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ABSTRACT: We demonstrate the possibility to use an array of MINTs based chemiresistors for a selective detection of VOCs at 

room temperature. Four new types of MINTs with different functional groups (MINTALKENE (X:-CH=CH2), MINTCOOMe (X:-

COOMe), MINTCOOH (X:-COOH), MINTCH2OH (X:-CH2OH)) were specifically synthesized to prepare a set of six sensing layers 

which included, in addition to the new MINTs, a pristine SWNT layer and a MINTXYLENE layer. The functionalized sensing layers 

have been tested by exposing them to NH3, NO2, EtOH, IPA, acetone, benzene, and NaClO vapours in the ppm range. We show that 

MINT functionalization enhances response to analytes with respect to pristine SWNTs. When assembled into an array, our sensing 

layers can operate at room temperature as an electronic nose, disclosing the possibility to use these layers in low power consumption, 

wearable devices. Correlation plots, PCA, and UMAP analysis show that a remarkable discrimination of ammonia with respect to 

interfering gases can be reached by the e-nose. Gas mixtures were also discriminated, as shown for NH3/ethanol, acetone/ethanol, 

and isopropanol/acetone mixtures that are relevant in view of breathomics applications. The efficient preparation method of sensing 

layers allows for an improvement of performance, as shown for one of the best performing chemiresistors in the set, resulting in a 

sensitivity increase (up to 10x) and dramatic reduction of response and recovery times. 

Single-walled carbon nanotubes (SWNTs) are particularly well-

suited for gas sensing [1, 2] due to their unique properties, which 

include (i) a high surface-to-volume ratio, thus providing more ac-

tive sites for target gas molecules to interact with the sensor mate-

rial; (ii) rapid response to gas exposure and swift recovery to pre-

exposure conditions [3]; (iii) possibility of miniaturization and in-

tegration into microelectronic devices, enabling the development 

of compact and portable sensors; (iv) environmental stability, 

which ensures the durability and longevity of the sensors even in 

harsh environmental conditions; (v) low power consumption due to 

the possibility to operate at room temperature, which makes them 

ideal for portable and battery-operated e-nose devices. In particu-

lar, SWNT-based e-noses [4, 5] represent a cutting-edge technol-

ogy that leverages the unique properties of SWNTs to create sensi-

tive and selective sensor systems capable of mimicking human ol-

factory functions in various applications [6].  

For any sensing application, functionalization of SWNTs is known 

to be a key strategy to enhance performance, particularly in terms 

of selectivity. Derivatization strategies so far have been based on 

either covalent [7] or supramolecular chemistry [8], and chemire-

sistive layers based on functionalized SWNTs have been tested [9, 

10]. 

An interesting alternative for the derivatization of SWNTs is the 

formation of rotaxane-like mechanically interlocked derivatives of 

SWNTs (MINTs).[11] In MINTs, macrocyclic molecules are 

threaded through SWNTs, providing a means to attach chemical 

functionalities to SWNTs in a stable manner without affecting the 

intrinsic structure of the SWNTs. This combination of stability, dy-

namic nature and structural integrity provided by the mechanical 

bond [12] has made MINTs relevant for a variety of applications. 

For example, MINTs have been shown to serve as superior fillers 

in composite materials [13-15] as qubits [16] and in (electro)catal-

ysis, [17-19] outperforming both pristine SWNTs and supramolec-

ular compounds of identical chemical composition.  

Importantly, several synthetic strategies towards MINTs have been 

described, including our ring-closing metathesis clipping method 

[20], the direct threading of preformed macrocycles [21], the use of 

metal-coordination [22, 23] and dynamic covalent chemistry [24, 

25]. Recently, a strategy based on mechanochemistry has enabled 

the synthesis of MINTs in multigram scale, facilitating their real-

world applications.[26] 
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Among possible applications, those dealing with gas-surface inter-

actions in MINTs have scarcely been explored. In particular, pio-

neering work by the Komatsu group has provided proof-of-concept 

for the use of MINTs in chemiresistive gas sensing.[27] The use of 

MINTs in sensing arrays (i.e. e-noses) is completely unexplored to 

date.  

