
www.manaraa.com

Label-free hematology analysis using
deep-ultraviolet microscopy
Ashkan Ojaghia, Gabriel Carrazanaa, Christina Carusob,c,d, Asad Abbasa, David R. Myersa,b,c,d, Wilbur A. Lama,b,c,d

,
and Francisco E. Roblesa,d,1

aWallace H. Coulter Department of Biomedical Engineering, Georgia Institute of Technology and Emory University, Atlanta, GA 30332; bAflac Cancer and
Blood Disorders Center, Children’s Healthcare of Atlanta, Atlanta, GA 30322; cDepartment of Pediatrics, Emory University School of Medicine, Atlanta, GA
30322; and dWinship Cancer Institute, Emory University, Atlanta, GA 30322

Edited by John A. Rogers, Northwestern University, Evanston, IL, and approved May 14, 2020 (received for review January 29, 2020)

Hematological analysis, via a complete blood count (CBC) and
microscopy, is critical for screening, diagnosing, and monitoring
blood conditions and diseases but requires complex equipment,
multiple chemical reagents, laborious system calibration and
procedures, and highly trained personnel for operation. Here we
introduce a hematological assay based on label-free molecular im-
aging with deep-ultraviolet microscopy that can provide fast
quantitative information of key hematological parameters to fa-
cilitate and improve hematological analysis. We demonstrate that
this label-free approach yields 1) a quantitative five-part white
blood cell differential, 2) quantitative red blood cell and hemoglo-
bin characterization, 3) clear identification of platelets, and 4) de-
tailed subcellular morphology. Analysis of tens of thousands of
live cells is achieved in minutes without any sample preparation.
Finally, we introduce a pseudocolorization scheme that accurately
recapitulates the appearance of cells under conventional staining
protocols for microscopic analysis of blood smears and bone mar-
row aspirates. Diagnostic efficacy is evaluated by a panel of he-
matologists performing a blind analysis of blood smears from
healthy donors and thrombocytopenic and sickle cell disease pa-
tients. This work has significant implications toward simplifying
and improving CBC and blood smear analysis, which is currently
performed manually via bright-field microscopy, and toward the
development of a low-cost, easy-to-use, and fast hematological
analyzer as a point-of-care device and for low-resource settings.

deep-UV microscopy | molecular imaging | hematology analysis |
point-of-care diagnosis | label-free cell classification

Hematological analysis relies on assessing alterations in blood
cell morphology, blood cell enumeration, and molecular or

cytogenetic properties to screen, diagnose, and monitor blood
conditions and diseases, including allergic and inflammatory
reactions, infections (1, 2), sepsis (3), immune system disorders
(4), several types of cancers (5), and more (6–10). To this end,
peripheral blood is collected and analyzed using a hematology
analyzer to obtain a complete blood count (CBC). Modern he-
matology analyzers use a combination of techniques, including
absorption spectroscopy, impedance measurement, and flow
cytometry, to measure red blood cell (RBC) and platelet counts,
hemoglobin (Hb) levels, and white blood cell (WBC) differen-
tials (11) (i.e., neutrophil, eosinophil, basophil, lymphocyte, and
monocyte counts). Although hematology analyzers are capable
of rapid staining and automated analysis (12), they are costly and
require multiple chemical reagents and regular calibration and
maintenance. Thus, despite being one of the most common
medical tests (13), CBC has to be performed by highly trained
technicians at clinics or commercial laboratories that have the
necessary equipment and infrastructure in place, which has the
adverse effect of delaying critical (in some cases, life-saving)
health information.
Moreover, for pathological samples or samples that produce

atypical results, manual microscopic examination is often re-
quired to confirm CBC findings and to evaluate the morphology

of blood cells (11). Microscopic analysis of peripheral blood is
performed by first generating a blood smear and then fixing and
staining the samples, typically using Romanowsky-type stains
(including Giemsa), which are generally composed of a basic dye
(e.g., methylene blue) to stain the nuclei and an acidic dye (e.g.,
eosin) used as a counterstain (11). Finally, accurate evaluation of
peripheral blood smears requires well-stained samples, which are
highly susceptible to variability, and microscopic analysis per-
formed by trained personnel. Nearly identical procedures are
used to evaluate bone marrow aspirates (14).
A number of methods have been explored to facilitate and

improve hematological analysis, mostly aimed at developing
point-of-care CBC devices and/or providing label-free quantita-
tive analysis. Fluorescence-based methods, for example, have
been applied for rapid and low-cost WBC detection/counting via
image analysis (15–17) or flow cytometry (18, 19). While prom-
ising, fluorescence methods suffer from phototoxicity and pho-
tobleaching, which hinders quantification (20). Plus, the degree
of cell differentiation comes at the expense of additional or more
complex staining protocols and equipment. To address this issue,
several label-free modalities have been applied, including Raman
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microscopy (21), hyperspectral imaging (22), fluorescence lifetime
imaging microscopy (23), and quantitative phase imaging (20,
24–27). These methods present their own unique advantages and
disadvantages; however, a trade-off still exists between the com-
plexity, cost, or speed of the approach vs. the information content
provided. Finally, the application of these technologies to other
hematological practices, including bone marrow aspiration (14, 28),
has not been explored.
Our approach to hematological analysis makes use of the

