed high ER/PR but low HER2 expression levels. We further
analyzed aliquots of samples via flow cytometry. The quad marker profile (EpCAM, EGFR,
HER2, MUCL,; /.e. singular markers or combinations) had previously been identified as a
universal signature of epithelial cancers.2® The quad marker signature was indeed elevated in
the patient samples, which supports the rationale for capturing cancer cells using these
markers (Fig. S10). The expression profiles of ER/PR and HER2 (Fig. 5b) also matched well
with AIDA results. The automated AIDA completes image analysis of large FOV images (25
mm?2) within a few seconds without the need of high-end computing power and its results
were well aligned with clinical pathology reports.
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DISCUSSION

The global burden of cancer is immense and it is estimated that by 2020, there will be a 50%
rise in cancer cases over the current 2 billion cases.8: 31 These factors are due to population
growth, aging of the population and increasing numbers of cancer survivors. Choosing the
most appropriate treatment for a given patient (precision medicine), evaluating treatment
efficacy longitudinally, and detecting cancer early rely on sophisticated diagnostic
capabilities. These challenges are increasingly well met in developed countries, but
unfortunately represent a severe bottleneck in developing countries. For example, it is
estimated that there can be fewer than 1 pathologist per 1,000,000 inhabitants in some of
African countries32 33 whereas there are ~50 per 1,000,000 in the US.34 Needless to say,
there is a need to advance technologies to bypass labor intensive tests and make them
affordable at the same time. Based on advances in computational optics and deep learning,
we advanced AIDA as a low-cost digital system for breast cancer diagnosis of fine needle
aspirates. We believe that this system could potentially address multiple global challenges
particularly with further validation and expansion to other cancer types.

AIDA combines lens-less microscopy with deep learning-based computational analyses.
Lens-less microscopy (digital inline microholography) has been used to observe large
objects such as C. efegans,® tissue sections,}* S. aureus,38 cells,® and other small objects
(nanospheres).37 More recently, it has become apparent that the approach could be also used
to obtain molecular information. Using immunobeads was one way to change the
holographic patterns of targets cells.2? One of the challenges with the bead-based method is
that intracellular biomarkers can be hard to detect. This is particularly the case for low
abundant targets, intra-nuclear proteins or when cells are small. In the current work, we
therefore adapted immunochromogenic staining to micro-holography.

The main advantage of AIDA over conventional microscopy is its low cost and the fact that
it does not require specialists to determine a diagnosis. Furthermore, the developed system
can interrogate a much larger number of cells with a single image acquisition because of the
optical configuration and absence of magnifying lenses. For example we have shown that it
is possible to acquire and analyze ~1,000 individual cells within 3 sec. Such a capacity
surpasses even flow cytometers or skilled cytopathologists scanning across slides, and
importantly could elucidate intratumor heterogeneity. Better understanding of intratumor
molecular heterogeneity during disease progression and treatment will undoubtedly improve
cancer diagnosis and the design of therapies, leading the way to more personalized
medicine. In essence, combined with a trained neural network, AIDA can automatically
extract clinically relevant information with minimal human curation in short periods of time.
Note that a deep learning algorithm is typically specific to a given imaging setup (e.g., the
pixel size in an imager, distance between the imager and samples), and changes in imaging
hardware may require training a new neural network. In our case, one can apply the “transfer
learning” approach,3 which uses pre-existing neural networks as a starting basis to reduce
training time.

The current work was designed to prove the overall AIDA concept (Z.¢., cancer cell capture,
multicolor diffraction imaging, deep learning algorithms). As such, extensive clinical and
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field testing was beyond the scope of this developmental study. The data obtained with the
first prototype indicated that future systems could be further improved. This includes
implementing a higher degree of multiplexing capabilities. Technical challenges to
overcome are (i) aligning different light sources (=3) in the same optical path to minimize
shadowing effect (e.g., by using optical fibers), and (ii) finding/expanding orthogonal
chromogenic substrates for different colors (e.g., red, blue, and green). Another important
direction is to implement a miniaturized lens-less fluorescent system.38 Exploring and
adapting the neural network with additional training samples would likely allow for further
improved image analysis and diagnostic accuracy. Particularly, using a larger number of
patient samples will likely be necessary to fine tune the system for clinical uses. In this
regard, we started the process of accruing additional breast cancer samples. The test results
will be used to obtain rigorous performance statistics as well as to further train current
neural networks. Finally, we expect that systems and assays will become cheaper as they
will be scaled up. We currently estimate the component costs to be <$350 and reagent costs
to be <$10 per assay (Table S1).

