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VOLATILE	
  ORGANIC	
  COMPOUNDS	
  
(VOCs)	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  We	
  release	
  VOCs	
  from	
  our	
  body	
  into	
  the	
  atmosphere	
  

	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  VOCs	
  reflect	
  the	
  composiCon	
  of	
  the	
  inside	
  chemistry	
  of	
  the	
  body	
  

	
  
	
  

VolaCle	
  Organic	
  Compounds	
  are	
  	
  carbon	
  based	
  chemicals	
  that	
  easily	
  evaporate	
  at	
  room	
  temperature	
  	
  

Pathologies	
  produce	
  VOCs	
  that	
  quanCtaCvely	
  and	
  qualitaCvely	
  different	
  from	
  those	
  
released	
  by	
  healthy	
  subject	
  

	
  
	
  
	
  

Organic	
  VolaCle	
  ConsCtuents	
  of	
  biological	
  bodies	
  contain	
  clinically	
  meaningful	
  
informaCon	
  for	
  the	
  recogniCon	
  of	
  metabolic	
  disorders	
  in	
  individuals	
  	
  

	
  



•  Odour	
  is	
  the	
  labelling	
  that	
  
human	
  gives	
  to	
  molecules	
  
producing	
  sCmuli	
  in	
  the	
  
olfactory	
  bulb.	
  

Odour	
  is	
  the	
  human	
  percepBon,	
  through	
  olfacBon	
  sense,	
  of	
  
volaBle	
  compounds	
  

I.	
  Olfactory	
  epithelium	
  

II.	
  Olfactory	
  bulb	
  

OLFACTION/ODOUR	
  

•  Odorous	
  compounds	
  are	
  
very	
  different	
  at	
  	
  	
  	
  	
  	
  	
  	
  	
  
molecular	
  level	
  	
  

	
  



ELECTRONIC	
  NOSE	
  

-­‐Array	
  of	
  chemical	
  sensors	
  for	
  
VOCs	
  detecCon	
  and	
  an	
  
algorithm	
  for	
  paIern	
  
recogniCon	
  
-­‐Each	
  sensor	
  senses	
  more	
  
compounds	
  and	
  each	
  
compound	
  is	
  sensed	
  by	
  
more	
  sensors.	
  
	
  

COMPOSITION:	
  
8	
  QUARTZ	
  microbalance	
  sensors	
  
Thin	
  layer	
  of	
  METALLOPORPHYRINS	
  for	
  chemical	
  sensiCvity	
  
	
  



	
  	
  

Quartz	
  oscillaCon	
  frequency	
  is	
  extremely	
  
sensible	
  toward	
  mass	
  changes.	
  

Reticulum  at rest 
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Quartz	
  is	
  a	
  PIEZOELECTRIC	
  MATERIAL:	
  
•  if	
   an	
   electric	
   potenCal	
   difference	
   is	
   applied	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

it	
  changes	
  dimensions	
  
•  conversely,	
   a	
   deformaCon	
   of	
   its	
   structure	
  

(applied	
  pressure)	
  will	
  generate	
  a	
  measurable	
  
voltage	
  

	
  

Through	
  piezoelectric	
  effect	
  the	
  property	
  of	
  a	
  crystalline	
  quartz	
  can	
  be	
  interfaced	
  
with	
  an	
  electric	
  circuit	
  
	
  

WHY	
  QUARTZ?	
  



QUARTZ	
  MICRO	
  BALANCE	
  

Fundamental	
  frequency	
  of	
  a	
  	
  
system	
  is	
  the	
  lowest	
  	
  frequency	
  	
  
of	
  a	
  periodic	
  waveform	
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Layer	
  of	
  quartz	
  AT	
  
Electrode	
  (gold)	
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d:	
  thickness	
  of	
  the	
  layer	
  
vs:	
  speed	
  of	
  sound	
  	
  
(3750	
  m/s	
  in	
  quartz)	
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SAUERBREY	
  EQUATION	
  

QUARTZ	
  MICROBALANCE	
  SENSORS	
  (QMB)	
  have	
  a	
  resonant	
  frequency	
  of	
  20	
  MHz	
  

FOUNDAMENTAL	
  FREQUENCY	
  

µq :

!q :

Shear	
  modulus	
  
for	
  quartz	
  
Density	
  of	
  quartz	
  

Area	
  between	
  	
  
electrodes	
  A:	
  



PORPHYRINS	
  SENSITIVITY	
  

•  The	
   basic	
   structure	
   can	
   be	
  
modified	
   complexing	
   a	
   metal	
   at	
  
the	
   center	
   of	
   the	
   macrocycle,	
  
adding	
  peripheral	
  groups	
  or	
  even	
  
mod i f y i ng	
   t he	
   mo le cu l a r	
  
framework.	
  	
  

•  The	
   modificaCon	
   results	
   in	
   a	
  
v a r i aCon	
   o f	
   t he	
   s en s i n g	
  
properCes	
  

7	
  

Porphyrins	
  can	
  interact	
  with	
  volaGle	
  molecules	
  via	
  several	
  
interacGon	
  mechanisms	
  including	
  coordinaGon,	
  hydrogen	
  bond	
  and	
  
polarizaGon.	
  	
