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Aim: To study the feasibility of a novel nanomedical method that utilizes breath testing for identifying 
chronic kidney disease (CKD) and disease progression. Materials & Methods: Exhaled breath samples were 
collected from 62 volunteers. The breath samples were analyzed using sensors based on organically 
functionalized gold nanoparticles, combined with support vector machine ana lysis. Sensitivity and 
specificity with reference to CKD patient classification according to estimated glomerular filtration rate 
were determined using cross-validation. The chemical composition of the breath samples was studied 
using gas chromatography linked with mass spectrometry. Results: A combination of two to three gold 
nanoparticles sensors provided good distinction between early-stage CKD and healthy states (accuracy 
of 79%) and between stage 4 and 5 CKD states (accuracy of 85%). A single sensor provided a distinction 
between early and advanced CKD (accuracy of 76%). Several substances in the breath were identified 
and could be associated with CKD-related biochemical processes or with the accumulation of toxins 
through kidney function loss. Conclusion: Breath testing using gold nanoparticle sensors holds future 
potential as a cost-effective, fast and reliable diagnostic test for early detection of CKD and monitoring 
of disease progression.
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A novel method for identifying chronic kidney 
disease (CKD) and disease progression was 
explored that utilizes breath testing. CKD 
depicts progressive loss of kidney function over 
a period of months or years [1–4]. The accurate 
determination of the kidney function is essential 
for the treatment of CKD, for identifying patients 
with early renal impairment and for following 
the course of established disease. Recent 
professional guidelines classify the severity of 
CKD in five stages according to the reduction 
in glomerular filtration rate (GFR), with stage 1 
being a mild illness that is characterized by few 
symptoms and stage 5 being a severe illness 
that is characterized by a poor life expectancy 
if untreated [5–7]. Untreated CKD progresses 
inevitably to stage 5, which is synonymous with 
end-stage renal disease (ESRD). Irreversible loss 
of endogenous kidney function renders a patient 
dependent upon kidney replacement therapy by 
dialysis or transplantation [5,8].

‘Uremic’ toxins, which are normally excreted by 
the kidney, are retained as GFR diminishes [9,10]. 
Over 5000 potential toxins have been identified 
[11]. Retained urea and creatinine serve as markers 
of kidney failure. However, serum creatinine 
varies widely with age, gender, diet, muscle 

mass, muscle metabolism, medications, diet and 
hydration status [12]. Moreover, up to 60% of 
the kidney function may be lost before serum 
creatinine begins to rise. These limitations, 
and the asymptomatic onset of the disease, 
contribute currently to delayed diagnosis and 
therapy of CKD. 

A novel approach that overcomes many 
constraints of the conventional diagnostic 
techniques relies on the detection of volatile 
organic compounds (VOCs) [13–22]. This 
method has been explored in different fields 
of medicine such as respiratory medicine, 
urology and oncology (see reviews [23–26] and 
cited references). Some of the VOCs among the 
plasma CKD biomarkers, or their metabolic 
products, are transmitted to the alveolar exhaled 
breath through exchange via the lung, even at the 
very onset of the disease, causing in later stages 
the fishy smell characterizing the breath of these 
patients [17,18,20,22]. Rapid progress has been made 
in recent years in the field of nanotechnology 
and towards the standardization of breath 
sampling [27]. This could lead to the development 
of efficient and cost-effective methods for 
diagnostic breath testing that could eventually 
be introduced into standard medical practice, 
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side by side with diagnostic imaging tests and 
conventional biomarker monitoring in blood and 
urine. Thus, early detection of CKD, as well as 
monitoring and prediction of CKD progression, 
could be improved even in nonspecialist settings.

Haick and coworkers have recently demon-
strated the ability of an array of carbon-nanotube-
based sensors to differentiate between healthy 
states and induced ESRD in rats via breath 
samples, using a model of bilateral nephrectomy, 
and have achieved a success rate over 95% [28]. 
The present study aims at the identification 
of early-stage CKD, before it becomes life 
threatening, and the monitoring of disease 
progression in human subjects, using sensors 
that are based on organically functionalized gold 
nanoparticles (GNPs).

