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A reproducible differential blood cell count
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Abstract

Introduction: A differential blood cell count represents a substantial component of the daily clinical routine.
The aim of this study was to conduct automated high-throughput analyses of light microscopy images of
leukocytes with unspecific staining (hematoxylin-eosin, HE) and to classify the resulting subgroups (lymphocytes,
monocytes and neutrophils). Materials and Method: The software package CellProfiler was used for the image
analysis and cell classification. The results were compared to those from hematological laboratories that analyzed
the same samples. Results: There was a high similarity between the results obtained by image analysis and those
from the hematological laboratories, with an r?=0.95 for the differential count and an r?=0.89 for the total
count. Conclusion: Differential blood cell count using light microscopy, nonspecific dyes and advanced image
analysis is accurate, reproducible, and less expensive compared to other techniques. The results also showed a
strong correlation when compared to traditional methods.
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1 Introduction

A differential blood cell count (DBCC) represents a
substantial component of the daily clinical routine (MITTAG
and TARNOK, 2011). The DBCC reports the cell count per
volume and the percentages of leukocyte subgroups. Although
the parameters quantified in a DBCC do not deliver information
to produce a specific diagnosis, the DBCC provides important
data about the current state of a patient with a known diagnosis
(MITTAG and TARNOK, 2011).

A DBCC is usually conducted either manually or using
cytometric techniques with specific fluorescent markers
(MITTAG, LENZ, SMITH et al., 2005). Cytometry is an
expensive procedure (LENZ, LENK, MITTAG etal., 2005).
Using morphological characteristics to manually count each
individual cell is tedious, time consuming and not reproducible
(MITTAG et al., 2005). In addition, during the manual cell
count, fewer cells are counted compared to other methods.
A manual count is more commonly conducted in developing
countries, such as Brazil and South Africa (SHAPIRO and
PERLMUTTER, 2005)

We hypothesized that the lack of reproducibility substantially
impairs the diagnostic quality of a manual cell count. Therefore,
in this study, a manual cell count (using light microscopy and
hematoxylin eosin) was combined with a high-throughput
image analysis and a subsequent classification process to
identify and calculate the percentages of leukocyte subgroups
(lymphocytes, monocytes and neutrophils). The software for
both image analysis (CellProfiler) ( KAMENTSKY, JONES,
FRASER etal., 2011) and the subsequent statistical processing
(Tanagra) (RAKATOMALALA, 2005) are freely available.

The advantages of a reproducible cell count based on
high-throughput image analysis are obvious: images of each
sample are saved on a hard drive and the results can be verified
anytime. Because of the free nature of the software used for
the present study, there is no financial burden, other than a
computer and a digital camera. Finally, images saved on a hard
disk can be used for forensic purposes.

2 Materials and Methods
2.1 Samples

Peripheral blood samples from 15 volunteers were collected.
One aliquot of each sample was sent to a traditional hematology
laboratory to carry out a DBCC for a subsequent comparison
with the results of the present study. The traditional DBCC
count is done manually. Another aliquot was used to be
stained with hematoxylin and eosin (HE) and subsequent
image analyses. A third aliquot was used for determining the
leukocyte counts per mL in a Neubauer chamber.

All the volunteers who donated samples for this study
provided their consent. The present study was also approved
by the Ethical Committee on Research involving Human
Subjects at the University of Vila Velha, registration N°184 /09,
and have therefore been performed in accordance with the
cthical standards.

2.2 Differential lenkocyte count

Blades with an aliquot of each sample were prepared
with HE staining as previously described in Saltini, Hance,
Ferrans etal. (1984). An average of 300 images were collected
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using a light microscope (Eikonal Brazil, LGD3) equipped
with a digital camera (EUROKAM 3.0). The images of each
sample were saved in HD.

2.3 Lenkocyte count per mL

The samples were prepared according to the instructions
of Fischbach and Dunning (2009). Images of the samples
were obtained using the equipment cited above (differential
leukocyte count). Images of four fields of the Neubauer chamber
were taken as described by Mittag, Lenz, Smith et al. (2005).

2.4 Image analysis

The free software CellProfiler 2.0 was used for the image
analysis. Initial image analysis was performed for the differential
counting of leukocytes. The main window of CellProfiler allows
the user to program the pipelines (modules) that will be of
interest to the search. Each pipeline performs a specific task in
the image. The data file generated during the analysis provides
morphological and intensity data for each object identified.

Image analysis for the total leukocyte count used identical
methods as described above with only the amount of identified
cells quantified. The count was performed as described by
Fischbach and Dunning (2009).

2.5 Classifying leukocyte subtypes

Subsequently, the samples were evaluated statistically.
Within the Excel file provided by CellProfiler, each row
represented an identified object and each column represented
a quantified parameter. A new column was added in which
an experienced cell biologist identified and labeled each type
of cell (monocytes, lymphocytes, and neutrophils) based on
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the images of the identified objects and the original image.
At this point, non-cellular artifacts were excluded.

