
RESULTS
ü A total of 116 TB and 108 nTB samples (non-blinded) were

collected and analyzed for this study (Table 1).
ü Fifteen different cell surface markers were used to define 9

different cell populations in whole blood and PBMCs (Table 2).
MDSCs are the primary populations of interest.

ü For training the neural network, a total of 55 TB and 55 nTB
samples were used.

ü For the naïve testing set, 61 TB and 53 nTB samples were
used achieving a sensitivity of 85.25% and a specificity of
92.45% (Table 3).

ü ROC analysis demonstrates high sensitivity and specificity for
NN analysis of the naïve sample set (AUROC = 0.8964) when
compared to manual gating with a fixed specificity of 75% (All
MDSCs AUROC = 0.6292; All MDSCs + LOX-1 AUROC =
0.6269) (Figure 1).

ü Figure 2 displays the calculated score in the naïve testing set
for each patient as determined by the neural network. For
values greater than a score of zero, a call of nTB is made
(green bars). For values less than a score of zero, a call of TB
is made (blue bars). The red bars indicate subjects for which
the NN made an incorrect call.

BACKGROUND
vMyeloid-derived suppressor cells (MDSCs) are key contributors in supporting tumor progression

and tumor escape through their ability to suppress anti-tumor responses mediated through T cell
and natural killer (NK) cell activity.

vSeveral studies have demonstrated their utility as indicators of tumor progression and possible
predictors of clinical outcomes, but there is significant overlap with healthy individuals preventing
accurate calls to be made.1

vThe use of artificial intelligence (AI) has gained wider acceptance in the field of medicine as a
valuable tool for processing large amounts of high-dimensional data thus spurring tremendous
growth within the field of computational flow cytometry.
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Population Surface Markers
eMDSC Lineage-HLA-DR-CD33+

PMN-MDSC CD14-CD11b+CD33+CD15+SSCHi

M-MDSC CD14+HLA-DR-/lo

CD4+ T Cell CD3+CD4+

CD8+ T Cell CD3+CD8+

B Cell CD3-SSCloCD19+

NK Cell CD3-SSCloCD56+

PMN CD14-CD15+

Monocyte CD14+CD15-

LOX-1+PMN2 CD14-CD15+LOX-1+
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HYPOTHESIS
By analyzing flow cytometry data using an artificial neural network (NN), we can objectively
distinguish between tumor bearing (TB) and non-tumor bearing (nTB) individuals by
immunophenotyping MDSCs and other leukocytes with higher sensitivity and specificity than
manual gating.

No. of TB No. of nTB
Sex
Male (%) 44 (38) 65 (60)
Female (%) 72 (62) 43 (40)

Median Age (Range) 61 (34-82) 53 (22-72)
Clinical Stage
Stage I/Stage II 39
Stage III/Stage IV 17
Pending 60

Cancer Site
Breast 63
Prostate 36
Other 17

Treatment Naïve 108

METHODS
Briefly, all samples collected on this study were IRB approved and were collected with informed consent in a non-blinded
manner. Peripheral blood was processed within 36 hours of collection followed by PBMC isolation using standard methods.
MDSC and lymphocyte tests used both PBMCs and whole blood and were analyzed on a BD LSRII flow cytometer and
manually gated for comparison (2a). The NN is “trained” by inputting known classes of samples in a training set and
repeatedly having its determination of the sample classification corrected (2b). Over thousands of training cycles, the NN
makes small self-corrections that bring its output closer to the correct value. A total of 500 different neural networks were
created with each undergoing their own training cycles. Inputs are the numerical event counts in each multidimensional
voxel created from the flow cytometer FCS file (either fluorescent or scatter intensity values). This calculation is continued
until it generates one of two outputs: tumor bearing (TB) or non-tumor bearing (nTB). Then a naïve sample set is used to
evaluate the network performance (3).

CONCLUSIONS
Ø Through its ability to evaluate numerous

complex relationships simultaneously, we
believe that our artificial intelligence (AI)
software is better at classifying tumor
bearing (TB) and non-tumor bearing (nTB)
individuals than current methods used by
physicians and scientists.

Ø This is also the first application of flow
cytometry event data to be used to directly
train a neural network (NN) and evaluate
for the presence of a malignancy.

Ø The performance is expected to improve
as sample number increases allowing for
the NN to become more robust and
continue to outperform manual gating.

Ø We believe that our AI could be used for
other types of binary classifications, such
as predicting patient responses to
immunotherapies and/or monitoring for the
recurrence of tumors.

Table 1. Demographics of tumor bearing 
and non-tumor bearing individuals
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Table 2. Cell surface markers used for 
immunophenotyping

Table 3. Performance evaluation of the neural 
network (NN)

Figure 1. Receiver operating characteristic (ROC) curve 
of NN analysis vs manual MDSC gating

Figure 2. Score after NN testing for each  subject in 
naïve testing set

Predicted
Naïve Testing All Samples

n = 114 n = 224
TB nTB TB nTB

M
easured

TB 52 9 104 12
nTB 4 49 8 100

Sens. (%) 85.25 89.66
Spec. (%) 92.45 92.59
Acc. (%) 88.6 91.07
PPV (%) 92.86 92.86
NPV (%) 84.48 89.29
AUROC
(95% CI)

0.8964
(0.8355 to 0.9572)

0.9282
(0.8924 to 0.9639)

METHODS Continued

Naïve Sample Testing
Test samples using trained neural networks to make prediction

Neural Network Training (“Learning”)
Automatically learn the best way to distinguish between samples

Sample Collection, Processing, and Data Acquisition
Tumor bearing (TB) and Non-tumor bearing (nTB) samples are collected and immunophenotyped using flow cytometry

Standard Gating Analysis for Comparison
Manual gating analysis to quantify cell populations of interest

Label PBMCs and whole blood with 
fluorescent antibody conjugates

Isolate PBMCs using density 
gradient centrifugation

Acquire events on 
flow cytometer

Draw blood 
from subject
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