Here, we systematically explore the possibility to use MINTS for 

chemiresistive gas sensing, both as single layers and as sensor ar-

rays to be operated as electronic noses for artificial olfaction.

 

Figure 1. Chemical structures of U-shapes used in the preparation of MINTs and the energy-minimized (MM+) model of MINTXYLENE

To achieve this, we synthesized four new types of MINTs with dif-

ferent functional groups (X), namely: MINTALKENE (X:-CH=CH2), 

MINTCOOMe (X:-COOMe), MINTCOOH (X:-COOH), MINTOH (X:-

CH2OH) (Figure 1). We show that the use of MINTs clearly im-

proves the sensitivity of chemiresistors compared to pristine 

SWNTs, and we can evidence the best performing layers. Further-

more, the array of sensors displays a remarkable discrimination ca-

pability to detect ammonia (NH3) vs. a set of possible interfering 

gas molecules, such as ethanol (EtOH), isopropanol (IPA), acetone, 

and sodium hypochlorite (NaClO).  

Among possible target gas molecules, NH3 is usually regarded as a 

test analyte for benchmarking of SWNT layers performance. Fur-

thermore, the need to monitor ammonia is widespread [28], span-

ning many application fields, such as (i) environmental monitoring, 

where NH3 in the air is detected for environmental protection and 

pollution control [29]; (ii) industrial safety, where ammonia levels 

in industrial settings are detected to prevent hazardous conditions; 

(iii) agriculture, to manage ammonia emissions in agricultural prac-

tices; (iv) healthcare, as breath analysis for diagnosing certain med-

ical conditions associated with elevated ammonia levels [30- 34]. 

Indeed, in view of future application of our e-Nose we finally test 

our system on detection of NH3/ethanol, but also on acetone/etha-

nol, and isopropanol/acetone mixtures, that are of interest in the 

field of breathomics [35-37]. 

MINTs were synthesized by mechanochemical methods [26] using 

a commercially available ball mill (Fritsch PULVERISETTE 7) 

equipped with stainless steel reactors and balls. 50 mg of SWNTs, 

0.48 µmol/mg U-shape (see SI for synthesis information) and 0.1 

µmol/ U-Shape µmol of Grubbs catalyst 2nd gen. were place in a 

20 mL stainless steel reactor containing 2 stainless steel balls (10 

mm on diameter) and 0.4 mL of toluene. The mixture was milled 

5 min at 150 rpm. After each milling experiment, the resulting pow-

der was collected and the unreacted U-shapes, and Grubbs’ catalyst 

were removed by three washes in DCM, in which we suspend the 

product in 20 mL of DCM with 5 minutes bath sonication and then 

filter the solid through a 0.2 µm pore PTFE membrane. All samples 

used in this study were adequately characterized by standard meth-

ods, including thermogravimetric analysis (TGA), Raman, UV–

vis–NIR (see Figures S1-S6 and Table S1 in SI). Mass density of 

U-shapes in MINTs powders are listed in Table 1. 

MINTs suspensions (suspended in a 1% SDS-D2O solution with a 

concentration of 1 mg/ml) were dropcasted on 13.4x7.0 mm2 ce-

ramic alumina substrates with Ag interdigitated electrodes (IDE: 

line width 200 μm, line spacing 200 μm). After the deposition, the 

resistance of each chemiresistor was measured. The values are 

shown in Table 1. Once the potential difference was applied, a re-

duction of these values due to sensors conditioning was observed. 

In the cases of the lowest resistive sensors (SWNTs and MINTOH) 

a 1000 Ω load resistance was added in series to limit the amount of 

current flowing in the sensors to avoid sensing layer degradation, 

and a constant voltage drop was applied to all the sensing layers of 

the array. 

