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Robust Detection of Chronic Lymphocytic Leukemia
with Support Vector Machines and Flow Cytometry
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Abstract

Aim: Our aim is to build a precise automatic tool for the diagnosis of CLL with the help of machine learning
algorithms and flow cytometry immunophenotypic data.

Methods: We run experiments with two machine learning methods. First one is decision tree which was previously
used in other similar works and second one is support vector machines which is considered to be a more robust
classification method.

Results: Among the 40 CLL patients from the test set, the model correctly predicts 38 of them and among the 20
other B-CLPD patients, the model predicts 18 of them correctly. Its sensitivity, which is the fraction of true positive
predictions among all positive samples, is 95% (38/40).

Conclusion: The model achieves very high accuracies on our leave out test set. This model can be a useful tool

for automatic CLL diagnosis.
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Chronic lymphocytic leukemia (CLL) is one of the most common

types of adult leukemia in Western countries. It occurs more dur-
ing or after middle age compared to childhood? 2. Its diagnosis is
based on parameters from blood counts, differential counts, a
blood smear, and immunophenotyping?.
Flow cytometry is used to assist the diagnosis and monitoring of
malignant hematopoietic myeloid and lymphoid tumors. Further-
more, they are the most informative tests to confirm a diagnosis of
CLL. In the diagnosis of CLL, CD5, CD19, CD20, CD23, and surface
or cytoplasmic kappa and lambda light chains are regarded as es-
sential markers. However, there are difficulties in differentiating
the CLL diagnosis from the other B-cell chronic lymphoprolifera-
tive disorders (B-CLPD), because those markers can be seen in
other B-CLPD as well3. For example, the CD5 expression can also
be seen in other lymphoid malignancies, such
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as mantle cell lymphoma and the expression of CD23 can be observed
in marginal zone lymphoma. In other words, those markers are not
specific to CLL. Because of that, other markers, CD10, CD43, CD79b,
CD81, FMC7 and CD200 can be useful in discriminating the CLL diag-
nosis from the other B-CLPD3. Scoring systems are also available to
differentiate the CLL from the other B-CLPD and the most frequently
used one is Matutes score*. The Matutes score system looks at the
positivity of CD23 and CD5 and the absence or poor presence of
CD79b (or CD22), FMC7 and Smlg. It converts those observations to
a 0-5 numerical score. If the score ends up greater than 3, the subject
is classified as a CLL patient 4. However, this scoring system does not
perfectly differentiate diagnosis between CLL and other B-CLPD [3].
B-CLPD neoplasms are challenging to diagnose due to their overlap-
ping clinical features as mentioned before3. Machine learning algo-
rithms have become useful tools in classification tasks. They learn
from data and remove the need for hand-designed heuristics. As they
find applications in many domains, healthcare providers also recog-
nize their capabilities and use medical clinical decision algorithms
based on a set of decision rules to improve diagnosis with reduced
costs. A machine learning approach to differentiate the CLL diagnosis
from the other B-CLPD may reduce the cost, speed-up the diagnosis,
and may even improve the accuracy of the correct diagnosis. Previous
studies propose a decision tree in differential diagnosis of lym-
phoproliferative diseases®.

In this study, we aim to develop an easy, precise, automatic tool
for the diagnosis of CLL with the help of machine learning methods
learned from flow cytometry immunophenotypic data.
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The data of patients diagnosed with B lymphoproliferative dis-
ease between 2020-2023 were retrospectively analyzed. A total of
152 patients' data were analyzed. Among the analyzed patients,
108 patients were diagnosed with CLL and 44 patients with other
B-CLPD. Among the patients diagnosed with other B-CLPD, 18 pa-
tients were diagnosed with mantle cell lymphoma, 14 patients
with marginal zone lymphoma, 4 patients with splenic marginal
zone lymphoma, 5 patients with hairy cell lymphoma, 2 patients
with follicular lymphoma, and one patient with burkitt lymphoma.

The diagnosis of B-CLPD was made according to the most recent
revision of the WHO classification of lymphoid neoplasms, re-
leased in 2022, based on clinical data and morphological, immuno-
phenotypic, and genetic criteria“.

Peripheral blood samples were taken into tubes containing
EDTA. Samples were prepared and analyzed with a flow cytometer
immediately after collection. Then, immunophenotypic analysis
was performed using monoclonal antibodies; CD19, CD5, CD23,
CD81, FMC7, CD22, CD43, CD103, CD11c, CD123, HLA-DR, CD10,
CD38, CD25,CD200, CD79b and CD20.

