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Artificial intelligence-driven
label-free detection of chronic
myeloid leukemia cells using ghost
cytometry
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Early diagnosis and treatment initiation of chronic myeloid leukemia (CML) are considered to increase
the rate of deep molecular response. However, the early diagnosis of CML is challenging due to the
absence of clinical symptoms and peripheral blood test anomaly, especially at the timing of peripheral
white blood cell count is within a normal range. This study explored the possibility of artificial
intelligence (Al)-based quantitative detection of CML cells using ghost cytometry (GC) technology.
We created pre-trained Al models, using the morphological information data of the peripheral blood
leukocytes obtained from patients newly diagnosed with CML and healthy individuals. We applied
these models to peripheral blood samples from CML patients after initiating tyrosine kinase inhibitor
treatment at various time points, which contains smaller amounts of tumor cells. The Al model
accurately detected CML cells and a strong correlation between Al-detected CML cells and actual
BCR::ABL1'S mRNA levels was observed. We concluded that the multidimensional morphological
information of single cells obtained using GC, combined with machine learning algorithms, enables the
quantitative detection of label-free CML cells. Our finding may enable the development of a screening
test that can identify early-stage patients with CML before numerical abnormalities appear in blood
tests.

The Philadelphia chromosome arises from a translocation between chromosomes 9 and 22, leading to the
formation of the BCR::ABLI fusion gene" ABLL is a tyrosine kinase that plays a role in cellular proliferation
signaling. The BCR::ABLI fusion gene results in the constitutive activation of ABL1, thereby driving abnormal
cellular proliferation®*. The BCR::ABLI fusion gene is detected in chronic myeloid leukemia (CML), and is
considered central to CML pathogenesis. This condition is characterized by the monoclonal neoplastic
proliferation of hematopoietic stem cells that retain their ability to mature and is currently the only therapeutic
target>. Although CML progresses from the chronic phase to the advanced phase, tyrosine kinase inhibitors
(TKIs) are the primary treatment option for all disease phases’. However, despite significant improvements in
the prognosis of CML due to TKIs, about half of the patients fail to achieve treatment-free remission (TFR)
because of TKI-resistant BCR::ABLI mutations®’ and residual CML stem cells!®!!. As the long-term use of TKIs
is associated with various adverse events, such as fetal cardiovascular complications, edema, rashes, fatigue, and
pleural effusions'?, it is important to increase the TFR achievement rate. Currently, most patients with CML
are diagnosed when their white blood cell counts significantly increase, indicating a substantial replacement of
normal cells with tumor cells. In addition, factors of the commonly used prognostic scoring systems for CML,
such as splenomegaly, peripheral blood blasts, and platelet count, worsen and increase over time!>!%. Given that
a higher rate of deep molecular response (DMR) has been reported in patients who achieve early molecular
response!>!%, we hypothesized that early diagnosis and treatment intervention would increase the number of
patients achieving DMR and improve TEFR rates.

To achieve early diagnosis of CML, we focused on a ghost cytometry (GC)'”. GC is a recently developed
technology based on a combination of artificial intelligence (AI) and flow cytometry that utilizes micropatterned

1Department of Hematology, Juntendo University Graduate School of Medicine, 3-1-3, Hongo, Bunkyo-ku, Tokyo
113-8421, Japan. 2Technology Innovation, Sysmex Corporation, 4-4-4, Takatsukadai, Nishi-ku, Kobe 651-2271,
Japan. 3Department of Hematology, Saitama Medical University, 38 Moro-Hongo, Moroyama-machi, Iruma-gun,
Saitama 350-0495, Japan. “‘email: ttakaku@saitama-med.ac.jp

Scientific Reports | (2025) 15:21046 | https://doi.org/10.1038/s41598-025-06664-9 nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-06664-9&domain=pdf&date_stamp=2025-6-23

www.nature.com/scientificreports/

illumination to capture temporal waveform signals that reflect subtle structural and morphological changes
in cells'®!®. Notably, this machine learning-based analysis of signals can accurately identify various cell types,
including peripheral blood leukocytes, comparable to surface marker-based classification?’. Furthermore, GC
enables the label-free identification of blast cells in bone marrow samples from acute myeloid leukemia and
acute lymphoblastic leukemia®!. However, it has not yet been reported whether GC can quantitatively detect
leukemia cells from actual clinical specimens.