deep-ultraviolet (UV) region of the spectrum (i.e., 200 to 400 nm),
which has recently reemerged as a powerful tool for label-free,
quantitative, molecular imaging (29–31). Deep-UV microscopy
offers many advantages over traditional methods, such as higher
spatial resolution due to the shorter wavelength of UV light and
the ability to easily and quickly access quantitative information
from many endogenous biomolecules that play an important role
in cell structure and function (31, 32). Label-free imaging of live
cells has been achieved using deep-UV microscopy over extended
periods of time (∼6 h) without inducing apoptosis (29, 33). In
addition, highly specific cell phenotyping can be realized using the
information-rich UV images from which key intracellular archi-
tectural and biochemical features are readily available (29, 30,
34, 35).
In this work, we demonstrate a facile label-free analysis of live

blood cells using a multispectral deep-UV microscope. Our ap-
proach provides quantitative endogenous molecular information
from live cells and enables analysis and differentiation of blood
cell types based on their molecular and structural signatures. We
demonstrate the unique capabilities of our method by achieving
a five-part differential WBC classification, as well as providing
clear visualization of platelets, and normal, nucleated, and sickled
RBCs. Quantitative Hb characterization is also achieved. In ad-
dition, we demonstrate a pseudocolorization scheme which accu-
rately mimics the colors produced by standard Giemsa staining to
enable fast, fixative-free, and label-free visual examination of
blood smears and bone marrow aspirate slides. We further vali-
date the clinical diagnostic utility of our wide-field pseudocolored
UV images by performing a blind analysis, administered by a panel
of hematologists, of samples collected from healthy donors and
patients with thrombocytopenia and sickle cell disease (SCD).
Ultimately, we show this UV-based assay enables fast, label-free,
and stain-free hematological analysis without sacrificing diagnostic
quality compared to the standard of care. The assay can be em-
bodied in a low-cost, easy-to-use, and compact configuration. Thus,
this approach has potential to simplify, improve, and advance CBC
and blood smear analysis, and thus improve patient care.

Results
Deep-UV Microscopy of Live, Unlabeled Blood Cells from Whole Blood
Samples. Our multispectral deep-UV microscope enables fast
imaging of live, unstained cells at different discrete UV wave-
lengths. As depicted in Fig. 1A, the system uses a broad-band,
laser-driven plasma source and a set of band-pass filters to tune
the imaging wavelength to the absorption peaks of major bio-
chemical components in human cells (more details in Materials
and Methods). Here we use 260 nm and 280 nm, which corre-
spond to absorption peaks from nucleic acids and proteins, re-
spectively (29, 30, 34). We also acquire images with a center
wavelength of 300 nm, specifically chosen because it does not
correspond to an absorption peak of any endogenous molecule
(31) and can thus be used as a virtual counterstain in our
pseudocolorization scheme (see the pseudocolorization section
in Materials and Methods). As discussed below, this wavelength is
also critical for quantitative Hb-level analysis (Hb Mass Quanti-
fication in Individual RBCs). These three wavelengths were also
strategically chosen because bright and inexpensive light-emitting
diodes (LEDs) are commercially available at these spectral regions.

Fig. 1B shows example images of a neutrophil from the three
chosen discrete wavelengths, as well as synthesized nucleic acid
and protein mass maps of that cell (30). Clearly, the 260-nm
image closely resembles the nucleic acid map, while the 280-nm
image has some contributions from nucleic acid but more closely
resembles the protein mass map. Finally, the 300-nm image has
less intracellular structure, as expected, due to the less specific
molecular absorption at this center wavelength. We do not discard
potential contributions from other biomolecules (31), and it is
worth emphasizing that our goal is not to quantify individual
molecules but rather to enable cell identification and phenotyping.
Whole blood was collected from donors according to protocols

approved by the Institutional Review Board of Georgia Institute
of Technology and Emory University. As shown in Fig. 1C, blood
smears were prepared on quartz microscope slides without any
cell fixation, dilution, or staining. Images were obtained imme-
diately after the smears dried. The acquired multispectral images
were used individually to extract features of interest for hemato-
logical analysis or combined to produce a pseudocolor map that
recapitulated Giemsa stains (Materials and Methods). After im-
aging with the UV system, the samples were fixed, stained, and
imaged with a white-light bright-field microscope for comparison.

Pseudocolorization of Deep-UV Multispectral Images. To enhance
the utility of our deep-UV microscope in clinical settings, we
developed a pseudocolorization scheme which transforms the
grayscale multispectral UV images into a color image where
blood cells appear with colors that accurately mimic those pro-
duced by conventional Giemsa staining. In this approach, we
construct a color image in RGB color space by assigning the
260-, 280-, and 300-nm images to the red, green, and blue
channels, respectively (as demonstrated in Fig. 1B). The weight
factors (w) and gamma values (γ), listed in Fig. 1B for each
channel, are optimized by comparing the color representation of
each blood cell to their stained counterparts (see Materials and
Methods for more details).
As shown in Fig. 2, our approach enables us to produce col-

orized images that faithfully recapitulate features of significant
importance for blood cell phenotyping and differentiation using
traditional staining protocols with bright-field microscopy.
Again, the unique colors of each cell type produced with UV
microscopy originate from spectral absorption differences of
various cellular biochemical components. For example, absorp-
tion of nucleic acids in leukocyte nuclei gives rise to the well-
known distinctive violet color observed in Giemsa-stained im-
ages. In addition to nuclear contrast, our UV images exhibit key
cytoplasmic color differences which mainly stem from the dif-
ferent levels of protein (SI Appendix, Fig. S1). A notable example
of this is the fidelity with which granulocytes (i.e., neutrophils,
eosinophils, and basophils) appear under this pseudocolorization
scheme compared to accepted staining protocols. For example,
the granules in the cytoplasm of eosinophils maintain their unique
characteristic orange hue due to higher amounts of cytoplasmic
protein compared to the other granulocytes (SI Appendix, Fig. S1),
which under stained samples depicts their eosinophilic morphol-
ogy for which they are named. Moreover, the granularity of all
granulocytes is recapitulated, in part, by the stronger scattering
properties of the granules which affects all wavelengths, including
300 nm.
Apart from color differences, the pseudocolorized UV micros-

