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Abstract
Lung cancer is the leading cause of cancer death worldwide. Survival is largely dependent on the stage of diagnosis: the 
localized disease has a 5-year survival greater than 55%, whereas, for spread tumors, this rate is only 4%. Therefore, the early 
detection of lung cancer is key for improving prognosis. In this study, we present an innovative, non-invasive, cancer detection 
approach based on measurements of the metabolic activity profiles of immune system cells. For each Liquid ImmunoBiopsy 
test, a 384 multi-well plate is loaded with freshly separated PBMCs, and each well contains 1 of the 16 selected stimulants 
in several increasing concentrations. The extracellular acidity is measured in both air-open and hermetically-sealed states, 
using a commercial fluorescence plate reader, for approximately 1.5 h. Both states enable the measurement of real-time 
accumulation of ‘soluble’ versus ‘volatile’ metabolic products, thereby differentiating between oxidative phosphorylation and 
aerobic glycolysis. The metabolic activity profiles are analyzed for cancer diagnosis by machine-learning tools. We present 
a diagnostic accuracy study, using a multivariable prediction model to differentiate between lung cancer and control blood 
samples. The model was developed and tested using a cohort of 200 subjects (100 lung cancer and 100 control subjects), 
yielding 91% sensitivity and 80% specificity in a 20-fold cross-validation. Our results clearly indicate that the proposed clini-
cal model is suitable for non-invasive early lung cancer diagnosis, and is indifferent to lung cancer stage and histological type.
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Abbreviations
AUC​	� Area under the curve
COPD	� Chronic obstructive pulmonary disease
CV	� Cross-validation
LDCT	� Low-dose computed tomography
MAP	� Metabolic activity profile
OXPHOS	� Oxidative phosphorylation

ROC	� Receiver-operating characteristic
SCLC	� Small cell lung cancer
SVM	� Support vector machine
USPSTF	� US Preventive Services Task Force

Introduction

Lung cancer is the third most common cancer diagnosed, 
but has a higher mortality rate than breast, prostate, and 
colon cancer combined [1]. Furthermore, since more than 
half of patients are diagnosed with locally advanced or 
metastatic disease, and despite advances in treatment, the 
long-term survival from lung cancer currently remains low 
[2]. Therefore, significant efforts are being made to make 
screening and early diagnosis of lung cancer possible, to 
allow the early treatment and to improve survival [3]. The 
current recommended method for lung cancer screening and 
early diagnosis by the US Preventive Services Task Force 
(USPSTF) is chest low-dose computed tomography (LDCT) 
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in a high-risk population. This recommendation was based 
on The National Lung Screening Trial (NLST), which dem-
onstrated that scanning with LDCT led to a 20% reduction 
in mortality rate in this high-risk population [4]. However, 
LDCT screening has many limitations, including radiation 
exposure, high false positive rates, and overdiagnosis [5, 
6]. In addition, the target population of the USPSTF’s rec-
ommendation represents only about 11% of the 94 million 
former and current smokers in the US [7]. These recom-
mendations also do not take into consideration other high-
risk populations, such as patients with chronic obstructive 
pulmonary disease (COPD), of which about 2.2% develop 
lung cancer per year [8]. Indeed, there is an urgent need for 
other non-invasive diagnostic methods, or biomarkers with 
high accuracy, which might promote the earlier detection of 
lung cancer, resulting in more efficacious therapeutic inter-
ventions, and a higher likelihood of cure.

Liquid biopsy is a new strategy for the non-invasive 
detection of cancer using body fluids, mainly blood sam-
ples [9–13]. Several studies include a quantitative analysis 
to investigate the role of circulating cell-free tumor DNA, 
or non-coding RNA, in lung cancer diagnosis [14]. Some 
methods utilize machine learning to assist the diagnostic 
process, training a classifier on the covariates obtained 
from liquid biopsy [15–17]. Many challenges remain in this 
approach, including low frequency of secreted tumor compo-
nents in blood, their short half-life, cell/DNA fragmentation, 
high variation in tumor cell mutation, and the incapability 
to determine tumor origin [18, 19]. Importantly, the cur-
rent methods detect malignancies mostly in their advanced 
stages, in which treatment is considerably less effective [18, 
20]. In contrast, the liquid immunobiopsy diagnostic plat-
form presented in this study enables a ‘functional’ test that 
determines the different metabolic activity profiles (MAPs) 
of PBMCs in response to various antigenic and mitogenic 
stimulants, which enables us to detect lung cancer at its early 
stages.