We previously reported that the BCR::ABLI oncogene played a significant role in promoting mitochondrial
fragmentation by activating dynamin-related protein 1 through the mitogen-activated protein kinase pathway,
which can be a potential biomarker for the early diagnosis of CML using Al-driven GC?. Currently, automated
hematology analyzers are a cost-effective and convenient method for identifying numerical abnormalities?,
raising the suspicion of hematological disease including CML?*. However, they are not suitable for the highly
sensitive and specific detection of CML cells. Measurement of BCR::ABLI'™ mRNA by reverse transcription-
quantitative polymerase chain reaction (RT-qPCR) is essential for detecting a low percentage of CML cells
with high sensitivity?>?° and is crucial for assessing treatment efficacy and monitoring disease progression?”-5.
However, RT-qPCR is not commonly performed as a screening test, particularly in the early stages of CML, due
to the absence of symptoms and normal white blood cell counts. In this study, we aimed to explore Al-based
quantitative label-free detection of CML cells to identify before numerical abnormalities in blood cells appear in
blood tests for early CML diagnosis.

Results

Label-free discrimination between chronic myeloid leukemia and healthy leukocytes using
ghost cytometry

To detect CML cells using GC, we first evaluated the ability of GC to distinguish between CML and healthy
cells (Fig. 1A). Leukocytes measured using GC were classified into white blood cells (WBCs), granulocytes,
and lymphocytes based on the forward-scatter-side-scatter scattergram (Fig. 1B). Using Al, the waveform
signals obtained from the healthy and CML patient cells were classified for each cell population. As a result, the
average discrimination scores (F1 scores) for WBCs, granulocytes, and lymphocytes were 0.79 (0.66-0.88), 0.73
(0.56-0.86), and 0.83 (0.75-0.91), respectively (Fig. 1C, n=8 for all), indicating approximately 80% accuracy in
identifying CML cells from healthy cells.

Quantitative label-free detection using ghost cytometry

Having demonstrated the potential of GC to discriminate between the leukocytes of healthy individuals and
patients with CML, we evaluated the feasibility of label-free quantitative detection using GC. Quantitative
detection involves acquiring waveform signals from the cells of interest beforehand and pre-training the AI
models using these signals. Subsequently, AI models were used to calculate the cell ratios within the samples
using the waveform signals obtained from samples with varying cell composition ratios (Fig. 2A).

Initially, we performed validation using two different cell lines: K562 and UT-7/erythropoietin (EPO) to
verify the feasibility of the concept of quantitative detection using GC. These two cell types were successfully
discriminated with an F1 score of 0.89 (0.85-0.92, n=3) using GC. Next, we calculated the K562 cell ratio
using samples consisting of a mixture of these two cell types at ratios ranging from 10 to 90%. The Al-predicted
K562 cell ratios showed a highly positive correlation (r=0.99) with the actual K562 cell ratios, indicating strong
consistency between the predicted and actual values (Fig. 2B).

Next, we conducted a similar validation using peripheral blood leukocytes obtained from patients with CML
before treatment and from healthy individuals. The F1 scores against healthy donors for WBCs, granulocytes,
and lymphocytes of three different patients were 0.76 (0.68-0.82), 0.76 (0.65-0.85), and 0.76 (0.66-0.83),
respectively, demonstrating high positive correlations with correlation coefficients of r=0.99 (0.98-0.99), 0.98
(0.97-0.99), and 0.86 (0.68-0.96), respectively (Fig. 2C).

Based on these results, the positive correlation between the Al-predicted and the actual ratios of CML cells in
the samples indicated the potential for label-free quantitative detection of CML cells using GC and pre-trained
AL

Model of early-stage chronic myeloid leukemia (CML) patient samples

In daily clinical practice, the ratio of BCR::ABLI-positive cells in peripheral blood at diagnosis is typically over
80%, as determined by fluorescence in situ hybridization analysis. Therefore, if GC can detect small amounts
of CML cells, it could facilitate early screening. Hence, we investigated the feasibility of utilizing samples from
patients with CML who had already initiated TKI treatment and every month of follow-up as a model for early-
stage CML patient samples.

A comparison of blood test results between pre-treatment CML patient samples (n=6) and post-treatment
CML patient samples (n=11) revealed significant improvements in WBC counts, including neutrophils and
basophils, and in immature granulocyte (IG) counts following treatment (p <0.0001 for each). Consequently, the
BCR::ABL1'S values were significantly lower (p < 0.0005), with a median of 55.3% (34.0-70.3%) in post-treatment
samples (Table 1). In automated blood count testing, when specific numerical abnormalities are detected, flagging
is performed to alert healthcare providers. In pre-treatment CML patient samples, the positive flagging was
observed in response to increased peripheral blood WBC counts, including “WBC Abn Scg” (100%), “Neutro+”
(100%), “Lympho+” (100%), “Mono+” (100%), “Eo+” (83.3%), “Baso+” (100%), and “Leuko+” (100%) and
in response to increased immature cells, such as “IG present” (100%), “Bl/Abn Ly?” (100%), “and Left Shift?”
(100%). In contrast, post-treatment CML patient samples exhibited a significant disappearance of this flagging,
including “WBC Abn Scg “(9.1%), “Neutro+” (0%), “Lympho+” (0%), “Mono+” (0%), “Eo+” (9.1%), “Baso+”
(0%), “Leuko+” (0%), “IG present” (9.1%), “Bl/Abn Ly?” (27.3%), and “Left Shift?” (0%) (Fig. 3).