copy images reveal detailed cellular structures and shapes that are
important for diagnosing and monitoring blood diseases. SCD is a
prominent example in which deformed crescent-shaped RBCs
accumulate in blood. Such deformation is clearly identifiable in
the UV images of sickled RBCs shown in Fig. 2. Platelets and
nucleated RBCs are also clearly identified. We note that some
edge effects are present in the UV images due to stronger dif-
fraction and scattering, giving rise to a subtle halo-like structure;
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however, this does not strongly affect the cells’ appearance or
qualitative and quantitative analyses discussed below.

Hb Mass Quantification in Individual RBCs. Quantification of RBC
Hb mass is routinely performed in clinical hematology analysis by
measuring the mean corpuscular Hb (MCH) using hematology
analyzers. MCH refers to the total Hb mass per RBC and can be
used to characterize many conditions, including anemias, such as
SCD and thalassemia, where MCH values deviate from normal
(typically, 29.5 ± 2.5 pg) (11).
Given the unique quantitative capabilities of our deep-UV

microscope, we are able to quantify total Hb mass and average
Hb mass per square area (related to Hb concentration) of indi-
vidual RBCs. For this task, we leverage images acquired at
300 nm where the only significant absorber in RBCs is Hb. Here
the absorbance images at this wavelength can be directly trans-
lated to Hb mass. Hb absorption is also high at 260 nm and
280 nm but proteins in the RBC membrane can interfere with
Hb quantification. Further, 415 nm, which corresponds to the
Soret peak, can also be used to gain higher sensitivity, but this
would require an additional acquisition and, more importantly,
absorption in this region is highly dependent on oxygenation state.
On the other hand, 300 nm has a nearly identical absorbance for
oxy and deoxy-Hb (36), thus further removing confounding factors
in estimating Hb mass, concentration, and MCH.
As described in Materials and Methods, we assessed the Hb

mass of RBCs from the blood smears of two healthy donors (n =
40 cells) and two SCD patients (n = 40 cells). Fig. 3A shows the

retrieved MCH values, which were on average 28.6 ± 5.1 pg for
RBCs from healthy donors and 35.4 ± 6.9 pg for SCD patients.
These values indicate a statistically significantly higher MCH for
SCD patients compared to RBCs from healthy donors (P <
0.01). According to the CBC results, MCH values were 29.7 and
34 pg for the healthy donors and SCD patients, respectively, in
good agreement with our measurements. Fig. 3 B and D show the
drastic increase in RBC size for SCD patients, while Fig. 3C
shows that average Hb mass per square area (which again cor-
relates with Hb concentration) is not statistically significant be-
tween the two groups (P = 0.75). This behavior is consistent with
prior studies reporting on the production of larger RBCs with
the same Hb concentration in SCD patients treated with hy-
droxyurea, which was indeed the case for our SCD population
(37, 38).

WBC Five-Part Differential.Differential cell counting is an essential
part of laboratory hematological analysis for monitoring and
diagnosing blood diseases. Here we employed a WBC classifi-
cation process by extracting 58 features (listed in SI Appendix,
Table S1) from all UV wavelengths (i.e., 260, 280, and 300 nm)
obtained from 100 cells (20 lymphocytes, 20 monocytes, and 20 of
each granulocyte subtype). Images of lymphocytes and monocytes
were obtained from blood smears of four healthy donors. Each
cell type was classified by a board-certified hematologist. Gran-
ulocytes (from up to five healthy donors), on the other hand, were
first isolated using a magnetic antibody-based selection technique
and then imaged (Materials and Methods). The latter procedure

Fig. 1. System setup and method for UV microscopy of blood samples. (A) Schematic of the deep-UV microscope consisting of an ultrabroadband plasma
source, short-pass dichroic mirror, UV band-pass filters, UV microscope objective, and UV-sensitive camera. (B) Pseudocolorization scheme with optimized
weights and gamma values for each channel along with an example colorized UV and its respective Giemsa-stained bright-field image. Nucleic acid and
protein mass maps of the same cell are also shown. (Scale bar: 5 μm.) (C) Schematic of the blood smear sample preparation and imaging protocol. Blood
smears were imaged immediately with the UV system, then the smears were fixed, stained, and imaged with a conventional bright-field microscope for
comparison.
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was used to produce a robust “ground truth” for granulocytes,
since they can be difficult to differentiate in a whole blood smear.
After imaging, individual cells were manually segmented. Then we
calculated a series of morphological, statistical, and textural fea-
tures (again, 58 in total) based on the gray-level cooccurrence
matrix (GLCM) as well as biochemical masses from whole cell,
cell nucleus, and cytoplasm to perform a five-part WBC differ-
ential (Materials and Methods and SI Appendix, Table S1).
First, we applied a three-part differential to classify lympho-