CONCLUSION

In summary, we have advanced the AIDA platform for point-of-care cancer detection. Key
features include multiplexed diffraction imaging, surface chemistry for microfluidics, direct
recognition of cells via deep learning, and automated cancer classification. These features,
combined with advantages of lens-less imaging, enable cost-effective, rapid, and on-site
cancer diagnostics without requiring specialists. As proof-of-concept, we have applied
AIDA for breast cancer detection and classification. With further clinical validation and
expansion to other cancer types, we envision AIDA as a valuable tool to address global
cancer challenges particularly in low and middle income countries.

METHODS AND EXPERIMENTAL

AIDA imaging system
The light source had two LEDs (M470D2, M625D2, Thorlabs) with emission wavelengths
of 470 nm and 625 nm, respectively, and a dichromatic mirror (550 nm cutoff). A 220-grit
optical diffuser (DGUV10) was placed between the mirror and a 50-um aperture (Thorlabs).
Optical components were aligned inside a custom-made holder. Diffraction Images were
recorded by a monochromatic 10-megapixel CMOS imager (MT9P031, On-Semiconductor)
mounted on a USB 3.0 interface board (Imaging Source). The pixel size was 2.2 ym, and the
field of view 5.7 x 4.3 mm?2. We made a device body using a 3-dimension printer
(Formlabs), and light-proofed its inside with flocking papers (Edmund Optics). The entry
door to the sample loading was snap-fastened to the body v/a four pairs of disc magnets
(diameter, 3.2 mm). The overall size of the device was 11.8 (L) x 12.3 (W) x 15.6 (H) cm?.

Deep learning algorithm — cell recognition

The detection routine consisted of three sub-routines: a maximally stable extremal regions
(MSER) blob detection algorithm, a faster non-maximum suppression algorithm, and a
convolutional neural network (CNN). The MSER blob detection algorithm found cell-like
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regions in the diffraction images. We optimized nine parameters (delta, minimum area,
maximum area, maximum variation, minimum diversity, maximum evolution, area
threshold, minimum margin, and edge blur size) which are all available parameters in
OpenCV library. We determined the value of each parameter through a brute-force grid
search algorithm. Once regions were proposed by the MSER algorithm, the bounding box
coordinates were filtered by the non-maximum suppression algorithm with a maximum
overlap cut-off of 0.25. The remaining boundary box coordinates were mapped to a
diffraction input image, and each region (64 x 64 pixels) was passed as an input to the CNN
that was trained to classify a region as either containing cells, or containing no cells. We
prepared training datasets from annotated diffraction images. The true identity (cell vs. no
cell) of each diffraction pattern was manually confirmed by checking its reconstructed
objective image or a micrograph. We generated 19,592 annotated images: 9,796 from cells
and 9,796 from non-cell objects (e.g., debris, air bubble, dust). Of these, we used 6,857 cell
and 6,857 non-cell images as a training set (70% total); the rest was used as a testing
(validation) set. We applied the Adam optimization algorithm?? that iteratively tune the
weights in each layer of the CNN by minimizing the Binary Cross-Entropy loss function. All
codes were written using Python 3.6.1 and run on a computer with an Intel i7-7700HQ CPU
at 2.80GHz. Keras with Tensorflow was used to build and train the models.

Deep learning algorithm — color classification

Cell lines

The color classification model had eight convolutional layers with the final layer flattened to
a vector of size 768. This vector is the input to three fully connected layers which produce
the final output of four classes: (ER/PR)*(HER2)*, (ER/PR)*(HER2)", (ER/PR)"(HER2)*,
(ER/PR)"(HER2)™. Each convolutional layer used a parameterized rectified linear unit
(PReLU) activation function. Batch normalization was applied after each convolutional
layer, and a single dropout layer (dropout rate, 0.25) was used after the 61 convolutional
layer to reduce overfitting (Fig. S6). The input to the network was a pair of cell diffraction
patterns measured at 625 nm and 470 nm illumination; these two images for a given cell
were normalized and concatenated (128 x 64 pixels). We used 7718 concatenated diffraction
images for the network training. When constructing the training set, we applied data
augmentation techniques (random rotations, horizontal mirroring, vertical mirroring of
images) to ensure translation invariance of the network output. The ground truth for each
input image (/.e., color intensities) was obtained by performing mathematical reconstruction
of diffraction patterns; the mean pixel intensity inside each reconstructed cell image was
calculated and converted to a molecular expression value. The prepared images were split
into two sets (a 7:3 ratio) for training and validation, respectively. The model was trained for
1,500 iterations with a batch size of 64 samples. Each input image was categorized into one
of four classes. We applied the Adam optimization algorithm?0 to iteratively tune the
weights in each layer by minimizing the categorical cross-entropy loss function.

