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Table S1. Overview of the sensors used in the electronic nose.

# Sensor name Description
1 CTO CTO sensor without coating, general VOC sensor.
2 CTO-HZSM-5 CTO sensor with H-ZSM-5 zeolite overlayer, pore size 5.1 - 5.5 Å.
3 CTO+NaZSM-5 CTO sensor with Na-ZSM-5 zeolite overlayer, pore size 5.1 - 5.5 Å.
4 CTO+HLTA CTO sensor with H-LTA zeolite overlayer, pore size 3.5 Å.
5 CTO+MCM-41 CTO sensor with MCM-41 overlayer, pore size 30 - 100 Å.
6 CTO+HZSM-22 CTO sensor with H-ZSM-22 zeolite overlayer, pore size 4.6 - 5.7 Å.

7 T30/1 SnO2 sensor for detecting solvents.
8 P10/1 SnO2 sensor for detecting hydrocarbons and methane.
9 P10/2 SnO2 sensor for detecting methane, propane and aliphaic non polar molecules.
10 P40/1 SnO2 sensor for detecting chlorinated and fluorinated compounds.
11 T70/2 SnO2 sensor for detecting alcohol vapours and aromatic compounds.
12 PA/2 SnO2 sensor for detecting low concentration of hydrogen, ammonia, amines.

A short description of the sensors is given here. CTO - Chromium-titanium oxide, SnO2 - Tin Oxide.

Table S2. Chemical compounds analysed.

Alcohols (1.22× 105M) Aldehydes (8.03× 105 M) Esters (3.70× 105 M) Ketones (3.79× 105 M)
1-Pentanol Acetaldehyde Ethylhexanoate Acetone
1-Hexanol Butanal Ethylacetate 2-Butanone

Z2-Hexen-1-ol Hexanal Isopentylacetate 2-Pentanone
1-Octen-3-ol E2-hexenal Methylacetate 2-Heptanone

3-Methylbutanol Furfural Ethylbutyrate 2,3-Butanedione

The chemical are shown here under their group names and corresponding concentration.
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Figure S1. Average classification performance for all the test sets using linear SVM with
different cost values. The x-axis shows the sensor size constraints used in the feature selection, each
tick mark represents the time point size constraint of 1, the performance values as marked out on the
plots between two x-axis tick marks represents time point size constraints {2, . . . , 6}. The y-axis shows
the performance in a highly non-linear, logarithmic scale.
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Figure S2. Histogram of 0.1 quantiles of the distribution of pairwise distance for all
possible feature choices.
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Figure S3. Histogram of median of the distribution of pairwise distance for all possible
feature choices.
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Figure S4. Histogram of 0.9 quantiles of the distribution of pairwise distance for all
possible feature choices.



4

0 0.2 0.4 0.6 0.8 1
0

50

100

150

200

250

300

1/ number of features

1
/ 
m

e
d

ia
n

 p
a
ir

w
is

e
 d

is
ta

n
c
e

Figure S5. Comparison of inverse of number of features and the median pairwise distances
for all possible feature choices.
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Figure S6. Average classification performance for all the test sets using radial SVM with
different cost values and γ = 1/n, where n is the number of features, for the kernel
function. The x-axis shows the sensor size constraints used in the feature selection, each tick mark
represents the time point size constraint of 1, the performance values as marked out on the plots
between two x-axis tick marks represents time point size constraints {2, . . . , 6}. The y-axis shows the
performance in a highly non-linear, logarithmic scale.
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Figure S7. Average classification performance for all the test sets using radial SVM with
different cost values and γ = 0.8 for the kernel function. The γ value used here is the inverse of
the average of 0.9 quantile of all the pairwise distance of the data. The x-axis shows the sensor size
constraints used in the feature selection, each tick mark represents the time point size constraint of 1,
the performance values as marked out on the plots between two x-axis tick marks represents time point
size constraints {2, . . . , 6}. The y-axis shows the performance in a highly non-linear, logarithmic scale.
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Figure S8. Average classification performance for all the test sets using radial SVM with
different cost values and γ = 1/d, where d is the 0.9 quantile of the pairwise distance of the
given feature set size, for the kernel function. The x-axis shows the sensor size constraints used
in the feature selection, each tick mark represents the time point size constraint of 1, the performance
values as marked out on the plots between two x-axis tick marks represents time point size constraints
{2, . . . , 6}. The y-axis shows the performance in a highly non-linear, logarithmic scale.
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Figure S9. Average classification performance for all the test sets using radial SVM with
different cost values and γ = 1.95 for the kernel function. The γ value used here is the inverse of
the average of 0.5 quantile of all the pairwise distance of the data. The x-axis shows the sensor size
constraints used in the feature selection, each tick mark represents the time point size constraint of 1,
the performance values as marked out on the plots between two x-axis tick marks represents time point
size constraints {2, . . . , 6}. The y-axis shows the performance in a highly non-linear, logarithmic scale.

1 2 3 4 5 6 7 8 9 10 11 12
0

0.6

0.9

0.95

0.98

0.994

0.998

1

Number of Sensors

P
e
r
fo

r
m

a
n

c
e

 

 

C = 1

C = 4

C = 16

C = 64

C = 256

C = 1024

C = 4096

C = 16384

C = 65536

Figure S10. Average classification performance for all the test sets using radial SVM with
different cost values and γ = 1/d, where d is the 0.5 quantile of the pairwise distance of the
given feature set size, for the kernel function. The x-axis shows the sensor size constraints used
in the feature selection, each tick mark represents the time point size constraint of 1, the performance
values as marked out on the plots between two x-axis tick marks represents time point size constraints
{2, . . . , 6}. The y-axis shows the performance in a highly non-linear, logarithmic scale.
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Figure S11. Average classification performance for all the test sets using radial SVM with
different cost values and γ = 5 for the kernel function. The γ value used here is the inverse of
the average of 0.1 quantile of all the pairwise distance of the data. The x-axis shows the sensor size
constraints used in the feature selection, each tick mark represents the time point size constraint of 1,
the performance values as marked out on the plots between two x-axis tick marks represents time point
size constraints {2, . . . , 6}. The y-axis shows the performance in a highly non-linear, logarithmic scale.
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Figure S12. Average classification performance for all the test sets using radial SVM with
different cost values and γ = 1/d, where d is the 0.1 quantile of the pairwise distance of the
given feature set size, for the kernel function. The x-axis shows the sensor size constraints used
in the feature selection, each tick mark represents the time point size constraint of 1, the performance
values as marked out on the plots between two x-axis tick marks represents time point size constraints
{2, . . . , 6}. The y-axis shows the performance in a highly non-linear, logarithmic scale.
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Figure S13. Comparison of average classification performance for all the test sets using
linear SVM and radial SVM with different γ values for the kernel function. The cost value is
set at C = 65536, which is the C value with the best performance for each individual kernel function.
The x-axis shows the sensor size constraints used in the feature selection, each tick mark represents the
time point size constraint of 1, the performance values as marked out on the plots between two x-axis
tick marks represents time point size constraints {2, . . . , 6}. The y-axis shows the performance in a
highly non-linear, logarithmic scale.