cytes, monocytes, and granulocytes, simply based on their size
and granularity—similar to forward and side scattering with flow
cytometry. As depicted in Fig. 4A, plotting the cell diameter
against the variance of the intensity values throughout the cell
gives a clear class separation between the three cell types
(highlighted by three colors). Granulocytes with a higher gran-
ularity produce larger variations in the intensity, which leads to a
higher pixel value variance compared to lymphocytes and
monocytes. In addition, the monocytes are clearly larger than
lymphocytes and have markedly low granularity, as expected.
Again, this simple analysis resembles the forward versus side-
scattering plots of WBCs in flow cytometry and is in agree-
ment with the well-known morphological and textural properties
of these cell types (39).
To complete the five-part cell differential analysis, we employed a

machine learning algorithm, using support-vector machine (SVM)
learning, trained using the extracted features from granulocytes.
We evaluated the trained SVM model according to a fivefold

cross-validation scheme which yields an accuracy of 98.3%,
sensitivity of 95%, and specificity of 100% for classification of
granulocyte subtypes (i.e., neutrophils, eosinophils, and basophils)
using all features from the three UV wavelengths. The receiver
operating characteristic (ROC) curves and confusion matrix as-
sociated with our classification, depicted in Fig. 4B and SI Ap-
pendix, Fig. S2, further illustrate the ability of our model to
accurately identify granulocytes, misclassifying only one cell.
Finally, we applied a feature-ranking algorithm (Materials and

Methods) to identify the three top-ranked features that uniquely
identify each granulocyte subtype. Remarkably, we find that the
most important features are cytoplasm energy, nucleus correla-
tion, and nucleus second moment from a single wavelength:
260 nm (scatter plot in Fig. 4C). This finding is important as it
indicates that an accurate five-part WBC differential can be
acquired using a single wavelength, which has implications for
the speed of the UV imaging assay (more on this below). Per-
formance of the trained classifier with only these three features
yields an accuracy of 96.7%, sensitivity of 95%, and specificity of
97.5% (refer to SI Appendix, Fig. S3 for ROC curves and the
confusion matrix), which is only slightly lower than using 58 features
from all three wavelengths.
For comparison, a similar classification algorithm using SVM

was done on the bright-field images of the same cells after they
were fixed and stained. Results show classification with an accu-
racy of 96.67%, sensitivity of 100%, and specificity of 95% (refer
to SI Appendix, Fig. S4 for ROC curves and the confusion matrix),
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which is similar to those obtained using the single-UV-wavelength
model.

Evaluation of Pseudocolorized UV-Based Diagnosis.Given the ability
of the pseudocolorized UV images to reveal unique morpho-
logical and molecular (and thus color) features for each blood
cell type, we hypothesized that these images could serve as an
alternative to the standard Giemsa-stained peripheral blood
smear examination. The advantage of our approach is that it can

provide immediate analysis/diagnosis without the need for any
processing or chemical reagents. To test this hypothesis, we
imaged blood smears from 13 individuals: 4 from healthy donors,
5 from patients with different degrees of thrombocytopenia, and
4 from patients with SCD. CBCs were collected and used as the
ground truth to 1) confirm diagnosis and 2) determine the di-
agnostic accuracy of the visual blood smear examinations using
the pseudocolorized, label-free UV images and conventional
bright-field microscopy images of fixed and stained cells. As seen

Fig. 3. Hb characterization in healthy and sickled RBCs. (A) MCH values obtained from two healthy (n = 40) and two SCD patients (n = 40). (B) Cell area from
healthy and SCD donors. (C) Average Hb mass per square area for healthy and SCD RBCs. (D) Scatter plot of MCH vs. cell area for healthy and SCD samples,
with insets showing example RBC Hb mass maps (in femtograms per square micrometer). (Inset scale bar: 5 μm.)
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in Fig. 5, large areas (1 mm × 2 mm) were imaged to ensure
enough cells (>20,000 cells) were included for a reliable di-
agnosis (see Materials and Methods for details). Due to the short
exposure times, imaging of the entire area was performed in
∼3 min per wavelength (further improvement can be made by
optimizing the translation stage routine). After imaging with the
UV system, smears were fixed and stained and bright-field mi-
croscopy images from the same areas were acquired (Materials
and Methods). Thus, we collected a total of 26 large-area blood
smear images from 13 individuals (13 label-free UV images and the
corresponding 13 bright-field stained images of the same region
with the same cells) (40). An example large-area pseudocolorized
UV image along with its corresponding Giemsa-stained, bright-
field microscopy image is shown in Fig. 5. Careful inspection of
magnified images reveal that the UV colorized images highlight
key cellular features with outstanding clarity and contrast which are
nearly equivalent to conventional stained images, demonstrating
their potential to be used as an alternative for clinical diagnosis.
A web-based survey was designed comprising two randomly

distributed sets of large-area colorized UV images and conven-
tional bright-field images from healthy and pathological samples,

along with a questionnaire. Each set had one large-area blood
smear image per donor (either UV or bright-field—again, ran-
domly selected), for a total of 13 large-area images per set. Be-
cause the UV and bright-field images from an individual donor
corresponded to the same area with same cells in the blood
smear (Fig. 5), this study design avoids potential diagnostic bias
arising from a hematologist reviewing images from the same
donor twice. A panel of 10 board-certified and board-eligible
hematologists, blinded to the patients’ condition and clinical
history, reviewed the set of images (each hematologist was
assigned one of the two sets). Hematologists also answered 10
questions pertaining to the cells’ appearance (i.e., morphology)
and counts, as well as their overall diagnosis, diagnostic confi-
dence, and diagnostic quality of each blood smear image. It is
also worth noting that all hematologists in the panel had access
to the same regions in the blood smears (with the same cells)
from all 13 donors, just in a random assortment of different
image types—colorized UV or conventional stained bright-
field—depending on the assigned set. By the conclusion of the
survey, each type of image (UV or bright-field) had 52 to 56
evaluations (13 smears, rated by four or five reviews), for a total