Patients & methods
 n Study design, test population 

& breath collection
This study was a cross-sectional comparative 
survey between patients attending the out-
patient clinic at the Department of Nephrology, 
Rambam Health Care Campus (Haifa, Israel) 
and healthy controls (recruited from their 
accompanying persons). In total, 62 volunteers, 
aged 22–83 years, who had sufficient clinical 
and biochemical data for inclusion (Table 1), were 
recruited after written informed consent. These 
were 17 patients with intermediate CKD (stage 2 
and 3), 20 patients with advanced CKD (stage 4 
and 5) and 15 healthy controls. The patients 
were under observation and received treatment 
(medication: converting enzyme inhibitors, 
angiotensin receptor blockers, calcium channel 

blockers and diuretics). None of the patients 
had dialysis or renal transplantation at the time 
of the breath testing. The biochemical data 
were obtained from standard blood tests less 
than 1 month prior to the breath testing. The 
patients were staged according to the estimated 
GFR (eGFR) that was calculated from the 
plasma creatinine levels, patient age and gender, 
using the Modification of Diet in Renal Disease 
equation [5,6]. Ethical approval was obtained 
from the Rambam Healthcare Campus and 
Technion’s Committee for Supervision of Human 
Experiments (Haifa, Israel), and the clinical trial 
was registered at the US National Institutes of 
Health database ‘ClinicalTrials.gov’ (registration 
no.: NCT01274169). All experiments were 
performed according to the guidelines of the 
Rambam Healthcare Campus and Technion’s 
Committee for Supervision of Human 
Experiments. Alveolar breath was collected using 
an ‘offline’ method that effectively separated the 
endogenous from the exogenous breath volatile 
biomarkers and excluded the nasal entrainment. 
The method is described in detail in [29,30]. 

 n Breath analysis using GNP sensors
The breath samples were tested with suitable 
combinations of two to three GNP sensors that 
were selected from a reservoir of 20 different GNP 
sensors developed by Haick and coworkers, as 
described in the ‘Statistical analysis’ section below 
and in [13,30]. The selected sensors were cross-
reactive chemiresistors based on four types of 
spherical GNPs with a core diameter of 3–4 nm. 
The organic ligands were: 2-ethylhexanethiol 
(S1), tert-dodecanethiol (S2), hexanethiol (S3), 

Table 1. Clinical and biochemical variables for all tested patients and healthy controls.

Variable Healthy (n = 20) Stage 2 (n = 6) Stage 3 (n = 16) Stage 4 (n = 12) Stage 5 (n = 8)

Estimated GFR (ml/min per 1.73 m2)† >120 60–90 30–59 15–29 ≤15
Gender (% males) 55 100 75 66 100
Average age ± standard deviation 46 ± 16 41 ± 19 54 ± 12 63 ± 9 66 ± 15
Smoking history (current/ex/never) 1/0/19 2/1/3 2/1/13 2/1/9 1/1/6
Diabetes mellitus 2 (10%) 0 6 (37%) 8 (66%) 5 (62%)
Arterial hypertension 7 (35%) 5 (83%) 14 (87%) 11 (91%) 7 (87%)
Bodyweight (kg) 75 ± 15

(range: 45–110)
71 ± 8
(range: 63–86)

82 ± 16
(range: 60–111)

82 ± 18
(range: 55–120)

83 ± 21
(range: 53–120)

Serum creatinine concentration (mg/dl) 0.7–1.1‡ 1.19–1.5 1.32–2.65 2–3.8 4.43–7
Potassium (mEq/l) 3.5–5.1‡ 4.7 ± 0.8 4.7 ± 0.6 4.8 ± 0.5 5.1 ± 0.6
Calcium (mg/dl) 8.5–10.5‡ 9.9 ± 0.1 9.3 ± 0.4 9.8 ± 0.3 9.0 ± 0.1
Phosphorous (mg/dl) 2.5–5.0‡ 3.2 ± 0.4 3.9 ± 0.5 4.2 ± 0.6 4.9 ± 0.6
The biochemical variables were obtained from blood tests performed during the month prior to the breath sampling. All subjects refrained from smoking and 
drinking coffee for 1h prior to the breath sampling. 
†Estimated according to Modification of Diet in Renal Disease formula. Note that the test population did not include African–Americans for whom a slight alteration 
of the Modification of Diet in Renal Disease formula is required due to differences in the metabolism. 
‡Nominal values.
GFR: Glomerular filtration rate.
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and dibutyl disulfide (S4). The GNPs were 
synthesized as described in detail in [13,26,30–34]. 