Cancer cells, in contrast to normal differentiated cells, 
primarily rely on aerobic glycolysis (glycolysis in the pres-
ence of oxygen), rather than on mitochondrial oxidative 
phosphorylation (OXPHOS), a phenomenon discovered 
almost a century ago and termed “the Warburg effect” 
[21–23]. About 60 years later, a similar paradigm was also 
found in the immune system. While resting, naive T cells 
utilize mostly OXPHOS processes for cell maintenance, acti-
vated T cells (effector T cells) undergo a metabolic switch 
from OXPHOS to aerobic glycolysis, characterized by over-
expression of glucose transporters [24–27]. This metabolic 
switch is essential not only for proliferation of activated T 
cells, but also for proper acquisition of effector functions 
[28]. A similar switch from respiration to aerobic glycolysis 
was observed in both monocytes and B cells during activa-
tion, characterized by decreased oxygen consumption [29, 

30]. One important finding was that the metabolism of T 
cells directly influences the expression of PD-1, a negative 
regulator of T cell function [28]. Moreover, T cell metabo-
lism has a significant implication in immunotherapy, which 
relies on metabolic profile modification to improve effec-
tor function. For example, T cells that receive signals via 
T cell-inhibitory receptor PD-1 undergo diminished glyco-
lysis and enhanced fatty acid β-oxidation, which dampens 
their effector function while promoting longevity [31]. The 
previous studies have shown a link between certain diseases 
and changes in immunometabolism, which were observable 
in-vitro in immune cells [32, 33]. Furthermore, studies show 
that various diseases and physiological conditions result in 
specific changes in the metabolic profiles of immune cells 
for each disease [34].

Besides protecting the host from virus-induced tumors 
and the elimination of pathogens for the effective resolution 
of inflammation and prevention of potential tumorigenesis, 
the immune system plays a critical role in specifically iden-
tifying and eliminating cancer cells, based on their expres-
sion of tumor-specific antigens or alternatively molecules 
excreted by cellular stress of healthy tissues, before they 
cause harm to the host, a process usually referred as tumor 
immune surveillance. The idea that the immune system has 
the capability to specifically recognize and destroy tumor 
cells was underlined more than a century ago and exten-
sively reviewed recently [35, 36]. In spite of the immune 
surveillance mechanisms, tumors happen to develop even 
in the presence of a functioning immune system, and thus, 
the recently adapted concept of tumor ‘immunoediting’ bet-
ter describes the role of the immune system during tumor 
development, which consists of three phases: elimination, 
equilibrium, and escape [37]. The elimination phase can be 
complete when all tumor cells are eradicated or incomplete 
when tumor cells are partially eliminated. In the latter case, 
a state of equilibrium develops between the immune system 
and the developing tumor, which remains dormant or contin-
ues to accumulate further DNA mutations. The action of the 
immune system during this phase may be sufficient to con-
trol tumor progression, but if it fails to completely eliminate 
the tumor, the process leads to resistant tumor cell variants 
leading to the escape phase, in which the immune system is 
not able to control the tumor growth. During all phases of 
the immunoediting process, there is a deep and continuous 
involvement of the immune system, thus differing from the 
healthy non-cancerous state activity.