Fig. 5. Large-area (1 × 2 mm2) fixative-free, unstained, pseudocolorized UV image of a whole blood sample collected from an SCD patient (A) along with the
corresponding bright-field microscopy image after fixing and staining (B). (Scale bars: 200 μm.) The selected magnified insets highlight cellular features with
black arrowheads pointing to neutrophils, orange arrowheads showing the sickled RBCs, and the red arrowheads point to lymphocytes. (Inset scale bars: 30 μm.)
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of 109 evaluations. Questionnaire responses were recorded auto-
matically and used for statistical analysis.
Results show an overall diagnostic accuracy from the hema-

tologists’ visual inspection of 80.4% with the label-free UV images

and a lower 76.5% with the stained bright-field images. In addition,
the concordance between the colorized-UV and bright-field images
is near-perfect, with a Cohen’s kappa value of κ = 0.84 for identi-
fying healthy vs. diseased samples and combined κ = 0.83 for

Table 1. Results of panel review with Cohen’s kappa values and accuracy %

Patient blood sample
type

Imaging
modality

No. of wide-field
images Accuracy %

Concordance
(Cohen’s kappa, κ)

Healthy UV 4 85.0 0.84
BF 4 85.0

Thrombocytopenia UV 5 76.2 0.75
BF 5 68.2

SCD UV 4 80.0 0.90
BF 4 76.2

Combined UV 13 80.4 0.83
BF 13 76.5

BF, bright-field.

Fig. 6. Wide-field unstained pseudocolorized UV image of a sample collected from the bone marrow of a healthy donor (A) along with the corresponding
white-light bright-field microscopy image after staining (B). (Scale bars: 200 μm.) The selected magnified insets highlight cellular features of various mye-
lopoietic and erythropoietic cells such as promyelocytes (orange arrowheads), myelocytes (brown arrowheads), metamyeloctes (black arrowheads), band
neutrophils (yellow arrowheads), lymphocytes (red arrowheads), and normoblasts (blue arrowheads). (Inset scale bars: 30 μm.)
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differentiating between all sample types (healthy vs. thrombocyto-
penia vs. SCD) (Table 1). Common smear artifacts in the transition
region from the monolayer to the feathered region where RBCs
lose their biconcave shape (SI Appendix, Fig. S5) are observed in
both the label-free UV and stained images. This artifact was con-
founded with spherocytosis at a rate of 5.35% (3 out of 56 evalu-
ations) for the UV images and 5.66% (3 out of 53 evaluations) for
the bright-field images (mostly from the thrombocytopenia sam-
ples). Moreover, the presence of halo-like edge effects in UV im-
ages did not strongly affect visual inspection and was only noted by
the hematologists at a rate of 1.83% (2 evaluations out of 109).
Overall, hematologists expressed relatively high diagnostic confi-
dence with an average rate of 76.45% (average 2.29 out of 3, cor-
responding to moderate to very confident) for the UV images and a
nearly identical 75.74% (average 2.27 out of 3) for bright-field
images. Moreover, the hematologist panel rated the suitability of
UV and bright-field images for diagnosis at a rate of 94.48% and
90.88%, respectively. These results show that in our data the
pseudocolorized UV images provide equal diagnostic power com-
pared to Giemsa stains, which are the gold standard for manual
diagnosis.

Bone Marrow Aspirate Slides. As a final demonstration of the ca-
pabilities and versatility of this UV-imaging assay, we imaged
bone marrow aspirates slides. Slide preparation followed the
same protocol as that used for the peripheral blood smears.
Results, shown in Fig. 6, again reveal that UV-microscopy

images closely resemble the Giemsa-stained slides. Impor-
tantly, even myelopoietic cells (e.g., promyelocytes, myelocytes,
metamyelocytes, band neutrophils, and lymphocytes) and eryth-
ropoietic cells (e.g., normoblasts), which are not commonly
found in peripheral blood, show the same color characteristics and
morphology in the label-free UV images and in the stained images.
During aspiration, bone marrow samples are also inspected for

the presence of bony spicules which are essential to ensure
proper aspiration and avoid significant contamination from pe-
ripheral blood (41). Because fixing and staining bone marrow is
time-consuming, current clinical practice involves taking a small
sample during the aspiration procedure, making a smear without
fixing or staining, and inspecting the unstained sample with the
naked eye. This practice is difficult and requires highly trained
technicians that can identify spicules in these relatively trans-
parent samples. Of course, having technicians for this purpose is
costly and may not be available at all hospitals; in addition, it is
still subject to human error (42). Successful aspirations vary from
fewer than 50% when no technician is available to more than
80% when technicians inspect the aspirates (42). This prevalent
challenge can be mitigated by imaging unstained smears using
the UV microscope, which can provide clear and immediate
feedback. Fig. 7 illustrates that the spicules present in a bone
marrow aspirate are easily identifiable by their characteristic
deep blue hue in the unstained pseudocolorized UV image,
which is nearly identical to the Giemsa-stained slide which take
over 45 min to process. Our findings suggest that our UV

Fig. 7. Wide-field unfixed and unstained pseudocolorized UV image of a spiculated bone marrow aspirate (A) and the corresponding white-light bright-field
microscopy image after fixing and staining (B). The red arrowheads point to spicules present in the smear. (Scale bars: 200 μm.)
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imaging assay can aid clinicians and significantly improve the
aspiration procedure’s quality and reliability by providing real-
time feedback at the bedside to ensure spiculated bone marrow
is obtained.