Scientific Reports |

(2025) 15:21046 | https://doi.org/10.1038/s41598-025-06664-9 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Micro-dot pattern
illumination

Obtain waveform signals containing

morphological information of the cells @
‘3 VS.

/ True positive
Recall =

True positive + False negative

True positive

Precision = — —
True positive + False positive

2 * Recall * Precision

F1 score =

Recall + Precision

-é

The discrimination performance of the
two cells using Al is evaluated by F1 score

%
l
:
1

1.00

SSC_Peak

0.90
-WBC 0
0.80
0.70 5
0.60

0.50
0.40

Granulocytes 0.30

F1 score against healthy donor

0.20

-Lymphocytes 0.10

—— 0.00

WBC Granulocytes Lymphocytes
FSC_Peak Y ymphocy

Fig. 1. Discriminations of leukocytes from patient with CML by ghost cytometry (GC). (A) Principle of
the Al-driven GC was illustrated. Waveform signals containing the morphological information of the cells
obtained by GC were analyzed using Al to distinguish two kinds of cells. The classification accuracy was
evaluated by F1 score, harmonic means of precision and recall. (B) Leukocytes obtained from CML patients
and healthy individual were divided into WBCs, granulocytes, and lymphocytes from SSC-FSC scattergram.
(C) The classification accuracy of F1 score between WBC, Granulocytes, and Lymphocytes from CML
patients at diagnosis and those from healthy individual (n=8). CML chronic myeloid leukemia, AT artificial
intelligence, GC ghost cytometry, WBCs white blood cells, SSC side scatter, FSC forward scatter.

Our results indicated that the specimens obtained 1-3 months after the initiation of treatment showed
improvement in the numerical abnormality of peripheral leukocytes and the resolution of abnormal flagging,
despite the persistence of approximately 50% BCR::ABLI-positive cells.

Quantitative label-free detection using ghost cytometry from early-stage CML patient
model samples
The next step involved investigating the potential for label-free CML cell detection using GC from these
specimens. Therefore, we utilized specimens from untreated CML patients for pre-training the AI model (n=6,
average F1 score of 0.84 against healthy control). Subsequently, waveform signals obtained from the leukocytes
of healthy individuals (n=5) and patients with CML during treatment (n=11) were analyzed using a pre-trained
Al model, and the percentage of CML cells within each specimen was calculated (Fig. 4A).

As aresult, a significant prediction of CML cells was achieved in the samples from patients with CML during
treatment, compared with the specimens from healthy individuals, in each fraction of WBCs (p=0.0009),
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Fig. 2. Quantitative label-free detection of CML cells. (A) The experimental method of the quantitative label-
free detection by GC was illustrated. The classification AI model was pre-trained by the waveform signals
obtained from cells using GC. The mixture samples of the two cells were then evaluated by the pre-trained