GNP chemiresistive layers were formed by 
dispersing the GNPs in chloroform and drop-
casting the solution onto microelectronic 
transducers. While still coated with solution, 
the substrate was blown with dry nitrogen. This 
process was repeated several times to yield a 
resistance of approximately 1 MW. The device 
was dried for 2 h at ambient temperature and 
then baked at 50°C in a vacuum oven overnight. 
The microelectronic transducers consisted of ten 
pairs of circular interdigitated gold electrodes that 
were deposited by an electron-beam evaporator 
TFDS-870 (Vacuum Systems & Technologies, 
Petah-Tikva, Israel) on a piece of device quality 
silicon wafer capped with 300 nm thermal oxide 
(Silicon Quest International, USA). The outer 
diameter of the circular electrode area was 3 mm; 
the gap between two adjacent electrodes and the 
width of each electrode were both 20 µm.

In total, 20 different GNP sensors were 
mounted on a custom polytetrafluoroethylene 
circuit board inside a stainless steel test chamber 
with a volume of 100 cm3. The sampling system 
delivered pulses of breath to the sensors. The 
chamber was evacuated between exposures. An 
Agilent Multifunction switch 34980 was used 
to measure the resistance as a function of time. 
Typically, the sensors’ responses were recorded for 
5 min in vacuum, followed by 5 min under breath 
exposure, followed by another 5 min in vacuum. 
The cycles were repeated two- to three-times to 
test reproducibility. 

 n Breath analysis with gas 
chromatography combined with mass 
spectrometry
The constituent VOCs of the collected breath 
were identified from a representative sub-set of the 
collected breath samples (five patients with stage 5 
CKD; ten patients with stage 4; 15 patients with 
stage 3; five patients with stage 2; and seven healthy 
controls), using gas chromatography combined 
with mass spectrometry (GC-MS; QP 2010 plus; 
Shimadzu). The GC-MS ana lysis was preceded 
by solid phase microextraction (SPME) for 
preconcentrating the VOCs in the breath samples. 
A manual SPME holder with an extraction fiber 
was inserted into the collection bag for 30 min 
before being delivered to the GC-MS. Fibers with 
divinylbenzene/carboxen/polydimethylsiloxane 
coating were obtained from Sigma-Aldrich. 
The extracted fiber in the manual SPME holder 
was inserted into the injector of the GC (direct 
mode) for thermal desorption at 270°C. The 

GC oven profile is given as supporting online 
information (SupplemenTary Table S1 see online: 
www.futuremedicine.com/doi/suppl/10.2217/
nnm.12.44). A capillary column was used (RTX-
624 from Restek; 6% cyanopropylphenyl; 30 m 
length; 0.25 mm internal diameter; 1.4 µm 
thickness). Helium was used as the carrier gas 
and was set to a constant flow rate of 40 cm/s. 
Data preprocessing was done using the open 
source XCMS package version 1.22.1 for R 
environment [101]. The molecular structures 
of the VOCs were determined by a spectral 
library match. 

 n Statistical analysis
CKD-specific breath patterns were obtained 
from the collective response of the GNP sensors 
by applying support vector machine (SVM) ana-
lysis as statistical pattern recognition algorithm 
[35,36]. SVM ana lysis is a supervized learning 
method that finds the best separating line 
between two data sets through computerized 
ana lysis of the sensing signal and automatic 
choice of the most suitable set of sensing features. 
It can be used for data classification and pattern 
recognition; applied to multidimensional data; 
used as a heuristic to select the most suitable 
sensing features; and it does not require normal 
distribution of the data points around the 
average value [35]. SVM is very suitable for 
treating smaller data sets. The subpopulations 
were compared by building a multiclass classifier 
based on a linear n-SVC   classifier [36]. Standard 
principal component ana lysis [37] was applied to 
the multidimensional SVM results to allow the 
graphical representation in three dimensional 
principal component space. 

Cross-validation was utilized to evaluate 
the specificity and sensitivity by randomly 
dividing each subpopulation into two sets, 
which were then used as training and test sets. 
Cross-validation has a training stage and a test 
stage – each time creating a new test set that is 
blinded against the model. The model is built 
based on the remaining samples, that is, the 
training set. The statistics are thus less biased 
towards any group that is initially selected as 
the test set. Cross-validation tries to remove that 
bias by generating all possible test sets, giving a 
stronger statistical result and making it superior 
in the case of relatively limited sample size to the 
choice of fixed training and test sets. All possible 
combinations of division into test and training 
sets were tested and the results were averaged. 
Note that the results were stable against changing 
the number of folds in the cross-validation.
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Results
 n The choice of the GNP sensors for 

the identification of early-stage CKD 
The feasibility of the GNP sensors for 
diagnosing the early-stages of CKD was tested 
by comparing breath samples of 17 patients 
with stage 2 and 3 CKD to breath samples of 
15 healthy controls (Table 1). 