Discussion
We have introduced a quantitative assay based on multispectral
deep-UV microscopy which provides fast and robust access to
key hematological parameters to diagnose and monitor hema-
tological conditions and diseases. The approach is label-free and
fixative-free, thereby obviating the need for chemical reagents
that are required in traditional hematological analyzers and
blood smear analysis via standard microscopy. Additionally, no
calibration is needed, and the system is simple and compact and
can be constructed from inexpensive components (e.g., LEDs
and compact UV-sensitive cameras) and supplies, including UV
transparent slides using emerging UV transparent plastic mate-
rials. Currently, the cost of commercial hematology analyzers
capable of performing CBC and Hb analysis is approximately
$80,000 to $120,000 and require multiple reagents (∼7 to 14
reagents), which adds to the operation costs. In contrast, the cost
of our system is approximately $25,000, which can be further
reduced to approximately $5,500 with a few simple strategies
(see Experimental Setup for more details). These unique attributes
(i.e., quantitative, label-free, molecular sensitivity, high-resolution,
wide-field, fast, simple-to-use, compact, and low-cost) make this
UV-based assay ideal for hematological applications and provide a
path for simplifying and improving the standard of care.
The devised pseudocolorization scheme, based on three stra-

tegic deep-UV wavelengths, produces color-accurate images that
mimic those observed with the gold-standard Giemsa stains,
enabling simple, fast, and reliable visual inspection of peripheral
blood smears and bone marrow aspirates. This approach is highly
translational to clinical and point-of-care settings. Indeed, other
pseudocolorization schemes based on alternative label-free op-
tical imaging technologies have been presented (mostly for tissue
imaging to mimic hematoxylin and eosin stains) (43–47). This
work presents a pseudocolorization scheme specifically designed
to mimic the hematological gold standard (Giemsa stains).
Further, these alternative label-free methods either lack the
subcellular spatial resolution needed for hematological micro-
scopic analysis and/or tend to be expensive and have a large
footprint (43–47). Again, the ability of this UV assay to present
images that are nearly identical to the gold standard without
labels or fixative agents, in a compact and low-cost system, is not
only important for translation but is also critical to enable de-
tailed hematological analysis in previously inaccessible environ-
ments (e.g., point-of-care and low-resource settings).
We demonstrated a quantitative label-free, five-part differ-

ential analysis of WBCs which currently requires expensive and
laborious methods. Accurate classification of WBC subtypes was
achieved using a combination of morphological and biochemical
properties. Notably, we found that the most important features
that enable a five-part differential can be extracted from a single
wavelength (260 nm). Thus, while all three wavelengths are
needed to virtually stain the samples for visual inspection, this is
not necessary if a user only seeks to quantify WBC differentials.
In this case, the assay can be three times faster by only imaging at
260 nm. Similarly, quantitative Hb analysis only requires imaging
at 300 nm, which yields MCH and, if the total blood volume is
known, hematocrit. Therefore, the information content of the
assay can be tuned depending on the specific test.
The diagnostic utility of deep-UV microscopy was assessed by

a panel of hematologists performing a blind analysis on blood
smears collected from healthy donors and patients diagnosed
with thrombocytopenia and SCD. The near-perfect concordance
between hematologists’ diagnoses made using our approach and
the gold standard indicates the potential of our colorized-UV

images to be applied as label-free alternative for diagnosis.
Moreover, the versatile tool can also be used to monitor bone
marrow aspirates, either for diagnostic purposes or to ensure a
successful aspiration.
In conclusion, this deep-UV quantitative assay yields insight

that currently requires CBC (for enumerating blood cells) and
microscopic analysis (to evaluate blood cell morphology), and
thus it has the potential to simplify and improve clinical hema-
tological analysis overall. Moreover, visual inspection with deep-
UV microscopy is appealing for situations where fast feedback is
desired, in telemedicine applications, or in circumstances where
the necessary reagents are not available, for example in low-
resource settings. The brief exposure to UV light does not af-
fect the cells, and thus samples can be preserved for other
analyses, including Giemsa stains. Finally, the deep-UV imaging
assay can be coupled with 1) flow-cytometry to provide compli-
mentary label-free biomolecular and structural information or 2)
microfluidic devices, which can pave the way for a low-cost
point-of-care hematological analyzer.

Materials and Methods
Magnetic Granulocyte Isolation. Live human granulocytes were isolated via
negative magnetic antibody-based selection with the MACSxpress isolation
kit (Miltenyi Biotec) and resuspended in RPMI media with L-glutamine and
Hepes (Life Technologies). In order to induce and maintain a normal cell
spreading (48) and adhesion to microscope slide surface, quartz slides were
coated with a 1 nM solution of N-Formylmethionine-leucyl-phenylalanine
(fMLP; Sigma-Aldrich) for 60 min then rinsed with distilled water and
phosphate-buffered saline. The cell suspension was pipetted onto the
coated slide and incubated for another 30 min. Slides were then washed
with distilled water and dried before imaging.