Al model to predict the ratio of each cell in the sample. (B) The correlation between the Al-predicted K562
ratio and actual mixing ratio (10-90%) of K562 in each sample. Three different experiments were performed
to obtain the training and testing data, respectively. The data were shown in average + SD. The r value was
evaluated by Spearman’s rank correlation coefficient. (C) Quantitative label-free detection of CML patient
leukocytes by GC. Mixture samples of the leukocytes from CML patients and healthy individual (10-90%)
were evaluated by the pretrained AI model to calculate the ratio of CML cells in the samples. Leukocytes were
divided into WBCs, granulocytes, and lymphocytes, and samples from three different patients were evaluated.
F1 score indicates the classification accuracy of the healthy or CML leukocytes. The r value was evaluated by
Spearman’s rank correlation coefficient. CML chronic myeloid leukemia, AT artificial intelligence, GC ghost
cytometry, WBCs white blood cells.
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Untreated CML patients (n=6) | CML patients during treatment (n=11)
Median (1Q-3Q) Median (1Q-3Q) p value
WBC (10%/uL) 1972.9 (1571.9-2628.9) 49.9 (43.7-83.4) 0.000
RBC (10%/uL) 368 (333.5-400.5) 410 (368-468) 0.045
HGB (g/dL) 11.3 (10.5-12.7) 12.6 (11.3-13.8) 0.106
HCT (%) 33.4 (31.4-35.5) 36.5 (34.8-41.8) 0.067
MCV (fL) 93.1 (89.2-95.1) 89.3 (84.7-93.8) 0.325
MCH (pg) 31.4 (30.4-32.6) 30.4 (28.1-30.7) 0.054
MCHC (g/dL) 33.7 (33.2-34.7) 33.3(32.7-34.3) 0.260
PLT (10%/uL) 60.6 (39.3-80.3) 13.4 (10.1-18.6) 0.000
RDW-SD (fL) 55.1 (50.4-57.1) 47.2 (44.3-52.2) 0.042
RDW-CV (%) 16.3 (15.7-16.9) 14.4 (13.2-15.4) 0.024
PDW (fL) 11.2 (10.5-12.1) 11.6 (10.2-12.6) 0.471
MPV (fL) 10.1 (9.7-10.5) 10.6 (9.5-11.9) 0.211
P-LCR (%) 25.3(21.7-28.6) 29.1 (22.8-38.9) 0.206
PCT (%) 0.6 (0.4-0.8) 0.1(0.1-0.2) 0.000
NEUT# (10%/uL) 1631.7 (1274.9-2437.3) 29.1 (21.7-64.3) 0.000
LYMPH# (10%/uL) 97.9 (72.8-123.4) 12.0 (10.3-23.8) 0.000
MONO¥# (10%/uL) 51.1 (29.5-76.9) 1.8 (1.5-4.3) 0.000
EO# (10%/uL) 49.7 (26.7-62.8) 1.6 (0.5-2.7) 0.000
BASO# (10%/uL) 75.6 (58.8-92.8) 0.5(0.3-1.2) 0.000
NEUT% (%) 84.6 (80.6-92.3) 57.7 (50.3-72.8) 0.001
LYMPH% (%) 4.7 (3.3-8.2) 26.5 (16-36.8) 0.001
MONO% (%) 2.3(1.5-4.2) 4.0 (3.4-6.9) 0.089
EO% (%) 2.3(1.5-3.4) 2.3(0.9-5.3) 0.440
BASO% (%) 42 (2.2-54) 1.0 (0.6-1.9) 0.011
IG# (10%/uL) 666.1 (421.4-916.7) 0.3 (0.2-0.6) 0.000
1G% (%) 32.3 (26.7-36.8) 0.4 (0.4-0.7) 0.000
RET% (%) 3.1(2.2-4.5) 1.0 (0.5-1.8) 0.002
RET# (10*/uL) 12.1 (6.6-18.0) 47 (2.5-8.3) 0.008
IRF (%) 25.7 (18.8-35.9) 5.5(3.0-8.1) 0.000
LER (%) 74.4 (64.2-81.2) 94.5 (91.9-97.0) 0.000
MEFR (%) 152 (14.1-16.6) 4.7 (3.0-7.5) 0.000
HEFR (%) 9.1 (4.9-20.5) 0.5 (0.0-0.8) 0.001
RET-He (pg) 28.1(27.5- 28.8) 28.9 (26.3-30.3) 0.628
Treatment duration (month) | 0 (0-0) 1(1-2) 0.000
BCR:ABL'S mRNA (%) 112.5 (90.4-125.4) 55.3 (34.0-70.3) 0.000

Table 1. Blood test results from untreated CML patients and patients during TKI treatment. Significant values
are in [bold].

granulocytes (p=0.0005), and lymphocytes (p=0.01) (Fig. 4B). Furthermore, receiver operating characteristic
(ROC) analysis revealed that GC could discriminate between samples from healthy individuals and patients with
BCR::ABLI-positive cells, with areas under the curve (AUC) of 0.98 (95% confidence interval, 0.93-1), 1 (1-1),
and 0.92 (0.77-1) for WBCs, granulocytes, and lymphocytes, respectively (Fig. 4C). Finally, the correlation
between the Al-predicted CML cell ratio and the values of BCR::ABL1'™S mRNA, which reflect the actual
percentage of CML cells in the sample, was evaluated. The results showed positive correlations with correlation
coefficients (r) of 0.87, 0.84, and 0.68 for WBCs, granulocytes, and lymphocytes, respectively (Fig. 4D). These
findings suggest the potential of GC for detecting CML cells with high sensitivity in a model of early-stage CML.