Before the exposure to the breath samples, we 
examined the response of the GNP sensors to 
several representative VOCs found in exhaled 
breath, as reported in [30]. Each sensor underwent 
a rapid and fully reversible change in electrical 
resistance when exposed to the characteristic 
VOCs at concentrations ranging from tens of 
parts per billion to hundreds of parts per million, 
showing typical detection limits of 1–5 parts per 
billion [30]. The responses were unique because of 
the chemical diversity of the GNP ligands. The 
device-to-device variations between sensors based 
on the same type of GNP were within ± 15%, 
whereas the responses of different types of GNPs 
to the same VOC were typically several-fold 
different [30]. So far, we have shown that part of the 
GNP sensors have a very low response to water [30]. 
This is an important feature because otherwise a 
sensor’s response to the high background humidity 
in exhaled breath could easily mask the signal 
to the much lower concentrations of the breath 
VOCs that indicate disease [26]. Exhaled breath 
is composed mainly of nitrogen, oxygen, carbon 
dioxide, water vapor and inert gases. The VOCs 
that are generated by the cellular biochemical 
processes of the body are present in much lower 
amounts in exhaled breath [26], and many diseases, 
among them CKD, manifest themselves through 
very subtle changes in concentration of a multitude 
of these breath VOCs [13,30,38].

The exposure of the GNP sensors to the breath 
samples resulted in rapid and fully reversible 
responses. Several sensing features were read 
out from the time-dependent response of each 
sensor that related to the resistance response 
upon exposure (F1); the area under the response 
curve (F2); the sensor’s response time (F3) and 
the relaxation time after the end of the exposure 
(F4). Each sensor responded to all (or to a certain 
subset) of the VOCs found in the exhaled breath 
samples. CKD-specific breath patterns were 
obtained from the collective response of the 
GNP sensors by applying SVM ana lysis. SVM 
was also used as a heuristic to select the most 
relevant GNP sensors out of the repertoire of 20, 
by filtering out noncontributing sensors and/or 
sensing features. The reason for selecting a certain 
set of sensing features for a particular problem is 

directly derived from their ability to discriminate 
between the various classification groups. 

In this way, one sensing feature of sensor S1 
(F1) and three independent features of sensor 
S2 (F1, F2 and F4) were selected through SVM 
for the distinction between stage 2 and 3 CKD 
patients and healthy controls. The sensors S1 
and S2 were selected because they were the most 
capable sensors among the reservoir of 20 GNP 
sensors for discriminating between the two 
groups (see ‘Breath analysis using GNP sensors’ 
section). The number of input parameters was 
kept low enough to avoid over-fitting during the 
SVM ana lysis because using a large set of sensors 
and features would increase the probability for 
over-fitting the data.

The stage 2 and 3 CKD patients could clearly 
be distinguished from the healthy controls. 
Figure 1a visualizes the SVM results in 3D 
principal component space. For this purpose, 
principal component analysis was applied to the 
SVM results to reduce their dimensionality from 
4D to 3D (note that principal component analysis 
was not applied to analyze the original data). The 
3D in principal component space contains 97.5% 
of the variance of the data. A high classification 
success rate of the SVM ana lysis was obtained 
through cross-validation . The results in terms of 
correct and false classifications are represented in 
the table below the graph in Figure 1a.

 n Monitoring CKD disease progression 
using the GNP sensors
SVM ana lysis determined a suitable set of five 
sensing features from sensors S1, S3 and S4 (see 
‘Breath analysis using GNP sensors’ section) for 
the distinction of stage 4 and 5 CKD patients. 
These were three independent features of sensor 
S1 (F2–F4), one feature of S3 (F2) and one 
feature of S4 (F1). Very good separation between 
stage 4 and 5 CKD states was achieved with 
these sensing features. Figure 1b represents the 
SVM results in 3D principal component space, 
containing 99.9% of the variance of the data. 
The SVM classification was highly successful, 
as shown in terms of the correct and false 
classifications in the inset table of Figure 1b.