We run experiments with two machine learning methods. First
one is decision tree which was previously used in other similar
works®é and second one is support vector machines which is con-
sidered to be a robust classification method. Decision tree algo-
rithm considers each attribute of the data to pick the best one that
will result in branched out nodes with the most purity. We use the
Gini index to measure the purity of the nodes. If a node is pure, that
means all samples that fall into that node share the same class.
They are considered unstable classifiers as new samples in the
training set may cause the structure of the decision tree to change
drastically.

On the other hand, support vector machines find a decision
boundary between the positive and negative classes with the larg-
est margin. Since the margin between the negative and positive
samples are maximized, they are considered to be more stable and
robust.

We use CLL as our positive class and other B-CLPD as our nega-
tive class for both of these methods and learn a model for this bi-
nary classification problem. Our dataset as mentioned in the Study
Groups section includes 108 CLL patients and 44 other B-CLPD pa-
tients. We use 40 patients from CLL group and 20 other B-CLPD
patients for our test set in which we evaluate our models. The rest
of the data is used for the training. For each of these data points,
we consider the 17 immunophenotypic attributes mentioned in
the Flow Cytometry subsection.

For the decision tree and support vector machine algorithms, we
use Scientific computing tools (version 1.2.3, SciPy.org) for Python
(version 2.7.16, Python.org).

In this section, we report our prediction results of the decision
tree and support vector machine models. Firstly, the decision tree
method serves as a baseline. [t achieves 93.3% accuracy on the test
set. Its confusion matrix is shown in Table 1. Among the 40 CLL
patients from the test set, the model correctly predicts 38 of them
and among the 20 other B-CLPD patients, the model predicts 18 of
them correctly. Its sensitivity, which is the fraction of true positive
predictions among all positive samples, is 95% (38/40). Its speci-
ficity, which is the fraction of true negative predictions among all
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negative samples, is 90% (18/20).

Next, we evaluate the support vector machine model which is con-
sidered to be a more powerful and robust method. It achieves 98.3%
accuracy. Table 2 shows the confusion matrix of the model. The sup-
port vector machine model classifies all 20 other B-CLPD patients
correctly and among the CLL patients the model correctly predicts 39
out of the 40 patients. The sensitivity of this model is 100% (39/39)
and specificity is 95.23% (20/21).

Note that both models perfectly classify the training data they learn
from as shown in Table 1 and 2.

Confusion matrix of decision tree method on the training and test set.

Train Dataset Test Dataset

Ground Truth Ground Truth
CLL Other B-CLPD CLL Other B-CLPD
CLL 68 0 38 2
Predictions
Other
0 24 2 18
B-CLPD

Chronic lymphocytic leukemia (CLL), Other B-cell chronic lymphoproliferative disorders (B-
CLPD).

Confusion matrix of support vector machine method on the training
and test set

Train Dataset Test Dataset
Ground Truth Ground Truth
Other Other
C CLL
B-CLPD B-CLPD
CLL 68 0 39 0
Predictions
Other
24 1 20
B-CLPD

Chronic lymphocytic leukemia (CLL), Other B-cell chronic lymphoproliferative disorders (B-
CLPD).
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Flow cytometry tests are very important diagnostic tools in B-
CLPD, especially in CLL3. The Matutes score that was mentioned in
the introduction has been used for more than 20 years*. However,
detecting CLL is not a solved task due to the ambiguous immuno-
phenotypes’. To overcome this challenge Vergnolle et al5 has de-
veloped a decision tree that enables the differentiation of CLL from
non-CLL cases. Ozdemir et. al.8 also created a similar decision tree
with sensitivity of 97.78% and specificity of 93.33%. We also seta
decision tree model which achieved sensitivity of 95% and speci-
ficity of 90%. The results may differ because different datasets are
used but these results serve as a baseline for our comparison. The
support vector machine from our experiments has sensitivity of
100% and specificity of 95.23% and achieves better results than
the decision tree baseline.

Decision tree models are interpretable. They are easily built and
computationally efficient. However, they are simple models and
considered to be not stable. In this work, we show that with sup-
port vector machine models, better results can be obtained. Those
results show that automatic tools can be considered for the diag-
nosis of CLL.

Interpreting flow cytometry tests is a difficult task that requires
experts in the field. Performing these tests by unauthorized per-
sons may result in misdiagnoses and incorrect or unnecessary
drug use. With these newly developed methods, it is aimed to pre-
vent such errors.

In this study, we collect a dataset to learn a classification model
of CLL and other B-CLPD classes using immunophenotyping with
flow cytometry. We train a machine learning model specifically a
Support Vector Machine which is a robust classification method.
The model achieves very high accuracies on our leave out test set
which shows that it can be a useful tool for automatic CLL diagno-
sis.
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