Ghost cytometry highly identified CD16°% granulocytes

Because the potential for label-free detection of CML cells using GC has been demonstrated, we further
investigated methods to improve the detection accuracy and sensitivity of GC. In previous reports, cluster of
differentiation (CD) 16 expression was decreased in leukocytes from patients with CML?. Therefore, we focused
on the CD16 expression in CML cells. There was a significant increase in cells with lower CD16 expression in
granulocytes (CD16°" granulocytes) from patients with CML compared with those from healthy individuals
(Fig. 5A,B). After sorting each cell population, Wright-Giemsa staining revealed that mature neutrophils were
predominantly observed in higher CD16 expressed (CD16Mih) granulocytes section from healthy individuals
and patients with CML. In contrast, immature neutrophils resembling myelocytes and stab neutrophils were
frequently observed in the CD161°" granulocyte sections from patients with CML (Fig. 5C).
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Fig. 3. Flagging information of automated hematological analyzer XN-450 from untreated CML patients
(Untreated, n=6) and patients during TKI treatment (Treated, n=11). p values were evaluated by Fisher’s exact
test. CML chronic myeloid leukemia, TKI tyrosine kinase inhibitor, WBC Abn Scg white blood cell abnormal
scattergram, Neutro+ increased neutrophil, Lympho+ increased lymphocytes, Mono+ increased monocytes,
Eo+ increased eosinophil, Baso+ increased basophil, Leuko+ increased leukocytes, IG present immature
granulocyte present, Bl/Abn Ly? blast/abnormal lymphocyte.

We hypothesized that focusing on CD16M"% granulocytes in patients with CML would improve the
discriminative performance of GC. We compared CD16M8"LoW granulocytes between patients with CML and
healthy individuals. The F1 score between healthy and CML CD16'¢" granulocytes was 0.67 [0.56-0.83], while
that between healthy CD16M¢" and CML CD16"" granulocytes was 0.95 [0.90-0.98], which was significantly
higher than the former (n=5, p=0.02, Fig. 5D). Furthermore, the F1 score for CD16"°" granulocytes between
healthy individuals and patients with CML was 0.87 [0.78-0.95], showing a higher trend compared with the
comparison between CD16Mi8h granulocytes in healthy individuals and patients with CML (p=0.07, Fig. 5D).

Next, to evaluate label-free detection, we constructed a training model using CD16-labeled cells from
untreated patients and attempted to detect CML cells in label-free samples from patients undergoing treatment.

After pre-training the AI using waveform signals derived from CD16M"% granulocytes from untreated
patients with CML, the percentage of label-free CML cells in patient specimens during treatment (n=11) was
predicted from the granulocyte fraction. In healthy individuals (n =5), the positivity rate of CML cells was < 20%.
However, in CML patient specimens, the positivity rate for CML cells was significantly higher than that in
healthy individuals (p <0.001, Fig. 5E). Additionally, ROC analysis revealed that specimens containing label-
free CML cells could be distinguished with an AUC of 1.00 (1.00-1.00) by using the AI model pre-trained with
CD16" granulocytes derived from patients with CML (Fig. 5F). Furthermore, the Al-predicted CML cell ratio
positively correlated with BCR::ABLI'S mRNA, with a correlation coefficient 0.71 (Fig. 5G).

These results suggest that training Al with CML-specific CD16%°% granulocytes would improve label-free
detection accuracy and sensitivity using GC. These results also indicate that training the model with CML-
specific cell populations may contribute to improved specificity and a reduction in false positives.

Discussion

In this study, we aimed to explore the possibility of label-free detection of CML cells using GC. Similar to our
previous findings??, GC could accurately distinguish CML cells in granulocytes, lymphocytes, and total WBC
fraction. It has been reported that in CML, BCR::ABLI is expressed at the level of hematopoietic stem cells®*-%3,
and that peripheral blood lymphocytes can also be positive for BCR::ABLI**~%. Based on this, we hypothesize
that the GC was able to achieve high classification performance across various cell populations by capturing
subtle morphological changes induced by BCR::ABLI expression. The F1 scores of the analysis between healthy
and CML patient cells were approximately 0.80. This implies that the accuracy of AI detection is approximately
80%, indicating the minimum detection sensitivity of CML cells using GC may be approximately 20%. In clinical
practice, nearly all peripheral blood leukocytes at the time of CML diagnosis are replaced by BCR::ABLI-positive
cells with increasing peripheral white blood cell count. In pre-treated CML patient specimens used in this study,
BCR:ABLI'S mRNA was at a median of 112.5%, suggesting that almost all cells were replaced by CML cells at
diagnosis. From this, we hypothesized that GC could identify CML cells even if the ratio was approximately
30-70%, which potentially enables earlier diagnosis.
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To achieve an early diagnosis of CML using GC, it is necessary to verify whether CML cells can be detected in
cases where the disease is still in its early stages, and CML cells have not yet proliferated significantly. However,
identifying patients suitable for this testing is challenging because patients with early-stage CML often do not
visit the hospital due to the absence of symptoms and normal peripheral white blood cell count. Therefore, we
considered using patient samples collected a few months after treatment initiation as they contained a smaller
number of CML cells. We considered that the residual BCR::ABLI™ mRNA reflects the proportion of remaining
CML cells, and that it mimics samples from early-stage CML patients whose blood test values are within the
normal range. As results of detecting CML cells from these samples using GC, we achieved a higher detection
rate of CML cells in patient samples during treatment compared to those from healthy individuals. Furthermore,
the strong positive correlation between the F1 score of CML cell detection by GC and BCR::ABLI'S was observed.
Since BCR::ABL1 mRNA levels are considered the gold standard for evaluating treatment response in CML, we
believe that correlation with mRNA levels serves as the most clinically relevant indicator for reflecting treatment
response and disease progression. Therefore, our study demonstrates that the detection of CML cells using GC
may enable the identification of CML in its early stages.