A panel of breast cancer cell lines that express different levels of triple markers (ER, PR,
HER?2), were used for assay validation: MCF7, T47D, BT474, SkBr3, MDA-MB-231. All
cell lines were purchased from the American Type Culture Collection (ATCC). MCF7 and
MDA-MB-231 were maintained in DMEM; SkBr3 in McCoys 5A; T47D and BT474 in
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RPMI-1640. All media were supplemented with 10% fetal bovine serum (FBS) and
penicillin streptomycin (Cellgro). All cell lines were routinely tested using MycoAlert
mycoplasma detection kit (Lonza).

Clinical samples

FNA samples were obtained as part of a standard-of-care, clinically indicated image guided
biopsy. Ultrasound or computed tomography guidance was used to confirm correct 18G
needle position within a given mass lesion. Two coaxial 20G FNA passes were made to yield
material for cytopathology and AIDA analysis. Additional core biopsies were obtained for
conventional pathology work-up which served as the gold standard. FNA samples were fixed
in CytoLyt and then processed as described for cell lines. AIDA analyses were conducted
blinded to conventional pathology and vice versa.

Chromogenic staining

We performed a thorough screening test for assay optimization and validation in cell lines
before moving to clinical samples. Specifically we tested (i) different antibodies from
multiple vendors (Table S2), (ii) different substrates and combinations (Fig. S2), and (iii)
different staining conditions (sequence, time). In general, harvested cells were fixed and
permed with BD fix/perm (BD Biosciences) for 15 min followed by blocking with Assay
buffer supplemented with 2% bovine serum albumin (BSA) and 5% normal goat serum for
15 min. Cells were labeled with anti-ER, anti-PR, and anti-HER2 (10 pg/mL) for 30 min
followed by a 30-min incubation in a 1:1 (v/v) mix of HRP anti-rabbit and AP anti-rat 1gG
secondary antibody. The labeled cells were then captured on the surface using a cocktail of
antibodies against EpCAM, EGFR, HER2, and MUC1, and unbound cells were removed by
washing with fresh PBS. The captured cells were incubated with the 3,4-
dihydroxyphenylalanine (DOPA)-based bioadhesive (Cell-Tak, Corning) to tightly bind to
the surface. The cells were sequentially stained with Immpact NovaRed Peroxidase (HRP)
and Vector Blue Alkaline Phosphatase (AP) substrates (Vector Labs). Right before imaging,
the captured and stained cells were placed in a glycerol-based mounting solution (80%
glycerol) to optically match the refractive index of cells. Two images per sample (pre- and
post-staining) were taken using the AIDA device at 470 and 625 nm wavelengths.
Antibodies used are listed in Table S4. Assay buffer was BD perm/wash buffer (BD
Biosciences).

Flow cytometry

Statistics

We performed flow cytometry to benchmark AIDA measurements. About 10° cells were
prepared in the same way as for AIDA, except secondary antibodies conjugated with
fluorescent dyes were used instead of the HRP or AP secondary antibodies. Fluorescent
signals were measured using BD LSRII Flow Cytometer (BD Biosciences). and normalized
against isotope controls.

The Spearman correlation coefficient was used to quantify the correlations. Group
differences were tested using unpaired #test. All tests were two-sided, and a P value of
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<0.05 was considered statistically significant. The positive cut-offs for ER/PR and HER2
expression levels were determined according to the conventional criterion: (mean + 2x
standard deviation) from the marker expression profiles of negative cell lines.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig 1. Artificial Intelligence Diffraction Analysis (Al DA) architecturefor breast cancer
diagnoses.
(a) Schematic of the work-flow. (i) Cellular samples obtained from breast cancer patients via