  
	
  



MEASUREMENT	
  SEQUENCE	
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MEDICAL	
  APPLICATIONS	
  
OF	
  ELECTRONIC	
  NOSE	
  

•  Monitoring	
  of	
  melanoma	
  

•  Diagnosis	
  of	
  asthma	
  

•  DetecCon	
  of	
  cancer	
  



	
  APPLICATION	
  ON	
  LUNG	
  CANCER	
  

Several	
  GC/MS	
  studies	
  evidenced	
  about	
  20	
  
different	
  compounds	
  at	
  anomalous	
  
concentraCon	
  in	
  the	
  breath	
  of	
  lung	
  cancer	
  
affected	
  individuals.	
  	
  
None	
  of	
  them	
  can	
  be	
  considered	
  a	
  specific	
  
marker…	
  	
  
It	
  is	
  rather	
  the	
  whole	
  combinaBon	
  of	
  all	
  
the	
  compounds	
  that	
  makes	
  possible	
  the	
  
disease	
  idenBficaBon.	
  

Phillips	
  et	
  al,	
  Lancet	
  1999	
  

Lung	
  cancer	
  is	
  a	
  disease	
  characterised	
  by	
  uncontrolled	
  cell	
  growth	
  in	
  Cssues	
  of	
  the	
  lungs	
  



COLLECTING	
  TECHNIQUES	
  

Breath	
  inlet	
  Dead	
  space	
  volume	
  
(variable)	
  

Alveolar	
  breath	
  

1)	
  BAG	
  BREATH	
  SAMPLING	
  (BBS)	
  

Method	
  for	
  collecCng	
  air	
  from	
  alveoli	
  	
  
Alveolar	
  breath	
  

Source	
  of	
  
informaEon	
  

Totally	
  non	
  invasive	
  method	
  



	
  	
  	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Method	
  for	
  collecCng	
  air	
  from	
  different	
  sites	
  of	
  the	
  lungs	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Invasive	
  method	
  
	
  	
  	
  

	
  

	
  	
  	
  	
  	
  	
  	
  	
  2)	
  ENDOSCOPIC	
  BREATH	
  SAMPLING	
  (EBS)	
  
	
  

Bronchoscope	
  collects	
  air	
  
from	
  	
  invesCgated	
  site	
  

Tedlar	
  bag	
  (3L	
  V),	
  	
  placed	
  	
  
inside	
  a	
  rigid	
  box	
  (10L	
  V)	
  

The	
  box	
  is	
  connected	
  
to	
  a	
  pump	
  while	
  the	
  
bag	
  receive	
  air	
  directly	
  
from	
  the	
  bronchoscope	
  
	
  

When	
  the	
  pump	
  is	
  
turned	
  on,	
  pressure	
  
in	
  the	
  the	
  box	
  is	
  
decreased	
  and	
  air	
  
flows	
  inside	
  the	
  bag	
  

ENose	
  

Electronic	
  Nose	
  

COLLECTING	
  TECHNIQUES	
  



NEGATIVE	
  
INDIVIDUAL	
  

Author's personal copy
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Fig. 1. This figure reports the signal registered by Mn-TPP sensor, one of the eight ones composing the sensing array. The first and the second row refer respectively to a
negative and a cancer individual. The first and the second column refer respectively to the BBS and the EBS sampling techniques.

2.4. Mass-spectra fingerprint

A gas-chromatograph coupled with a mass spectrometer
(GC/MS) have been used for MS  fingerprinting of the VOCs [18]
present in 20 (4 negative cases, 8 ADK, 8 SCC) of the 30 exhaled
breath samples collected via EBS method. The instruments and the
breath sampling procedure used for these measurements are the
same reported in Ref. [19], but sample extraction was  performed
in a different way: the Solid Phase Micro Extraction (SPME) fiber
was directly exposed into the tedlar bag containing the exhaled
breath and kept for 2 h. The GC–MS parameters settings are the
following: split less mode; starting oven temperature of 40 ◦C,
maintained for 3 min; next oven steps:150 ◦C and 300 ◦C, with a rate
of 15 ◦C/min and 10 ◦C/min respectively; holding of the final tem-
perature: 3 min; pressure and flow parameters: 5.4 ml/min of total
flow, 0.56 ml/min of column flow, 12.8 kPa. The ion source temper-
ature and the interface temperature were maintained at 250 ◦C. The
detector voltage was 0.7 kV while the mass range was  from 40 to
300 m/z.