The progression from early-stage (stage 2 
and 3) to late-stage (stage 4 and 5) CKD was 
determined using a single sensing feature of 
sensor S1, without the need for statistical ana lysis. 
Figure 2a shows the resistance response of sensor 
S1 (see ‘Breath analysis using GNP sensors’ 
section) to the exhaled breath of all tested CKD 
patients versus their measured plasma creatinine 
concentration. A negative, inverse dependence 
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on creatinine concentration was observed. The 
inverse creatinine dependence of the eGFR 
values, which were calculated from the measured 
serum creatinine concentration, the patients’ age 
and gender using the Modification of Diet in 
Renal Disease equation, is represented in the 
same graph. Figure 2b shows the sensing signal of 
S1 versus eGFR. The transition from early-stage 
to late-stage CKD is marked by eGFR = 30 ml/
min per 1.73 m2 (Table 1). This value corresponds 
to a sensing signal cut-off value of 1.33 kW for 
sensor S1. We determined from these two cut-
off values the number of true positive, true 
negative, false positive and false negative patient 
classifications, as illustrated in Figure 2b and 
displayed in the inset table. 

 n Chemical analysis of the breath of 
CKD patients
The chemical composition of the exhaled 
breath of CKD patients was analyzed and 
compared with the breath of healthy controls, 
using GC-MS/SPME (see ‘Breath analysis 

with gas chromatography combined with mass 
spectrometry’ section). The VOCs that were 
present in >75% of the breath samples of CKD 
patients and healthy controls were identified 
and their mean abundance with experimental 
error (standard error of mean) was calculated. 
Substances identif ied in the unf iltered 
hospital air as typical hospital contaminants 
(2-methyl-2-propanol, ethanol and methyl-
isobutyl-ketone [24,39]) were disregarded. The 
distinction between the patient subpopulations 
was studied via Wilcoxon/Kruskal–Wallis 
tests. Table 2 lists the corresponding p-values. 
Figure 3 shows the trends in average abundance 
that could be observed for nine breath VOCs 
showing statistically significant changes with 
disease progression. Note that the identification 
of the VOCs through spectral library match 
is tentative, because confirmation of identity 
through GC-MS ana lysis of reference substances 
is still in progress. However, the comparison 
between patients was based on compound 
masses and retention times. 
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Three distinct trends were observed 
(Table 2). The first group comprised isoprene 
and acetone, which are always present in 
exhaled breath in large quantities [23,24]. 
Both substances decreased during stage 2 
and remained relatively constant thereafter. 
Ethylene glycol and acetoin made up the 
second group of VOCs. They remained 
relatively constant up to stage 3, showed a 
significant increase in stage 4 and a further, 

subsignificant increase towards stage 5. The 
third group of compounds can be divided 
into two subgroups. Group 3a comprised the 
known industrial toxins styrene and toluene. 
Both compounds showed a significant increase 
during early-stage disease (stage 2), reached a 
plateau during stage 3 and remained relatively 
constant thereafter. Group 3b contained 
two methylated hydrocarbons and a ketone, 
which showed a signif icant, brief increase 
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during stage 2 CKD, before their abundance 
decreased again to the levels observed in 
healthy controls. The fourth group comprised 
six compounds that were present in >75% of 
the CKD and healthy breath samples, but 
showed no significant trends that could be 
related to the disease progression (Table 2).

Discussion
 n Identification of CKD & disease 

progression using the GNP sensors
We have studied the feasibility of utilizing 
combinations of GNP sensors and separate 
sensors to distinguish between: 

 � Early-stage CKD and healthy states

 � Stage 4 and 5 CKD states

 � Early-stage (stages 2 and 3) and late-stage 
(stages 4 and 5) CKD

Excellent distinction was achieved for the 
first two cases by means of SVM ana lysis of 
two separate sets of sensing features. A single 
sensing feature was sufficient for the distinc-
tion between early and late stages in the third 
case. In principle, it would be possible to use 
only one sensing feature in all three cases, 
but scattered experimental data reduce the 
detection ability and reliability of the results. 
Only in the third case was sensor S1 so domi-
nant in its capacity to discriminate the given 
classes that other sensors were not required. 
Furthermore, the optimal set of sensing fea-
tures for the identification of early-stage CKD 
differed from the best feature set for the dis-
tinction of advanced and end-stage CKD. 
This can be understood if one considers the 
observed changes in the chemical composition 
of the breath during CKD disease progression. 