The magnetic isolation protocol was used to ensure a robust ground truth
for our granulocyte subtype classification. This isolation process provides a
low yield, particularly for the rare subtypes such as basophils which typically
have a very low concentration in whole blood. Thus, the number of cells per
group was determined based on the most limiting blood cell subtype
(i.e., basophils) to ensure a fair comparison and prevent bias. Nevertheless,
the number of cells used in this analysis is on par with other studies using
label-free techniques and cell isolation for unique blood cell identification
(20, 27, 37).

Preparation of Whole Blood Smear Samples. Whole blood was collected from
healthy donors or patients and added to an anticoagulant solution (sodium
citrate; Beckton Dickenson). All protocols were approved by the Institutional
Review Boards of Georgia Institute of Technology and Emory University.
Informed consent was obtained from donors. Blood smears were made on
uncoated quartz slides by using 10 μL of whole blood. After drying the
samples in air for 5 min, UV imaging was performed.

Preparation of Whole Bone Marrow Aspirate Smear Samples. Whole human
bonemarrow aspirate was collected from healthy donors (AllCells) and added
to Na heparin anticoagulant solution. Smears were made on uncoated quartz
slides using 10 μL of whole bone marrow and immediately imaged using the
UV microscope after drying in air for 5 min.

Fixing and Staining of Blood and Bone Marrow Samples. Blood and bone
marrow samples were first fixed usingmethanol (Thermo Fisher Scientific) for
7 and 15 min, respectively, and stained in May-Grünwald solution (MG500;
Sigma-Aldrich) for 15 min. After a brief rinse, samples were put in a 1:10
diluted Giemsa stain solution (GS500; Sigma-Aldrich) for 20 min. Samples
were then washed in a phosphate buffer solution (pH 6.6) and air-dried for
bright-field microscopy.

Bright-Field Microscopy. After imaging with the deep-UV microscopy setup,
fixed and stained samples were imaged using an upright (Axioskop 2 Plus;
Carl Zeiss) microscope equipped with a 40× objective (numerical aperture
[NA] 0.6). By scanning the sample, a series of images from a 1 × 2-mm area
on the sample was acquired. The tile scan images were stitched using the
Zeiss Zen Black edition software (Carl Zeiss) to obtain a wide-field image.

Experimental Setup. The developed deep-UV microscopy system consisted of
an incoherent broadband laser-driven plasma light source (EQ-99X LDLS;
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Energetiq Technology). The output light from the broadband source was
collected through an off-axis parabolic mirror (Newport Corporation) and
relayed to the sample using a short-pass dichroic mirror (Thorlabs). Multi-
spectral imaging was performed using UV band-pass filters (Chroma Tech-
nology) installed on a filter wheel, allowing acquisition of images at three
wavelength regions centered at 260, 280, and 300 nm. The light intensity on
the sample plane was measured to be 0.14, 4.5, and 0.22 mW at 260-, 280-,
and 300-nm wavelengths, respectively. For imaging, we used a 40× UV mi-
croscope objective (NA 0.5) (LMU-40X; Thorlabs), by which we achieved an
average spatial resolution of ∼280 nm. Images were then recorded using a
UV-sensitive charge-coupled device (pco.UV; PCO AG) camera (integration
time = 30 to 100 ms) while the sample was translated and adjusted for fo-
cusing via a three-axis high-precision motorized stage (MLS2031; Thorlabs).
By raster-scanning the sample, a series of UV images from a 1 × 2-mm area
were acquired at each wavelength. Imaging time is ∼3 min per wavelength
(currently limited by the translation stage).

The deep-UV microscopy setup used in this study has been developed
from research-grade components with an overall cost of approximately
$25,000, with the broadband light source being the most expensive com-
ponent. However, with recent advancements in the development of com-
pact and inexpensive deep-UV LEDs and UV-sensitive cameras, the cost of
the system can be further decreased to approximately $5,500. In this case,
the UV objective (LMU-40X; Thorlabs) would constitute the most expensive
component. Also, the use of single-color LEDs would obviate the need for
the spectral filters, which, together with the more compact cameras, would
result in a more compact system. Finally, the current need for quartz mi-
croscope slides adds to the overall cost of the procedure as the price of these
slides is higher than conventional glass slides. However, this issue can be
mitigated with the help of emerging UV-transparent plastics which are
significantly less costly than quartz and can be easily manufactured into
microscope slides.

Image Processing, Registration, and Pseudo-RGB Colorization. After obtaining
the tile image series at the three wavelengths, each image was normalized by
a reference background image acquired from a blank area on the sample at
each wavelength to remove any illumination artifacts. In the next step and in
order to obtain accurate colorization of UV images, an intensity-based image
registration algorithm (based on the imregister function), implemented in
MATLAB (MathWorks) was used to coregister the corresponding images
across all three wavelengths.

The registered intensity image stacks (260-, 280-, and 300-nm wavelength
images) for each field of view were used to obtain pseudo-RGB colorized
images. To form the pseudocolorized images, each color channel (i.e., R, G,
and B channels) was formed according to the optimized weights (w) and
gamma (γ) values (listed in Fig. 1B) based on: R = wR × IγR260, G = wG × IγG280, and
B = wB × IγB300. Finally, the colorized images were transformed to the HSV
(hue, saturation, and value) color space, a constant hue offset of +0.05 was
applied, and they were converted back to RGB color space.