 

Table 1: Sample identification  

Label R 

(Ohm) 

Thickness 

(m) 

MINT 

mass 

% 

A 

(x10-4) 

n 

 

SWNTs 652±1 12.0±0.5 - 4 ± 1 0.32 ± 

0.09 

MINTXYLENE 2829±1 8.0±0.5 24 16 ± 4 0.50 ± 

0.10 

MINTALKENE 1416±1 10.0±0.5 25 27 ± 3 0.32 ± 

0.06 

MINTCOOMe 2317±1 5.0±0.5 25 24 ± 3 0.46 ± 

0.05 

MINTCOOH 1677±1 3.0±0.5 23 16 ± 2 0.41 ± 

0.06 



 

MINTOH 1159±1 4.0±0.5 26 8 ± 2 0.30 ± 

0.10 

Table 1: Sample identification, mass density of U-shapes in 

MINTs powders, sensing layer resistance (R, Ohm) after the drop-

casting process on interdigitated electrodes, minimum thickness 

(m), as measured by profilometry, A and n parameters resulting 

from the fitting of the NH3 calibration curves with a Freundlich iso-

therm. 

Gas exposure effects on the resistivity of the SWNT layers were 

recorded at room temperature inside a chamber with a volume of 

30 cm3. Each exposure lasted about 30 seconds, with a recovery 

time of about one minute. At the end of the exposure the chamber 

was properly evacuated, before proceeding to further exposures. 

During all exposures, a constant voltage of 0.1V was applied across 

the sensing layer. Current intensity data were recorded with a Palm-

Sens4 console, with a multiplexing unit, at a sampling frequency of 

4Hz.  

Once the current intensity was measured, the response S (Eq. 1) 

was calculated as the relative current change (Igas-I0) with respect 

to the current flowing across the layer before exposure to target gas 

(I0), namely: 

 

𝑆 =  
|𝐼𝑔𝑎𝑠−𝐼0|

𝐼0
=

Δ𝐼

𝐼0
   [1] 

Gas sensing properties were explored by exposing the sensing lay-

ers to the following set of analytes diluted in air: NH3 (1-100 ppm), 

NO2 (2-8 ppm), acetone, ethanol, and IPA (100-600 ppm), NaClO 

(100-400 ppm), benzene (5 ppm). 

 

Data analysis was carried out through Python, using the scikit-learn 

library. Based on the dataset obtained by exposing the six sensing 

layers to target gas molecules, correlation matrices, Principal Com-

ponent Analysis (PCA) [38] and Uniform Manifold Approximation 

and Projection (UMAP) [39] data representation and reduction 

were considered. 

SEM analysis resulted (Figure 2 - top panel) in a relatively thick 

SWNT layer uniformly distributed on the IDE substrate. The layer 

thickness, estimated by line-scan AFM mapping (not shown here), 

ranges from 3 to 12 m. Data for each sample are reported in Table 

1. Images of samples collected with an optical microscope and re-

sults of profilometric measurements are shown in Fig. S7 of the SI. 

Thickness data reported in Table 1 refer to the central area of each 

sample, as we observe a noticeable coffee-ring effect as expected 

for drop-casted samples. 

Representative Raman spectra of the six layers in the 1250-2800 

cm-1 wavenumber range are shown in the bottom-left panel of Fig-

ure 2. MicroRaman maps have been collected from each of the six 

layers by sampling about 100 points on the sample surface. Maps 

were collected both from SWNTs in contact with the bare alumina 

substrate and with the Ag electrodes. We did not detect significant 

differences among the two different maps. The statistics of the G’ 

peak wavenumber for all samples, both in air and in the presence 

of NH3, is shown in the bottom-right panel of Figure 2. An over-

all decrease of nearly 3 cm-1 for the MINT layers was registered 

with respect to the pristine SWNTs. 