Table 2. Changes in chemical composition of the breath during chronic kidney progression.

Compound name Significance of the distinction between chronic kidney disease 
subpopulations (p-value)

Possible origin

Healthy vs stage 2 Stage 2 vs 3 Stage 3 vs 4 Stage 4 vs 5

Group 1

Isoprene Gradual decrease until 
stage 3 (healthy vs 
stage 3: p = 0.006)

Gradual decrease until 
stage 3 (healthy vs 
stage 3: p = 0.006)

NS NS Cholesterol cycle 

Acetone Gradual decrease until 
stage 3 (healthy vs 
stage 3: p = 0.018)

Gradual decrease until 
stage 3 (healthy vs 
stage 3: p = 0.018)

0.025 (+) NS Acetone

Group 2

Ethylene glycol NS NS 0.018 (+) NS Sugar cycle metabolite 
or environmental toxin

Acetoin NS NS 0.005 (+) NS Sugar cycle metabolite 
or environmental (food 
additive or sweetener)

Group 3a

Styrene 0.042 (+) NS NS NS Environmental toxins
Toluene 0.028 (+) NS NS NS

Group 3b

2,2,6-Trimethyl-octane 0.007 (+) 0.049 (-) NS NS Potential CKD 
biomakers

2-Butatone 0.028 (+) 0.013 (-) NS NS
2,4-Dimethyl-heptane Subsignificant increase 0.033 (-) NS NS

Group 4

2-Ethylpentane NS NS NS NS No significance
Nonanal NS NS NS NS
O-Cymene NS NS NS NS
2-Methylhexane NS NS NS NS
2,2,3-Trimethyl-hexane NS NS NS NS
M-ethyl-methyl-benzene NS NS NS NS
Trends of the volatile organic compounds occurring in the breath samples of >75% of the test population. Increase or decrease in abundance are indicated by (+) and 
(-), respectively. The distinction between the patient subpopulations was studied via Wilcoxon/Kruskal–Wallis tests. 
CKD: Chronic kidney disease; NS: Nonsignificant changes.
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Figure 3. Chronic kidney disease-specific trends in chemical composition of the breath. Trends of the tentatively identified 
volatile organic compounds that occur in >75% of the breath samples (Table 2). The columns and error bars represent the mean 
abundance and standard error of mean, respectively. 
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However, the sensing mechanism of chemire-
sistive GNP layers is still subject of scien-
tific controversy [26,40]. Therefore, no strict 
connection can be proposed at the present 
stage between the discriminative ability of 

the selected sensors/sensing features and the 
exposure to certain VOC mixtures.

Sensors S1–S4 were based on chemiresistive 
layers of different types of GNPs, which differ in 
their ability to absorb certain classes of VOCs. 
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However, the organic ligands of the GNPs 
provide only a moderate chemical selectivity, 
so that the sensors are cross-reactive. The 
ligands are selected based on their ability to 
absorb certain (classes of) small VOCs that are 
typically found in exhaled breath as metabolic 
products. The changes in chemical composition 
between healthy and early-stage CKD differ 
from the changes in chemical composition 
between advanced and end-stage CKD. Hence, 
distinct combinations of sensing features for 
the different chemistries would provide the 
optimal results in these two cases. Note that 
sensors S1–S3 have been used previously for the 
identification of the breath VOC patterns of 
different types of cancer [13,30,39]. This is because 
metabolic breath VOCs may appear at different 
concentration ratios in the breath of healthy 
persons, CKD patients, and patients suffering 
from other diseases such as cancer, as discussed 
later. Therefore, the VOC patterns of CKD and 
cancer can indeed be identified with different 
combinations of sensing features that are read 
out from the same or similar sensors.

The SVM classif ication revealed 77% 
sensitivity, 80% specificity and 79% accuracy 
for the early-stage detection of CKD states. 
The obtained values fulfill the criteria for a 
good diagnostic method. The GNP breath 
test could be applied by general practitioners 
in nonspecialist settings to ensure the speedy 
referral of a new patient to a specialist, who would 
initiate an appropriate therapeutic approach. 
Detecting progression from stage-4 to stage-5 
is equally important, because it usually marks 
the onset of dialysis treatment. Cross-validation 
(Figure 1b) showed that the progression to ESRD 
could be identified with high sensitivity (75%), 
specificity (92%) and accuracy (85%). The 
sensitivity, specificity and accuracy of detecting 
the progression from early to late-stage disease 
using a single sensing feature were 75, 77 and 
76%, respectively. Note that these are the 
preliminary results of a pilot study with a limited 
sample size that was aimed at providing a proof-
of-concept. Large-scale clinical trials are time 
consuming and are, therefore, often preceded by 
a small pilot study to test the feasibility of the 
studied method. An extended clinical study with 
a larger study population is currently underway 
to verify the obtained sensitivity and specificity.