fine-needle aspiration are immunostained for triple markers: ER/PR in red and HER2 in
blue. (ii) Diffraction patterns of stained and unstained cells are imaged by the AIDA device.
(iii) Deep learning algorithms based on convolutional neural networks are applied to identify
cancer cells and extract their color information directly from raw images. The ER/PR and
HER2 expression levels are analyzed to classify breast cancer subtypes. (b) Disposable
sample cartridge for cell capture and staining. A silicone gasket is placed between a glass
slide and a plastic top for a watertight sealing. Cells are captured on the glass slide. (c)
AIDA imaging system. The device is equipped with a high-resolution CMOS imager and a
dual-LED (A =470 nm, 625 nm) light source. The dichromatic mirror (DIC, 550 hm cutoff)
centers light inputs to an aperture with normal incidence angle. The system body was
fabricated in a photopolymer resin via 3d-printing.
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Fig. 2. Assay development.
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(a) Cell capture and staining. Immunolabeled cancer cells are captured on a glass surface
conjugated with a cocktail of antibodies against EpCAM, EGFR, HER2, and MUC1.
Capture cells are further immobilized by applying a 3,4-dihydroxyphenylalanine (DOPA)-
based bioadhesive. Cells are then immunostained for ER/PR and HER2 expression. (b)
Applying index-matching solution to the samples improved the signal-to-noise ratio (SNR)
more than 3-fold compared to using PBS buffer. (c) Field of view (FOV) comparison
between AIDA and bright-field microscopy (BFM). The entire FOV of AIDA was ~25 mm?,
about 100 times larger than the FOV of conventional BFM (a 20x objective). In one example
(inset), AIDA imaged ~2,000 cells per acquisition, whereas the imaged cell numbers with
BFM were ~60 cells. (d) The AIDA signals strongly correlated with those measured by
BFM (Pearson correlation coefficient r=0.95). (¢) Comparison between BFM image and
pseudo-colored reconstruction image from AIDA.
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Fig. 3. Quantitative molecular profiling with AIDA.
(a) Breast cancer cell lines representing four subtypes (MDA-MB-231, (ER/PR)"(HER2);

T47D, (ER/PR)*(HER2)™; SkBr3, (ER/PR)"(HER2)*; and BT474, (ER/PR)*(HER2)*) were
stained for ER/PR (red) and HER2 (blue), and imaged v/a bright field microscopy (BFM)
and AIDA. (b) ER/PR and HER2 expression profiles were obtained from diffraction images.
(c) AIDA simultaneously measured ER/PR and HER2 on at the single cell level, generating
a 2-dimensional population density plot. Cell lines with different molecular profiles formed
separate clusters. For each cell line, the distribution was normalized to its maximum value.
(d) A density plot was generated for the same five cell lines using flow cytometry. (€) The
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average expression levels of ER/PR and HER2 were measured by AIDA (left) and the gold-
standard flow cytometry (FCM; right). The results showed a good match.
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Fig. 4. Deep learning algorithmsfor AIDA.
(a) Cell detection network. The input to this module was a “cell-like” diffraction image

(taken at 470 nm; 64 x 64 pixels) proposed by a maximally stable extremal region blob
detection algorithm. The image was processed through a trained convolutional neural
network (CNN) consisting of two convolutional layers (Conv2D), two pooling layers (Max
pool), and two fully connected layers (FC). The CNN labeled the image as a cell (1) or a
non-cell (0) diffraction pattern. ReL.U, rectified linear unit; 2, dropout rate. (b) Diffraction
images classified as cells from (a) entered the next module for color classification. For dual
color recognition, we concentrated a matching pair of diffraction patterns taken at 470 and
625 nm illumination. The color classification CNN had eight Conv2D and three FC layers,
and produced the final output of 4 classes (breast cancer subtypes). PReL U, parametric
ReLU. (c) The cell detection CNN was trained with 9795 cellular and 9795 non-cellular
diffraction patterns. The accuracy reached 99%. (d) A representative diffraction image
wherein cells were identified automatically (green boxes). Note the exclusion of an air
bubble and a dust. (e) The color classification network was trained with 7718 diffraction
images. The accuracy for color classification was 90.2%. (f) The entire network was used to
analyze diffraction patterns from five breast cancer cell lines (MDA-MB-231, (ER/PR)™
(HER2)™; MCF-7, (ER/PR)*(HER2)™; T47D, (ER/PR)*(HER2)™; SKkBr3, (ER/PR)~
(HER2)*; and BT474, (ER/PR)*(HER2)™). (g) The image analysis time with the trained
neural network was 3 sec on a personal computer. Conventional analyses based on
diffraction reconstruction were >400-fold slower.
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Fig. 5. AIDA readoutsfor clinical samples obtained by fine-needle aspir ates.
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(a) Examples of AIDA results for two patient samples. Patient #1 showed low ER/PR and
low HER?2 levels, (ER/PR)™ (HER2)™; Patient #2 showed high ER/PR and low HER2 levels,

(ER/PR)*(HER2)™. (b) Correlative results obtained by flow cytometry.
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