Stitching of pseudocolorized images was performed using the Grid/Col-
lection stitching plugin (49) of the Fiji (50) software, which calculates the
overlap between each tile and linearly blends them into a single wide-field
image. The obtained wide-field pseudocolorized images were then exported
to the Zoomify (Zoomify Inc.) format, which enables viewing of large images
using a standard web browser and uploaded to a custom-designed website
for easy access and viewing by the clinical review panel.

Quantification of Biochemical Masses. We quantified the nucleic acid and

protein mass based on calculation of the optical density (OD = −ln(~I=~I0))
which is obtained by normalizing each UV image (~I) by a reference back-

ground image (~I0) taken from an empty area on the sample at each wave-
length. The OD maps obtained at 260-nm and 280-nm wavelengths are then
used to calculate the mass maps assuming a linear contribution of species at
each wavelength according to Eq. 1:

ODwavelength  n = («wavelength  n
nuc.acid )lcnucleicacid + («wavelength  n

protein )lcprotein, [1]

where « is the extinction coefficient, l is the optical path length, and c is the species
concentration. Based onOD values for the twowavelengths, we can generate a set
of equations and solve for the concentration–pathlength products (lc terms) at
each pixel. In our calculations, we use average extinction coefficients at 260 nmand

280 nm for nucleic acid («260 = 7,000 M−1cm−1, «280 = 3,500 M−1cm−1) and pro-

tein («260 = 36,057 M−1cm−1, «280 = 54,129 M−1cm−1) (29) and average OD
values over the bandwidth of our UV filters. Further, we assume an average

molar mass of 52,728 Da for protein and of 330 Da for nucleic acids to obtain
mass values at each pixel.

For calculation of Hb mass in RBCs, we obtained the OD at 300-nm
wavelength and used the molar extinction coefficient of oxygenated Hb

(«300 = 65,972 M−1cm−1) (31, 36) to calculate the concentration–pathlength
products (lc terms) at each pixel. Then, by integrating these values over the
entire cell area we obtained the total mass for each cell.

Feature Extraction and Ranking. In order to train our unsupervised cell clas-
sifier, 58 different features from 100 WBCs (features are summarized in SI
Appendix, Table S1) were extracted from whole cells, cell nuclei, and their
cytoplasm. We extracted features based on morphology, statistical proper-
ties, and textural features based on the GLCM, from processing of intensity
images obtained at 260-nm wavelength. Average biochemical masses from
cells were also obtained using the 260-nm and 280-nm images according to
the described method for quantification of biochemical masses.

To rank the extracted features, we used a ranking algorithm (rank features
function, MATLAB) which calculates the area between the ROC curve and the
random classifier slope and picked the three features that yielded the highest
ROC areas for training of the single-wavelength classifier.

Cell Classification Model Construction and Performance Assessment. A super-
vised cell classification model was constructed based on an SVM with a
Gaussian kernel using the extracted features from WBCs. We assessed the
trained SVM model according to a fivefold cross-validation scheme which
randomly partitions the dataset into five equal-sized subsamples. A subsample
was utilized for validation and testing the model while the remaining
subsamples were used as training data. This process was repeated five
times, with each of the five partitions used only once as the validation
data. By doing this, we ensured that the whole dataset was used for both
training and validation.

To assess the performance of the cell classification model, we obtained a
number of performancemetrics such as accuracy, which is the ratio of number
of correct predictions to the total number of input dataset, sensitivity, which
determines the percentage of true positive classification events, and speci-
ficity, which measures the percentage of true negatives determined by the
model. The ROC curves were calculated for ourmulticlass classifier (with three
classes, i.e., neutrophils, eosinophils, and basophils) using a one-versus-all
scheme where the performance of the model is evaluated for each class
against the two others. Sensitivity and specificity are calculated by treating
each class as the true label consecutively. The ROC curves were then used for
graphical illustration of model performance.

Survey Methodology. A web-based survey consisting of 26 wide-field images
(13 UV and 13 bright-field images) was developed and provided to a clinical
review panel consisting of 10 board-certified and board-eligible hematolo-
gists who performed a blind analysis of the images. Each hematologist was
presented with a random deidentified collection of pseudocolorized UV and
bright-field images of healthy, thrombocytopenia, and SCD samples. In ad-
dition, each image was accompanied by an online 10-question questionnaire
where the hematologists provided assessment of the population and mor-
phology of each blood cell type and responded to questions about the di-
agnostic quality and their diagnostic confidence based on the images.
Diagnostic quality was defined as whether the hematologists felt that the
image quality enabled them to make a proper diagnosis on a scale from 1 to
3. Diagnostic confidence was defined as how certain the reviewers felt about
their assessment. Questionnaire responses were recorded automatically and
used for statistical analysis. This clinical panel review protocol (no. H19389)
was Institutional Review Board-exempt and consent was waived.

Statistical Analysis. For each hematologist, we calculated the concordance
between their diagnosis (healthy vs. thrombocytopenia vs. SCD) based on UV
and bright-field images using Cohen’s kappa (51), assuming that the data
are categorical and that UV and bright-field images are taken on the same
data, which they are. Cohen’s kappa values were also calculated for the
diagnosis from UV and bright-field vs. ground truth (based on CBC per-
formed at the collection site, Emory Hospital), which tells us how well each
panel member’s diagnosis correlates with CBC. Finally, we calculated the
concordance between every two hematologists to determine the reliability
of their assessment.

Student’s t test was used for comparison of populations in our quanti-
tative analysis of Hb mass in RBCs. JMP Pro software (version 14.0; SAS In-
stitute Inc.) and MATLAB (MathWorks) was used for all statistical analyses.
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