The quality of the training data in machine learning model is considered crucial when utilizing AI¥”. A
more accurate Al model can be created by training the AI model using samples with a high discriminative
performance against healthy cells. In this study, it was revealed that the low expression of CD16 in granulocytes
was one of the specific features of CML, and training Al using these CD16°" granulocytes resulted in a high
F1 score and achieved sensitive detection. Thus, by optimizing the types and characteristics of cells used for Al
training, it may be possible to achieve higher sensitivity and detect specific population of the cells.

When the peripheral blood CML cell rate exceeds approximately 80%, the detection of numerical
abnormalities using an automated hematology analyzer is effective??*, BCR::ABLI'™S mRNA detection using RT-
qPCR remains the standard method for assessing treatment efficacy and monitoring due to its high sensitivity
of 10-0.001%%. In contrast, introducing a cost-effective and convenient method, such as GC which can detect
CML cells in label free manner, may open new possibilities especially for screening and early diagnosis of CML
(Fig. 6). Incorporating this screening technology into routine health check-ups may enable the diagnosis of
early-stage patients with CML, which is currently highly challenging.

To the best of our knowledge, this is the first study to demonstrate the potential of GC for the quantitative
detection of low levels of tumor cells from actual patients specimens using pre-trained AI based on subtle
morphological features. Although this study focused exclusively on CML, there is potential to achieve screening
tests for various blood disorders by training the model with data obtained from patients with other hematological
diseases. Further studies are anticipated to confirm these hypotheses.

This study has several limitations. First, post-treatment samples were used to simulate early-stage CML,
however, these samples may differ biologically from actual untreated patients in early-stage CML. The validation
with untreated early-stage cases may be required in future study. Second, the number of samples used in this study
may be insufficient for robust statistical power. Future studies with larger cohorts are warranted to validate the
findings and facilitate clinical implementation. Third, the BCR::ABLI mRNA levels and Al detections are shown
to correlate in each cell, but there appears to be a variation. Although the BCR::ABL1 mRNA level is expected
to correlate to some extent with the proportion of CML cells, they do not always correspond precisely. This
variation may be partly due to the current Al model’s insufficient ability to fully detect all CML cells, suggesting
that further training is needed to improve its performance. Moreover, incorporating more representative CML
cell populations into AI model training may reduce false positives in healthy cells, highlighting the need for
further investigation in future studies.

In conclusion, we demonstrated that the multidimensional morphological information of single cells obtained
through GC technology, combined with machine learning algorithms, enables the quantitative detection of CML
cells in a label free manner. By applying this cost-effective and convenient technology, it may be possible to
develop a screening test that can identify early-stage CML patients before numerical abnormalities appear in
blood tests, which may potentially contribute to improving the rates of DMR and following TFR achievement
rate through early diagnosis and treatment initiation.

Methods

Clinical samples

Blood samples were obtained from 21 patients with CML at diagnosis, 11 patients with CML under TKI
treatment for 1-3 months, and five healthy volunteers. This study was approved by the Ethics Committee of
Juntendo University School of Medicine (M12-0895-M01) and Sysmex Corporation (2021-068) and adhered to
the Declaration of Helsinki. Patients provided informed consent by accessing the study information published on
the website and were free to withdraw their consent at any point during the study, as per the Ethical Guidelines
for Medical and Health Research Involving Human Subjects. The ethics committee waived the requirement for
written informed consent. Clinical information and data pertaining to clinical tests, including the international
scale (IS) of BCR::ABLI mRNA, were retrieved from medical records.