Based on these key findings, we initially hypothesized 
that changes in the body’s physiological function, due to 
the presence of cancer, may be eventually reflected in dif-
ferent MAPs of PBMCs in response to various antigenic 
and mitogenic stimulants. Measurement of the MAPs is 
performed by monitoring and extracting the accumulated 
acidification by proxy of fluorescently measured pH changes 
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in the extracellular environment of the cells. The resulting 
detected differences in the acidification rate between lung 
cancer and control (non-lung-cancer) samples can ultimately 
be attributed to the differences in PBMCs subpopulations 
and prevalence [38, 39]. In this work, we present the results 
of the first diagnostic accuracy study of lung cancer detec-
tion using liquid immunobiopsy.

Materials and methods

Study design, demographics, and protocols

Subjects were enrolled between June 2014 and December 
2016 in three medical centers. In all cases, the study received 
Helsinki approval, and subjects read and signed a dedicated 
consent form. Inclusion criteria included 18 ≤ age ≤ 90 years, 
no pregnancy and no treatment for lung cancer prior to blood 
withdrawal. Exclusion criteria included treatment for any 
type of malignancy in prior 5 years, clinically determined 
active infection or inflammation, treatment with medication 
that can affect the immune system, lactation or ongoing 
fertility treatment, or any of the following conditions: HIV 
positive, hepatitis B/C, autoimmune disease, hypersensitiv-
ity, and/or allergy that cannot be avoided. Lung cancer and 
control (non-lung-cancer) subjects were enrolled in parallel, 
the reference standard for lung cancer being biopsy or sur-
gery. Once the number of lung cancer subjects reached 100, 
they were matched with control subjects via an automated 
process to obtain a balanced 1:1 cohort, with an optimal 
matching of age, gender, and COPD distributions, result-
ing in a total sample size of 200, as described in the Cohort 
Construction subsection of the results.

Collection, separation, and counting of PBMCs

Blood samples were collected in 9 ml Vacutubes with EDTA 
(Greiner Bio-One 455,036). For a high viability rate of the 
blood cells, the samples were transported in thermo-stated 
containers set to 18  °C until PBMCs separation. Fresh 
PBMCs were isolated by Lymphoprep™ kit, according to 
the manufacturer’s instructions (Axis-Shield). Total cell 
numbers were counted using a hemocytometer. Median cell 
viability was 99.5%.

MAP test preparation and measurement

Each well in a black non-binding, low-volume 384 multi-
well plate (Greiner Bio-One) was loaded with 10 µl of 
the PBMCs solution and 10 µl of 10 mM PBS containing 
8-Hydroxypyrene-1,3,6-trisulfonic acid (HPTS, Sigma-
Aldrich Ltd.), and including 1 of the 16 stimulating reagents 
(stimulants) in increasing concentrations (Table 1). The final 

concentration of the HPTS probe in each well was 0.5 µM, 
and the final concentration of the PBMCs was 5⋅106 cells/ml 
in 10 mM PBS. Buffer capacity was specifically matched to 
allow for pH changes to occur as a result of PBMCs meta-
bolic activity. Each well was seeded with 5⋅106 cells/ml, to 
reflect the average PBMC concentration in adult peripheral 
blood. The samples were loaded in triplicates, first PBMC 
samples, followed by stimulants, to obtain a final volume 
of 20 µl in each well. Furthermore, each test included two 
controls: one containing only the fluorescent HPTS probe, 
without cells and without stimulants; the other containing 
the HPTS probe with cells but without stimulants, which 
represents the ‘basal state’. The acidification process was 
monitored for approximately 1.5 h at 37 °C by a commer-
cial fluorescence plate reader (TECAN Infinite M200/ F200; 
application: Tecan i-control 1.10.4.0, 1.11.1.0, 1.12.4.0). 
First, the reader monitored the acidification process with-
out a plate seal (‘open’ state), and then, the multi-well plate 
was sealed hermetically (ThermalSeal RT™, Excel Scien-
tific, Inc.) to avoid ventilation of CO2 and NH3 for the sec-
ond phase of the test (‘closed’ state). Both states enable the 
measurement of real-time accumulation of ‘soluble’ versus 
‘volatile’ metabolic products. The fluorescence intensities 
were measured at 513 nm under sequential excitation at 
wavelengths of 455 and 403 nm. Median time between blood 
withdrawal and start of scan was 4 h (range 2–9 h).