2.5. Data analysis

A total number of 30 individuals measured with the electronic
nose have been considered for data analysis. Thus, the final dataset
was composed of a total number of 120 measurements, 60 per-
formed with the BBS method [3] (each patient was  measured
twice), 60 performed via the EBS method previously described
(for each patient the two lungs were examined). Two partial least
square discriminant anlaysis (PLS-DA) models were built on two
datasets, each with a specific goal: (1) the entire dataset of 30
patients, with the aim of confirming the discriminating ability
between negative and lung cancer diseased individuals; (2) a sub-
set of 20 patients with the goal of discriminating between ADK
and SCC. The first model (which aims at discriminating between
controls and cancer patients) was validated with two  different tech-
niques: it was cross-validated via the leave-one-out criterion and
also calculated on a training subset and validated with a test subset.
The second model (which aims at discriminating between ADK and
SCC) was cross-validated via leave-one-out criterion. Each of these
two models was calculated both on the BBS and on the EBS datasets
(thus accounting for a total number of 4 elaborations).

Table 2
Confusion matrix of the PLS-DA model built on the complete EBS dataset (30 indi-
viduals in duplicate: 10 negative cases, 20 cancer cases) and cross validated with
the Leave-One-Out criterion.

Real Predicted

Negative Cancer

Negative 16 4
Cancer 1 39

The acquired mass spectra have been analyzed with the same
approach used for the electronic nose patterns [19], via a PLS model.

3. Results

The first PLS-DA models built on the entire dataset of 30 individ-
uals, one using the EBS and one with the BBS dataset, confirmed [3]
a good capability of the system to discriminate between negative
and lung cancer individuals, both with cross-validation and with
two  separate subsets for the training and the test of the model.

About EBS data, the model cross-validated with the Leave-One-
Out criterion, gave an overall correct classification of 90%; the
confusion matrix reported in Table 2 accounts for the following
figures representing the performances of the diagnostic technique:
97.5% sensitivity and 75% specificity. A second model was built on a
training subset of 18 individuals (36 measurements) and validated
via a test subset of 12 individuals (24 measurements), giving an
overall correct classification of 83%; the confusion matrix reported
in Table 3 accounts for the following figures representing the per-
formances of the diagnostic technique: 87.5% sensitivity and 75%
specificity. Thus a more reliable validation shows the robustness
of the model: sensitivity is lower than the one obtained with cross

Table 3
Confusion matrix of the PLS-DA model built on a training EBS dataset (18 individuals
in  duplicate) and validated with a test EBS dataset (12 individuals in duplicate).

Predicted

Negative Cancer

Negative 6 2
Cancer 2 14
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Between	
  affected	
  and	
  not	
  affected	
  by	
  lung	
  cancer	
  

ENDOSCOPIC	
  
BREATH	
  SAMPLING	
  

97.5%	
  

75%	
  

90%	
  

BAG	
  BREATH	
  
SAMPLING	
  

85%	
  

85%	
  

85%	
  

SENSITIVITY	
  

SPECIFICITY	
  

OVERALL	
  CORRECT	
  
CLASSIFICATION	
  

DIAGNOSTIC	
  DISCRIMINATION	
  CAPACITY	
  

•  More	
  efficient	
  	
  
•  Invasive	
  

•  Non	
  invasive	
  
•  Need	
  further	
  	
  
	
  	
  	
  	
  	
  	
  development	
  

SENSITIVITY:	
  
TRUE	
  POSITIVE/	
  
SICK	
  PATIENTS	
  

SPECIFICITY:	
  
TRUE	
  NEGATIVE/	
  	
  
HEALTY	
  	
  PATIENTS	
  



	
  	
  

	
  
ENDOSCOPIC	
  

BREATH	
  SAMPLING	
  
	
  

83%	
  

75%	
  

83%	
  

	
  
BAG	
  BREATH	
  
SAMPLING	
  

	
  

81%	
  

62%	
  

75%	
  

SENSITIVITY	
  

SPECIFICITY	
  

OVERALL	
  CORRECT	
  
CLASSIFICATION	
  

PerspecCve	
  to	
  be	
  able	
  to	
  discriminate	
  between	
  different	
  cancers	
  

Between	
  different	
  cancer	
  types	
  

DIAGNOSTIC	
  DISCRIMINATION	
  CAPACITY	
  
	
  



CONCLUSIONS	
  

•  Analysis	
  of	
  volaCles	
  secreted	
  outside	
  the	
  human	
  body	
  is	
  able	
  to	
  get	
  
informaCon	
  on	
  the	
  health	
  status	
  of	
  the	
  individuals	
  	
  

	
  
	
  
	
  
•  The	
  advent	
  of	
  chemical	
  sensors	
  and	
  chemical	
  sensors	
  systems	
  

(electronic	
  noses)	
  has	
  opened	
  the	
  way	
  of	
  fast	
  and	
  simple	
  and	
  non	
  
invasive	
  	
  diagnosCc	
  tools	
  in	
  medicine,	
  and	
  in	
  parCcular	
  for	
  various	
  
forms	
  of	
  cancer	
  and	
  seems	
  to	
  be	
  effecCve	
  for	
  malignant	
  lesions	
  
idenCficaCons	
  	
  	
  

	
  
	
  

•  The	
  probability	
  of	
  cancer	
  recogniCon	
  is	
  rather	
  high	
  but	
  need	
  
further	
  improvements	
  to	
  be	
  used	
  as	
  a	
  screening	
  methodology	
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