 

 The dynamic response to selected target gas molecules is shown in 

Figure 3-a. For each of the 6 sensing layers the ∆I/I signal is plotted 

vs time for a set of exposures (30 seconds separated by 60 seconds 

of recovery). The bottom panel displays details of a single exposure 

to each gas for all samples.



 

 

Figure 2: Top panel: SEM imaging of the six sensing layers. Bottom left panel: Representative Raman spectra for the six sensing layers. 

Bottom right panel: Statistical analysis of G’ peak position extracted from the microRaman maps collected in air and under NH3 exposure. 

For each sensing layer, distribution of G’ peak wavenumbers in air and in air+NH3 are shown in the left and right box plots, respectively. 



 

Figure 3. Top panel: Sequence of dynamic responses to target gas molecules: a) NH3 (16 ppm); b) acetone (>100 ppm); c) EtOH (>100 

ppm); d) IPA (>100 ppm); e) NaClO (>100 ppm), NO2 (2-8 ppm). For all data a vertical offset has been applied to provide a clear represen-

tation of each dynamic response curve. Bottom panel: detailed view of single exposures, comparing the dynamic response of the 6 sensing 

layers to the 5 analytes. 

The electronic noise is about 1A, which is negligible with respect 

to the signal variation due to gas adsorption, while larger fluctua-

tions that can be observed are due to chamber fluid dynamics dur-

ing the gas exposure. As can be noticed, the sensing layers show a 

different lineshape, response time and recovery time in the dynamic 

response. 

Apart from the NO2 case, the dynamic behavior displays a current 

decrease in all exposures, i.e. resistivity increases upon adsorption 

of all target gas molecules. This suggests an overall p-doping of the 

SWNT sensing layer if we assume that all analytes are electron do-

nors. p-doping of SWNTs is expected mainly due to the presence 

of oxygen (and water vapor) in the atmosphere [40, 41]. Actually, 

p-doping is confirmed by the results obtained for NO2 exposure, 

where all samples display and increase of current upon gas adsorp-

tion, as the oxidizing behavior of NO2 is expected to increase the 

number of holes in the SWNTs.  

Finally, no evidence of sensors response was registered for benzene 

exposures, which is also regarded as a VOC in breathomics [42]. 

This result is to some extent expected, as reaction of benzene with 

bare SWNTs involves weak -stacking interactions and electronic 

properties of SWNTs were found to be virtually unchanged upon 

benzene adsorption [43]. Data on benzene are displayed in Fig. S8 

of the SI. 

Further information from this issue can be drawn from Raman data, 

where the G’ mode of the pristine layer was found at 2633  0.3 

cm-1, while for all the other samples a downshift of about 3 cm-1 

was registered over a statistical sample of about 100 spectra for 

each layer (Figure 2). As discussed in reference [44], the wave-

number of the G’ Raman mode depends on the SWNT doping. 

Hence, interaction with an electron acceptor (p doping) causes a 

shift of the center of the peak towards higher wavenumbers. On the 

contrary, an electron donor (n doping) causes a shift to lower wave-

numbers [44]. For pristine SWNTs with diameter d ≈ 1.5 nm, the 

G’ peak is expected at xG′ (cm-1) = 2420 + 106Elaser (eV) [45]. In 

the present case, we have xG′ ≃ 2627 cm−1 for SWNTs with a di-

ameter (1.6 ± 0.4 nm [46]) very close to the reference value of 1.5 

nm. On this basis, SWNTs with G’ peak centered at higher wave-

numbers can be regarded as p-doped, as is the present case, consist-

ently with the decrease of the chemiresistors current upon exposure 

to reducing NH3. Likewise, MINTs are still found on the p-doped 

side (G’ modes are all above 2627 cm-1) but, as compared to the 

pristine layer, they can be regarded as less p-doped. 