Measurement of pH using HPTS fluorescent probe

The fluorescent probe HPTS is a non-toxic, membrane-
impermeant pH indicator, with a pKa of ~ 7.3 in aqueous 
buffers. HPTS exhibits a pH-dependent absorption shift, 
allowing ratio-metric pH measurements as a function of 
the ratio between the fluorescence intensities measured at 
a wavelength of 513 nm, under excitation at wavelengths 
of 455 and 403 nm sequentially. This method is essential 
for our sensitive measurements of minor pH changes in the 
physiological range around pH 7. The calibration curve used 
in the MAP test comprised PBS solutions containing 0.5 µM 
HPTS and titrated with an acid or base to obtain several pH 
levels, as measured by a pH glass electrode. The pH meas-
urements and the fluorescence measurements of the titrated 
samples were carried out at 37 °C. A calibration curve was 
constructed for both ‘open’ and ‘closed’ plate states, allow-
ing pH measurement as a function of the ratio between the 
two above-mentioned excitation wavelengths. The concen-
tration of H+ (acidity) in nM units is then derived using the 
formula: 109−pH.

Type and preparation of stimulants

In each test, the metabolic activity profiles of PBMCs were 
monitored in the basal state (in the absence of stimulant 
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Table 1   List of stimulants diluted in PBS at different concentrations

These stimulants are divided into groups of general stimulants of the immune system, cancer- and lung cancer-related stimulants, and nutrients 
such as glucose and l-glutamine
a Proteins in which only a partial sequence of ~ 20 amino acids was used
b Two such partial sequences were used

Stimulant Role in relation to immune system or/and to lung cancer Concentration range

Phytohaemagglutinin (PHA) A lectin found in plants, especially legumes. PHA binds 
directly to CD45 on T cells. Studies have shown that it can 
bind and activates TLR4

0–50 µg/ml

Concanavalin A (Con A) A lectin that acts as a mitogen in T cells by binding to cell-
surface glycoproteins, including the TCR, and thereby 
activates T cells

0–50 µg/ml

Phorbol Myristate Acetate (PMA) A potent co-stimulant with calcium ionophores for the 
activation of T lymphocytes. PMA is able to activate the 
cytoplasmic enzyme protein kinase C (pkC), and thereby 
activates T cells in a CD28-independent manner

0–5 ng/ml

Lipopolysaccharide (LPS) An endotoxin that stimulates both innate and adaptive 
immune response. LPS activates immune cells via TLR4 
by recognition as pathogen-associated molecular patterns 
(PAMP)

0–2 µg/ml

Rapamycin Inhibits lymphocytes proliferation in response to IL-2 by 
blocking cell cycle kinases. In effector CD8 + T cells, 
rapamycin seems to block the metabolic switch and turn 
effector cells into short-lived effector cells. Conversely, it 
promotes the expansion of T regulatory cells

0–10 nM

d-Glucose Glucose demand increases upon T cells activation. It is 
mainly allocated to glycolysis in activated T cells, and a 
small percentage of the produced pyruvate is directed to 
OXPHOS

0–4 mM

l-Glutamine A nonessential amino acid whose transporters are upregu-
lated upon T cells activation, resulting in accelerated 
glutamine uptake

0–4 mM

Myelin-Basic-Protein (MBP)a A myelin membrane protein 0–50 µg/ml
Carcinoembryonic antigen (CEA)a An intercellular adhesion glycoprotein. Commonly over-

expressed by NSCLC tumors, whereas its expression in 
normal adult tissues is limited

0–50 µg/ml

Mucin 1 (MUC1)a A glycosylated phosphoprotein. Several modifications of 
MUC1 occur in tumor cells, including overexpression, 
hypoglycosylation, and changes in cellular localization