Age, gender, diet, smoking habits, medication 
and exposure to hospital atmosphere are 
known to affect the chemical composition of 
the exhaled breath [23,24,26]. Ideally, the study 
population should be matched in terms of 

these confounding factors. We have previously 
shown that the GNPs used by us have very 
little sensitivity to VOCs stemming from the 
above confounding factors [13,39]. Therefore, 
it is permissible to relax (at least, in part) the 
criteria for the compared groups. Table 1 shows 
that the population in the three studied cases 
was nevertheless relatively well matched in 
terms of most of the confounding factors. The 
compared groups are age matched in the first 
two cases and gender-matched in third case. 
Most of the volunteers were nonsmokers and 
the populations were well matched with respect 
of their smoking habits in all three cases. All 
CKD patients in this study were treated with 
calcium channel blockers, diuretics and/or 
a-blockers. The healthy controls did not receive 
these medications. Hence, the study population 
was matched in terms of medication in the last 
two cases. Finally, all volunteers, including the 
healthy controls, were recruited in the same 
hospital ward and were, therefore, exposed to 
the same confounding hospital atmosphere prior 
to the test. 

 n Trends in the chemical composition 
of the breath of CKD patients
The observed trends with disease progression 
that are shown in Table 2 and Figure 3 could be 
explained by CKD-specific metabolic processes 
and/or with the accumulation of toxins due to 
loss of kidney function. CKD patients suffer 
from various types of carbohydrate metabolism 
disorders, which could affect the breath 
concentrations of the VOCs in the first two 
groups. The majority of CKD patients suffer 
from glucose intolerance, which is mainly 
attributed to insulin resistance [41]. Whether 
insulin resistance is the cause or the consequence 
of CKD is a subject of debate in the literature, 
and the lack of data from systematic studies has 
left the question open [41,42]. Insulin resistance 
has been associated with a failure in activating 
pyruvate dehydrogenase under induced CKD 
conditions [43,44]. This means that pyruvate 
cannot be converted into acetyl-CoA – a 
precursor for cholesterol that produces isoprene 
[24,45] and ketone bodies (such as acetone) [27,45] 
as byproducts. Hence, a reduction in the level of 
acetyl-CoA could explain the gradual decrease 
of isoprene during CKD advance and the rapid 
decrease of acetone (a recognized biomarker for 
diabetes [24]) in early stages (stages 2 and 3) of the 
CKD. The increase of acetone in the late stages 
(stages 4 and 5) could be related to the higher 
percentage of diabetic patients in those classes 



ReseaRch aRticle Marom, Nakhoul, Tisch, Shiban, Abassi & Haick

Nanomedicine (2012) 7(5)648 future science group

that are characterized by higher concentrations 
of breath acetone. 

The irregularity in the pyruvate conversion 
to acetyl-CoA is consistent with another 
observation. We have shown that acetoin 
increases as CKD progresses (FigureS 3 & 4). This 
could be attributed to a process that occurs in 
CKD patients, which favors the conversion of 
pyruvate to acetoin and 2,3-butylen glycol over 
the conversion to acetyl-CoA [46,47]. However, 
it should be noted that the amount of acetoin 
found was just above the detection limit of our 
GC-MS system, suggesting that the readings in 
the early stages (healthy to stage 3) might be 
less accurate. It is possible that the real change 
of acetoin over the progress of CKD is more 
gradual. Alternatively, acetoin could be of 
exogenous origin, because it is a common food 
additive (sweetener), and its accumulation in 
the breath of late-stage patients may be due to 
kidney-function loss [48].

The metabolic route of ethylene glycol is 
linked directly to glycolaldehyde, which is a 
short-chain aldehyde [49]. Short-chain aldehydes 
react with amino groups, which eventually 
leads to advanced glycation end products [50]. 
Advanced glycation end products are associated 
with age-related disease and could also affect 
kidneys function [50]. The accumulation of 
ethylene glycol could be an indication of an 
increase in advanced glycation end products, or 
could be related to the high percentage of diabetic 
patients as was the case for acetone. Still, ethylene 
glycol could be of exogenous origin, because it 
is a known environmental toxin [51], and its 
accumulation during late-stage CKD could be 
attributed to the failure of kidney function. 