Cell culture

CML-derived K562 cells were cultured in Roswell Park Memorial Institute 1640 medium (Nacalai Tesque,
Tokyo, Japan) containing 10% heat-inactivated fetal bovine serum (FBS; Nichirei, Tokyo, Japan) and penicillin-
streptomycin (100 U/mL; Nacalai Tesque). The cells were incubated in a humidified incubator at 37 °C under
5% CO,. Acute myeloid leukemia M7-derived UT-7/EPO cells*® were cultured in Iscove’s modified Dulbecco’s
medium (Nacalai Tesque) containing 10% FBS, 100 U/mL penicillin-streptomycin, and 10 ng/mL recombinant
human EPO (Peprotech, Cranbury, NJ, USA) in a humidified incubator maintained at 37 °C under 5% CO,
conditions.
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Blood count data were obtained using an automated hematology analyzer XN-450 (Sysmex, Kobe, Japan).
Obtained information is follows: “WBC,” white blood cell; “RBC,” red blood cell; “HGB;” hemoglobin; “HCT,”
hematocrit; “MCV,” mean corpuscular volume; “MCH,” mean corpuscular hemoglobin; “MCHC,” mean
corpuscular hemoglobin concentration; “PLT,” platelet; “RDW-SD;” standard deviation of red cell distribution
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«Fig. 4. Quantitative label-free detection of CML cells from patients during the TKI treatments. (A) The
experimental method of quantitative label-free detection of CML cells from patients during the TKI treatments
was illustrated. The classification AI model was pre-trained by the waveform signals obtained from leukocytes
from CML patients at diagnosis and those from healthy individual. Leukocyte samples from CML patients
during the TKI treatment and those from healthy individuals were then evaluated using the pre-trained AI
model to calculate the ratio of CML cells in the sample. BCR::ABLI™ mRNA expressions was used as an
indicator of remaining CML cell ratio in the samples. (B) Ratios of Al-predicted CML cells in the testing
samples. Leukocytes in the samples were divided into WBCs, granulocytes, and lymphocytes from SSC-FSC
scattergram, and the ratio of CML cells were calculated using the pre-trained AI model. CML patients at
diagnosis for Al training, n =6; healthy individual for testing (HC), n=5; CML patients during the treatment
for testing (CML), n=11; p value by Mann-Whitney U test. (C) Diagnostic performance of CML cell
detection by GC was evaluated by ROC analysis of HC and CML by the ratio of Al-predicted CML cells. The
results were divided into WBC, granulocytes, and lymphocytes divided from SSC-FSC scattergram. (D) The
correlation between Al-predicted CML cells and BCR::ABLI'S mRNA expressions. The r value was evaluated
by Spearman’s rank correlation coeflicient. CML chronic myeloid leukemia, TKI tyrosine kinase inhibitor, AI
artificial intelligence, GC ghost cytometry, WBCs white blood cells, SSC side scatter, FSC forward scatter.

width; “RDW-CV;’ coeflicient of variation of red cell distribution width; “PDW;,” platelet distribution width;
“P-LCR,” platelet large cell ratio; “PCT, plateletcrit; “NEUT,” neutrophil; “LYMPH,” lymphocyte; “MONO;”
monocytes; “EO; eosinophil; “BASO,” basophil; “IG,” immature granulocyte; “RET; reticulocyte; “IRE’
immature reticulocyte fraction; “LFR,” low-fluorescence reticulocyte; “MFR,” middle-fluorescence reticulocyte;
“HFR,” high-fluorescence reticulocyte; and “RET-He,” reticulocyte hemoglobin equivalent. Obtained flagging
information is follows: “WBC Abn Scg,” white blood cell abnormal scattergram; “Neutro+,” neutrophil increase;
“Lympho+,” lymphocyte increase; “Mono+,” monocyte increase; “Eo+,” eosinophil increase; “Baso+,” basophil
increase; “Leuko+,” leukocyte increase; “IG present,” immature granulocyte present; “Bl/Abn Ly?.” suspicion of
blast or abnormal lymphocyte; and “Left Shift?,” suspicion of left shift.

Artificial intelligence-driven flow cytometry analysis using ghost cytometry technology
Al-based flow cytometric analysis was performed using a prototype device developed by Sysmex Corporation
(Hyogo, Japan) based on GC technology!”.

To collect WBCs from whole blood samples, red blood cells were lysed in five times the amount of red blood
cell lysis solution (Qiagen, Hilden, Germany), followed by 15 min incubation at room temperature (24 °C). For
GC analysis, one of the two cell groups selected for comparison was labeled, combined, and subjected to analysis
using machine learning-integrated GC. Specifically, 1.0 x 10° cells from healthy individuals were incubated at
room temperature for 20 min with PC7-labeled anti-CD45 antibody (Clone: ]33, Beckman Coulter, Brea, CA,
USA) and Alexa Fluor® 488-labeled anti-CD16 antibody (Clone: 3G8, BioLegend, San Diego, CA, USA). The
same number of cells from patients with CML were labeled with the same anti-CD16 antibody. These two cell
types were mixed and analyzed by GC to obtain waveform signals containing morphological information. The
cells were categorized based on their forward scatter (FSC) and side scatter (SSC) scattergrams; SSC-low/FSC-
low cells were defined as lymphocytes, and SSC-high/FSC-high cells were defined as granulocytes. We used the
PC7-labeled CD45 signal as the ground-truth label to distinguish between the two cell types. Machine learning
algorithms, such as convolutional neural networks and light gradient boosting machines, were used to train
and classify the waveform signals corresponding to each cell type. The cell discrimination performance was
evaluated using the F1 score. The F1 score was calculated as the harmonic mean of the precision and recall.
Precision is the ratio of true positives to the sum of true positives and false positives, whereas recall is the ratio
of true positives to the sum of true positives and false negatives. The F1 score ranged from 0 to 1, where higher
values indicated better discriminative ability between the two cell groups.