0–50 µg/ml

New York esophageal squamous cell carcinoma-1 (NY-
ESO-1)a

A human tumor antigen expressed in squamous cell carci-
noma and adenocarcinoma

0–50 µg/ml

Melanoma-associated antigen A3 (MAGE-A3)a Tumor antigens encoded by MAGE-A genes. Expressed in 
various tumor types but not in normal cells, except male 
germline cells or placenta. MAGE-A3 may well be the 
most commonly expressed gene among Cancer/Testis 
(C/T) antigens

0–50 µg/ml

Gastrin-releasing peptide (GRP)b A mitogenic molecule for many lung cell types. GRP 
peptides bind to specific surface receptors and initiate a 
complex cascade of signaling events (including MAPK 
and EGFR involvement) that culminates in the stimulation 
of DNA synthesis and cancer cell division

0–50 µg/ml

Human Epidermal Growth Factor Receptor 2 (HER2)b A transmembrane glycoprotein and member of the epider-
mal growth factor receptor family. HER2 deregulation, 
including overexpression, amplification, and mutation, has 
been described in NSCLC

0–50 µg/ml
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reagents), and under the influence of either a stimulant, a 
nutrient or an inhibitor (all referred to as ‘stimulants’ in this 
paper) as detailed in Table 1. Each stimulant was diluted in 
PBS to obtain several different concentrations. The selec-
tion of stimulants was made by their relation to the immune 
system, lung cancer, or cancers in general.

Data analysis

All demographic and clinical information, as well as the 
raw MAP test data, were stored in a secure and dedicated 
PostgreSQL database. Data analysis was performed using 
Python.

At the end of the biological analysis, each subject was 
assigned a datasheet containing raw fluorescent readings of 
plate wells as a function of time for both ‘open’ and ‘closed’ 
plate states. The fluorescent readings were transformed into 
pH values using a calibration curve.

Machine learning was preformed using either decision 
trees or support vector machines (SVMs), implemented by 
the publically available scikit-learn Python library [40]. For 
cross-validation, a stratified k-fold was used. Bagging was 
executed by training an ensemble of simple classifiers (deci-
sion trees or SVMs) on 31 random subsets of the cohort, 
followed by averaging their binary predictions. When com-
bining predictions from multiple stimulants, the separate 
predictions of all stimulants were averaged, as well. This 
yielded a prediction score in the range [0, 1], such that a 
score > 0.5 means that more than half of the simple classi-
fiers predicted a “lung cancer” clinical status. The scores 
were scaled to the range [− 10, 10] for easier interpretation. 
A receiver-operating characteristic (ROC) curve was built 
using these prediction scores.

Confidence intervals were calculated using the normal 
approximation for the binomial confidence interval. Signifi-
cance of differences between subpopulations was estimated 
using the χ2 test.

Results

Cohort construction

A cohort of 200 subjects was compiled by age- and sex-
matching 100 lung cancer subjects with 100 control subjects 
(Table 2). The control group included both healthy indi-
viduals and those diagnosed with COPD, while the lung 
cancer group included lung cancer patients as well as indi-
viduals with both lung cancer and COPD. The prevalence 
of COPD in both groups was similar by design (17 and 21% 
respectively), to ensure that the test has no bias towards this 
condition. As part of the study design, subjects with differ-
ent stages of lung cancer were included, with emphasis on 

early stages. Various histological types of lung cancer were 
included, as well.

Metabolic activity profile measurements

Our Liquid ImmunoBiopsy test, also called the MAP test, 
is designed to be performed on freshly separated PBMCs, 
which are isolated through Lymphoprep and gradient cen-
trifugation. For this study, the test was carried out using 
PBMCs from each of the test subjects. The use of the whole 
population of PBMCs, as opposed to cells of a certain type, 
was hypothesized to allow the measurement of the com-
bined response of immune cells to the various stimulations. 
The possible problems of inter-subject heterogeneity were 
dealt with using appropriate controls of medium alone, basal 
PBMC state (no stimulant), and several concentrations of the 
same stimulant. For each test, a 384-well plate was loaded 
with PBMCs, and each well contained 1 of the 16 selected 
stimulants in several increasing concentrations (see “Materi-
als and methods” for details). The extracellular acidity was 
measured in both air-open (‘open’) and hermetically-sealed 
(‘closed’) states. Both states enable the measurement of real-
time accumulation of ‘soluble’ versus ‘volatile’ metabolic 
products (lactic acid versus CO2 and NH3), thereby differen-
tiating between OXPHOS, anaerobic glycolysis and aerobic 
glycolysis. The measurements were performed using a com-
mercial fluorescence plate reader, whose output comprises 
intensity readings for both ‘open’ and ‘closed’ states across 
a timespan of approximately 1.5 h. The metabolic activity 
profiles were calculated and examined for cancer diagnosis 
by machine learning and data mining tools (see a graphical 
illustration of the process in Fig. 1).