After each type of cell was identified, the Tanagra software
was used to find the parameters that effectively and accurately
predicted the origins of the cells (Fisher filtering and data
mining respectively). Using the parameters found during
data mining, graphics were drawn. In these graphics, the
position of each subpopulation was located and the values
for the subsequent filtering and prediction were defined.
An average and range of values for the best parameters were
obtained for the three cell types. A filter was created using
this average; this filter was implemented using the Java SE
platform (Sun Microsystems, Inc.) and was used to predict
the origin of the cells automatically.

2.6 Regression

Finally, the results were compared to those obtained from
a traditional laboratory hematology analysis. For comparing
the results, a linear regression was performed for the count
of the subpopulations and for the leukocyte count per mL.

3 Results

During the image analysis objects of interest (i.e., leukocytes)
were automatically identified by the CellProfiler software.
The morphological and intensity parameters were quantified
for each identified object. An image with numerical data on
the identified objects was saved on a hard disk for subsequent
identification of the types of cells.

After finding the parameters best capable of predicting the
cell’s origin, values were calculated for a subsequent automated
prediction using the programmed filter as described above.
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Figure 1. Depiction of separating the three subpopulations (monocytes, lymphocytes and neutrophils) using the parameters detected
by feature selection of the software Tanagra. Round objects depict neutrophils, triangles depict monocytes, and square objects depict

monocytes.

J. Morphol. Sci., 2015, vol. 32, no. 2, p. 78-81



80

TOZETTI, P. B., PINTO, F. E., PEREIRA NETO, E. etal.

Figure 1 shows the separation of the subpopulations using
the selected parameters.

After filtering, the results obtained from CellProfiler were
compared to the results obtained from the laboratory. The linear
regression of CellProfiler’s results displayed a strong correlation
to the count differential (r?=0.95) and global count (r?=0.89).

4 Discussion

Many of the studies mentioned above used expensive specific
markers, whereas the present study identified and characterized
cells using parameters of the nuclei rmorphology of the
cells, employing only nonspecific markers (HE). Misselwitz,
Strittmatter, Periaswamy et al. (2010) and Selinummi,
Ruusuvuori, Podolsky et al. (2009) demonstrated the possibility
of identifying and characterizing cells by employing morphometry.
With the development of this method, cytometry is able to
qualitatively and quantitatively analyze leukocyte subtypes
(MISSELWITZ, STRITTMATTER, PERIASWAMY et al.,
2010; CARPENTER, 2009). This study contributes to the
evolution of this technology.

The advantages of using image analysis with nonspecific
markers are obvious: hematologic knowledge of the smallest
animals can be generated, which has not previously been possible
because too much sample volume is required (ALLENDER
and FRY, 2008; KANIA, 2008). Additionally, hematological
knowledge can be generated for many species that lack specific
antibodies (KANIA, 2008).

Decreasing the cost of cellular diagnostics is of great importance
and has been the subject of many studies. Treatments for
viruses such as HIV require a periodic differential blood count.
Since the appearance of HIV, an extensive effort has pushed to
reduce the cost of cellular diagnostics, particularly in countries
such as South Africa (SHAPIRO and PERLMUTTER, 2005).
The methodology described in this study used equipment
and markers found in most research laboratories: HE to stain
the cells, a desktop computer, a digital camera, and a light
microscope. The software for both the image analysis and
statistical processing are free.

The method described in this study is more reliable than
a manual cell count because the analyses can be repeated
and its results can be verified morphologically. Furthermore,
considerably more cells were counted in this study than during
a manual cell count (1,500 cells on average). The manual
cell count is time consuming, tedious, and not reproducible
(MITTAG, LENZ, SMITH et al., 2005). However, DBCC
remains manually performed in most countries (ALI, MOIZ
and OMER, 2010).

The software was programmed to recognize leukocytes but
can also be programmed to recognize any object. The utility
of this design includes the capability to recognize various
characteristics of the cells (i.e., blasts, atypical lymphocytes,
and immature granulocytes), which certain devices do not
detect (BACALL, 2009). The software would also be able
to identify diseases such as acute leukemia, which displays
pathognomonic changes in morphology of the cells (CRAIG
and FOON, 2008).

The proposed method allows the results to be reproduced
at any time, which is not possible when labs still use a manual
count due to the need for analyzing another sample or different
fields counted on the same slide, thereby generating differences

in the results. With images properly stored on a hard drive,
the analysis can be repeated for verification purposes.

A comparison of the results of hematological laboratory
and the Cellprofiler delivers a linear regression of r?=0.95 for
differential count, and r?=0.89 for total count. Demonstrating
a strong correlation between the proposed method and the
usual methods, suggest that this method may be effective in
quantifying leukocytes.

Eosinophils and basophils were excluded from the classification
because not enough cells were detected to train the computer
with their morphology and subsequently classify more cells of
the same type. However, this subject is certainly interesting
and should be further investigated.

The use of an autofocussing camera is highly recommended
because texture features can be quantified. Using texture
features, many additional parameters could be quantified,
potentially increasing the accuracy of the results.

5 Conclusion

We concluded that the cell count method developed in
this study using light microscopy, advanced image analysis,
and nonspecific dye is accurate, reproducible and less tedious
compared to manually counting cells. This method can replace
manual counts in thousands of existing laboratories because it
employs equipment present in these laboratories.
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