In the cell line experiments, one of the two selected cell groups for comparison was stained with MitoTracker
Deep Red (10 nM; Thermo Fisher Scientific) as the ground-truth label for 30 min at 37 °C in a humidified
incubator, followed by the same experiment described above.

For Al-based cell prediction, machine learning models were pre-trained, as described. The waveform signals
were then obtained from the samples for detection without labeling, followed by prediction using the pre-trained
AT model. The model classifies the measured waveform signals of cells into one of the two cell types used for
pre-training. This allowed the calculation of the cell ratio within the sample.

The data related to the flow cytometry measurements obtained in this study were analyzed using the FlowJo
software (version 10.8.1, Becton Dickinson, Franklin Lakes, NJ, USA).

Cell sorting

Leukocytes were stained with Alexa Fluor® 488-labeled anti-CD16 antibody (Clone: 3G8, BioLegend), and
granulocytes gated from FSC-SSC scattergram were divided into CD16 low and high granulocytes, followed by
cell sorting using FACSAria (Becton Dickinson, Franklin Lakes, NJ, USA).

Wright-Giemsa staining

The cells were immobilized on glass slides using Cytospin (Sakura Finetek, Tokyo, Japan), followed by staining
with Wright’s solution (Muto Pure Chemicals, Tokyo, Japan) containing 50% methanol (Nacalai Tesque) for
5 min. Subsequently, the cells were washed and stained with Giemsa solution (Muto Pure Chemicals) for 20 min.
The cells were washed, dried, and observed under a microscope (ECLIPSE TE300; Nikon, Tokyo, Japan).
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Statistical analyses

For statistical analyses, the Mann-Whitney U test was used to compare differences between two experimental
groups, and the Steel-Dwass test was used to compare differences among more than three experimental groups.
Fisher’s exact test was used to compare differences in proportions between the two experimental groups. All
statistical tests were two-tailed, and statistical significance was set at p<0.05. Spearman’s rank correlation
coefficient was used to evaluate the correlation between two factors. ROC analysis was used to evaluate diagnostic
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performance. Statistical analyses were performed using EZR, which is based on R and R commander™®.
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«Fig. 5. CML cell detection using pre-trained Al model by CD16" granulocytes. (A) Flow cytometric

analysis of CD16 expression in CML patients and healthy individual. Peripheral leukocytes were divided

into granulocytes from FSC-SSC scattergram, then CD16 expression were evaluated. (B) Percentages of
CD16Mi8hLow granulocytes from CML patients (n=9) and healthy individual (n=9). p value by the Mann-
Whitney U test. (C) Wright-Giemsa staining of CD16"i8hLoW granulocytes from CML patients and healthy
individual. (D) The classification accuracy of F1 score between CD16M€"20 granulocytes from CML patients
or healthy individual (n=5). (E) Ratios of Al-predicted CML cells in the testing samples. Leukocytes in the
samples were divided into granulocytes from SSC-FSC scattergram, and the ratio of CML cells were calculated
using the pre-trained AI model. CML patients at diagnosis for Al training, n = 6; healthy individual for
testing (HC), n=5; CML patients during the treatment for testing (CML), n=11; p value by the Steel-Dwass
test. (F) Diagnostic performance of CML cell detection by GC was evaluated by ROC analysis. (G) The
correlation between Al-predicted CML cells and BCR::ABLI'S mRNA expressions. The r value was evaluated
by Spearman’s rank correlation coefficient. CML chronic myeloid leukemia, AT artificial intelligence, GC ghost
cytometry, WBCs white blood cells, SSC side scatter, FSC forward scatter.
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Fig. 6. Overview diagram of CML cell screening using GC. During the diagnosis of CML, numerical
abnormalities are detected through blood tests, with BCR::ABLI'S mRNA being close to almost 100%. On the
other hand, RT-qPCR is useful for evaluating treatment efficacy and disease progression, but it is not suitable
as a screening test. GC, however, is a convenient method that can detect CML cells from samples that do not
show numerical abnormalities in blood tests. Therefore, it may be possible to utilize GC for early diagnosis
through screening of CML. CML chronic myeloid leukemia, GC ghost cytometry.
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