Diagnostic prediction model construction

Machine-learning methods were utilized to distinguish 
between lung cancer and control subjects. Before this could 
be done, meaningful features needed to be extracted from the 
raw data of the MAP test. The raw data comprise fluorescent 
readings, which are converted to acidity units using a cali-
bration curve (Fig. 2a). The values represent the acidifica-
tion levels of the extracellular environment while exposed to 
varying concentrations of stimulants. We hypothesized that 
the presence of cancer, associated with changes in the physi-
ological function of the immune system, will be reflected 
in different metabolic activity profiles of the tested PBMC 
samples. Thus, the change in acidity as a function of time, 
defined as the reaction rate (r), was calculated for each con-
centration of each stimulant (Fig. 2b). The value of r was 
then observed as a function of stimulant concentration (C) 
(Supplementary Fig. 1). At many concentrations, a clear dif-
ference could be observed between the mean values of lung 
cancer samples and the mean of control samples (Fig. 2c).
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Several mathematical models were used to describe 
the relationship between C and r, using a small number 
of coefficients. Some of the models also take into con-
sideration the inter-dependence of different stimulants. 
To enhance the difference between the two populations 
with each stimulant, decision tree classifiers were trained 
to predict the clinical status of subjects (“lung cancer” 
or “control”). The best mathematical model and best 
classifier parameters were selected for each stimulant, 
maximizing accuracy, and the final prediction model 
comprised an ensemble of decision trees, taking into con-
sideration predictions from multiple stimulants. This was 
coupled with bootstrap aggregation (“bagging”) to obtain 
robust results. For verification, the entire process was 
repeated using an ensemble of SVM classifiers instead 
of trees.

Diagnostic prediction of lung cancer and control 
subjects

The constructed model produced an almost complete sepa-
ration between the populations of lung cancer and control 
subjects (Fig. 3a), with an apparent performance sensitivity 
of 100% and specificity of 98%. As a next step, cross-vali-
dation (CV) was utilized to assess the predictive capability 
of the model (Fig. 3b). Specifically, a stratified 20-fold CV 
analysis was used, in which ten samples (1/20 of the cohort) 
are left out for validation, and the rest are used as a training 
set for the prediction model. The process is repeated itera-
tively, with a different set of 10 samples each time, until 
every subject in the cohort is given a prediction. The result-
ing prediction is a score between − 10 (strong control) and 
10 (strong lung cancer). A receiver-operating characteristic 

Table 2   Demographic and 
clinical characteristics of 
participating subjects (n = 200)

a The age of subjects at blood withdrawal
b Subjects with at least 1 pack-year in their history, who have not smoked in the past 30 days
c Stage 0 refers to adenocarcinoma in-situ [41, 42]

Characteristic Lung cancer group 
(n = 100)

Control group 
(n = 100)

All (n = 200)