Group 3 comprises compounds that show 
significant increase in concentration in early-
stage of CKD (stage 2). We assume that this 
is related to the continual death of kidneys 
nephrons, as up to 60% of the nephrons die 
before an accumulation of creatinine and urea 
could be observed. Collectively, the compounds 
in group 3 could be biomarkers for early-stage 
disease (e.g., for disease-related oxidative stress). 
For example, the sudden increase of styrene in 
stage 2 of the disease could be explained by 
the secretion of styrene by tubular maximum 
mechanism, which reaches its full capacity at 
stage 2. On the other hand, the compounds 
in group 3 could also be of exogenous origin. 
Styrene is an environmental toxin that causes 
DNA damage, and hydrocarbons are often 
released as environmental pollutants by the 
petrochemical industry [52]. 

The compounds in group 4 show no significant 
trends that could be related to the disease 
progression. However, it should be noted that 
slightly subsignificant changes in the concentration 
(p-values between 0.06 and 0.08) were observed, 
which could prove to be meaningful in a future 
study with an increased sample size.

Note that changes in the concentration of 
some of the identified compounds were also 
detected in the breath of cancer patients [13,30,39]. 
The detected small molecules are VOCs that 
are either metabolic products or toxins that 
are absorbed from the environment and are 
accumulated in the body due to reduced kidney 
function. As such, each separate compound 
may appear not only in the breath of healthy 
persons and CKD patients, but also in patients 
having other diseases (e.g., cancer [13,30,39]). 
This way, breath samples of patients suffering 
from distinctly different diseases may have 
some common constituent compounds, but at 
different concentration ratios.

Conclusion
We have delivered a proof-of-concept for a 
novel method in nanomedicine for detecting 
early-stage CKD and monitoring disease 
progression from exhaled breath of patients. 
Suitable combinations of GNP sensors could 
identify with high accuracy patients with early-
stage CKD and determine disease progression 
from advanced CKD to ESRD. Transition 
from early disease (stages 2 and 3) to advanced 
disease (stages 4 and 5) could be identified from 
a single sensing feature. In the future we aim 
at customizing the GNP sensors to distinguish 
with higher resolution between CKD patients, 
so that the five stages of CKD progression (or 
their subcategories) can be identified. For this 
purpose a larger clinical trial will be conducted 
following this pilot study. GC-MS ana lysis 
identified three classes of VOCs in the breath 
that show distinctly different trends in average 
abundance during disease progression. The 
VOCs could be associated with accumulated 
environmental toxins, or endogenous biomarkers 
of CKD-related medical conditions and body 
processes. A biomarker-based breath test that 
utilizes GNP sensors could form the basis of 
a future cost-effective, fast and reliable (early) 
diagnostic test and monitoring tool for CKD. 
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Executive summary

 � The presented study focuses on testing the feasibility of a novel method in nanomedicine for identifying early-stage chronic kidney disease 
(CKD) and monitoring disease progression from exhaled breath of patients.

 � Sensors were reported that were based on chemiresistive layers of four types of spherical gold nanoparticles.
 � The results showed that combinations of the gold nanoparticle sensors could distinguish with high accuracy between the exhaled breath of:

 − Early-stage CKD and healthy states;
 − Advanced and end-stage CKD states;
 − Early-stage and advanced stage CKD.

 � The proposed nanodiagnostic method is based on the detection of volatile CKD biomarkers that can be found in the exhaled breath, 
because CKD-related changes in the blood chemistry are reflected in measurable changes to the breath through exchange via the lung, 
causing the fishy smell characterizing the breath of CKD patients.

 � Trends in the chemical composition of the exhaled breath with disease progression could be associated with endogenous CKD-related body 
processes or with accumulated environmental toxins.

 � Breath testing had been used to aid the diagnosis of CKD in the past, until it lost its importance in the age of medical technology. The recent 
advances in nanomedicine, like the one reported here, may very soon return breath ana lysis into standard medical practice. A biomarker-
based breath test that utilizes combinations of gold nanoparticle sensors could form the basis of a future cost-effective, fast and reliable 
(early) diagnostic test for CKD and a monitoring tool for disease progression.
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