Age (years)a

 Mean 66 62 64
 Std. 10 8 9
 Min. 34 41 34
 Max. 88 83 88

Sex
 Male 57 57 114
 Female 43 43 86

Comorbid illness
 COPD 17 21 38

Smokers
 Current 39 17 56
 Formerb 41 35 76

Clinical stage
 I 32 – –
 II 8 – –
 III 25 – –
 IV 28 – –
 0c 2 – –
 Other 5 – –

Histological type
 NSCLC—adenocarcinoma 58 – ––
 NSCLC—squamos cell carcinoma 18 – –
 NSCLC—other 8 – –
 SCLC 10 – –
 Other lung cancer 6 – –
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(ROC) curve can then be plotted, and a positivity cut-off 
(or discrimination threshold) can be set to determine sen-
sitivity and specificity. The obtained area under the ROC 
curve (AUC) was 0.91, with a sensitivity of 91%, specificity 
of 80%, and precision of 82.0% [95% confidence intervals 
are (87.7%, 94.3%), (75.3%, 84.7%), and (77.5%, 86.5%), 
respectively] with the cut-off value set to -0.3. For further 
assessment of the predictive capabilities of the model, ten-
fold and fivefold CV analyses were performed as well (leav-
ing out 20 and 40 samples, respectively, each time), resulting 
in AUCs of 0.91 and 0.86 respectively. The result of the 
SVM-based model was an AUC of 0.84 using a 20-fold CV 
analysis.

The prediction model seems to be equally strong in pre-
dicting the late and early stages of lung cancer. When defin-
ing stages 1–2 as early and stages 3–4 as late, there is no 
observable difference in sensitivity between the two groups 
(p = 0.74). This can be visualized by breaking down the 
results of the positive group into stages (Fig. 4a).

Identifying lung cancer over other chronic lung 
diseases

One important challenge, addressed here, is the ability of 
our diagnostic MAP test to distinguish not only between 
lung cancer and control subjects, but also between patients 

with cancer versus those with other diseases that increase 
immune system activity. To this end, subjects diagnosed 
with COPD were included in both the lung cancer and 
the control groups in approximately the same ratio. We 
observed that the percentage of correct predictions is 
similar between subjects with and without COPD, in both 
the control group (p = 0.69) and the lung cancer group 
(p = 0.92) (Fig. 4b). These results suggest that the MAP 
test’s ability to identify lung cancer is not affected by the 
presence of chronic lung comorbidities.

Comparison between smoking and non‑smoking 
subpopulations

Since smoking habits have a major influence on the devel-
opment of lung cancer, it is important to verify the integ-
rity of the prediction model in regard to this variable. The 
percentage of correct predictions was compared between 
subjects labeled as smokers (either former or current) and 
non-smokers. There was no significant difference in suc-
cess rates in both the control group (p = 0.23) and the lung 
cancer group (p = 0.48) (Fig. 4c). These results suggest 
that the MAP test’s ability to identify lung cancer is not 
affected by the smoking habits of tested subjects.

Fig. 1   Diagram of the metabolic activity profile (MAP) test process
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Discussion

Liquid ImmunoBiopsy is a novel functional test that meas-
ures the relative acidification levels of the PBMCs extra-
cellular environment, revealing the metabolic activity pro-
files (MAPs) of the immune system cells as an indicator 
of disease status. Since the immune system is extremely 
sensitive, it is expected to be inherently suited for the early 
cancer detection.

In general, the metabolic activity of normal differenti-
ated cells involves predominantly OXPHOS, while cancer 
cells primarily rely on aerobic glycolysis [21–23]. Inter-
estingly, a similar effect was also found in the immune 
system, where activated (effector) T cells undergo a 
metabolic switch from OXPHOS to aerobic glycolysis, 
which is essential to their proper acquisition of effector 
functions, in addition to their proliferation [24–28]. The 
immune system plays a critical role in specifically iden-
tifying and eliminating cancer cells, a process referred 
to as tumor immune surveillance, which is based, among 
other things, on the expression of tumor-specific antigens 
[36]. More recently, the concept of tumor ‘immunoedit-
ing’ was adapted to better describe the role of the immune 
system during tumor development, consisting of three 
phases: elimination, equilibrium, and escape [35, 37]. 
The continuous involvement of the immune system in all 
phases of this process, in response to tumor development, 
differs from the non-cancerous state activity. Based on 
these important discoveries, we conclude that the result-
ing detected differences between lung cancer and control 
samples, exploited in this study for the development of a 
novel diagnostic model, can be attributed to the differences 
in PBMCs subpopulations [38, 39].

In Liquid ImmunoBiopsy, the raw MAP test data are first 
analyzed to extract meaningful classifier features, which are 
then used as input parameters for a machine-learning diag-
nostic prediction model. We present 20-fold cross-validation 
(CV) results of the diagnostic model, with an AUC of 0.91, 
displaying high sensitivity and specificity of 91 and 80% 

respectively. Further and more stringent examinations, using 
both 10- and fivefold CV procedures, reveal a slight-to-no 
decrease in AUC, which indicates robustness of the pre-
sented diagnostic model.

The diagnostic model demonstrates a statistically uniform 
sensitivity across different cancer stages, indicating that the 
early detection is possible using our liquid immunobiopsy 
method. This is of great diagnostic importance, since lung 
cancer survival is largely and directly dependent on the stage 
of diagnosis [43]. Moreover, the presence of COPD comor-
bidity in the tested subjects was shown not to affect the diag-
nostic results, in either sensitivity or specificity, indicating 
that the model’s results are not influenced by these patho-
logical conditions. COPD increases fivefold the risk for lung 
carcinogenesis [44], thus, being able to detect lung cancer in 
this high-risk population can have a major impact on patient 
survival. Finally, the test was shown to be unaffected by the 
smoking habits of tested subjects, yielding similar results in 
smoking and non-smoking subpopulations.

One present limitation of the current Liquid Immuno-
Biopsy test is the inability to detect the type of lung cancer 
under test. Not having an independent test group is an appar-
ent disadvantage of this study, and a prospective validation 
study is being planned to further validate the diagnostic pre-
diction model.

Our groundbreaking novel liquid immunobiopsy diagnos-
tic method is initially aimed at assisting in cancer diagno-
sis, following the detection of nodules in the lungs. It could 
also potentially be used as a screening test for high-risk 
populations, such as COPD patients. We see benefits of our 
approach as a diagnostic tool, in which a negative result will 
lead to surveillance imaging and the avoidance of unneces-
sary invasive procedures, while a positive result could lead 
to an early, life-saving intervention. We hypothesize that liq-
uid immunobiopsy methods may, in the future, contribute 
to monitoring immuno-responsiveness to immunotherapy 
procedures, because the MAPs should reflect the expected 
enhanced immune response.

We believe that liquid immunobiopsy will be capable 
of detecting diseases other than lung cancer. Preliminary 
results, using a breast-specific MAP test design, showed a 
good differentiation between breast cancer and control sub-
jects, while observing a clear difference between cancer and 
other benign breast diseases such as fibro-adenoma (data not 
shown). The use of multiple stimulants, varying in accord-
ance with the disease in question, combined with sophis-
ticated machine-learning methods to infer MAPs, harbors 
great potential for the detection of various diseases. In this 
current work, we demonstrated the capability of an accurate, 
non-invasive diagnostic tool for the early detection of lung 
cancer.

Fig. 2   Extraction of features from raw data. a Conversion of raw data 
to acidity units: in this example, PBMCs from one of the subjects 
were mixed with D-Glucose (concentration #7) as a stimulant, and 
the acidity was measured at different times. b Calculation of reac-
tion rates: using the same example subject as in the previous panel, 
the change in acidity as a function of time is measured for several 
increasing concentrations of d-Glucose. c Mean reaction rate (r) of 
lung cancer (n = 100, red) and control (n = 100, green) subjects, as a 
function of stimulant concentration index (C). There are instances in 
which a difference was found between the two populations (c1), and 
instances with no significant difference (c2). The specific stimulant is 
written in the title of each graph, with the plate state in parentheses. 
Error bars depict the standard error of the mean for each data point

◂
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a1 a2

b1 b2

Fig. 3   Cancer detection results. a Histogram of prediction scores 
(a1) and ROC curve (a2) showing a separation between populations 
of lung cancer and control subjects. For these results, the prediction 

model was trained and validated on the entire data set. b Histogram 
of prediction scores (b1) and ROC curve (b2) of the 20-fold cross-
validation
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