Chemiresistors in the array showed a different response to the same 

concentration of each of the target gas molecules. The response is 

measured by considering the largest change of conductivity during 

each exposure. These responses for each of the 6 analytes are 

shown in Figure 4, where the maximum of |ΔI/I| is displayed for 

the six sensing layers and for all analytes. It can be noticed that 

“MINTXYLENE”, “MINTALKENE”, “MINTCOOMe” and “MINTCOOH” 

seem to show a higher response for all target gases, while the bare 

SWNT layer always displays the lowest response. This demon-

strates that functionalization significantly improves the sensitivity 

of functionalized SWNT layers. Furthermore, when properly nor-

malized to the analyte concentration, the sensing layers are found 

to be selective towards NH3 as a reducing molecule, and NO2 as an 

oxidizing molecule. 

 

Figure 4: Chemiresistors response normalized to the concentra-

tion of analytes. Left to right: NH3 (cyan); acetone (red); EtOH 

(green); IPA (blue); NaClO (orange); NO2 (magenta). NO2 sen-

sitivity scale is on the right axis. |ΔI/I| absolute values were con-

sidered for all samples 

 



 

It is important to underline how the array shows a different re-

sponses pattern to the different target gases. In fact, some sensors 

seem to be more sensitive to specific chemical species than other. 
For instance, “MINTCOOH” shows the largest response to acetone 

and ethanol, while “MINTCOOMe” is the best performing in the case 

of NH3 exposure,  “MINTALKENE” is the best for IPA, and 

“MINTCOOH” for NO2. This “specialization” plays a fundamental 

role in their use as an electronic nose.  

 

Exposing the array to a set of different NH3 concentrations in the 

1-16 ppm range allowed us to build the calibration curves for NH3 

(Figure 5, left panel). This graph relates each sensor response to 

the analyte concentration. Its shape is intrinsically related to the 

surface adsorption mechanism (see e.g. [47]). In this case, we fit 

the experimental data with a Freundlich isotherm [48]: 

𝑆(𝑐) = 𝑦0 + 𝐴𝑐𝑛    [2] 

where S is the sensing layer response and c the analyte concentra-

tion (Figure 5-right panel). Since at concentration equal zero no 

response is measured, the y0 parameter is set at 0. The NH3 concen-

tration values have been measured using a properly calibrated 

Figaro TGS2602 sensor. From Figure 5, left panel, it is possible 

to evaluate the response of all layers to NH3, with the lowest re-

sponse given by the SWNTs sensing layer and the highest response 

given by MINTCOOH. The fitting results (Table 1) confirm this 

trend.  

On the basis of these data, the limit-of-detection (LOD) for ammo-

nia has been calculated. We estimated the LOD by calculating the 

signal standard deviation σ (in the constant-current region before 

exposure) and then by retrieving the corresponding concentration 

using the estimated calibration curve equation. In order to take into 

account possible higher current fluctuations, a value of 3σ is con-

sidered. Therefore, LOD has been calculated as [LOD] = (3/A)1/n. 

Error bars on the A and n fit parameters yield relatively large error 

bars on LODs, but the overall LOD for each sample is found to be 

of the order of tens of ppb, well below the minimum concentration 

(1 ppm) experimentally explored. LODs and δLOD/LOD (%) for 

each active layer during ammonia sensing are reported in Table S2 

of the SI file.  

 

Furthermore, for the case of ammonia detection, data have been 

collected under different R.H. conditions (Fig. S9 of the SI) as the 

effect of humidity is relevant for specific applications such as 

breathomics, where ammonia can be regarded as a biomarker [32]. 

R.H. is known to affect the overall response of the sensing layer 

[49]. Usually, sensitivity to ammonia increases with RH, as pre-

dicted by computational studies of [50]. Measurements on the pre-

sent sensing layers have been carried out at R.H.= 20, 30, 40, 50, 

and 60 %. Respect to [49], we observe an increase of the response 

up to about R.H. = 30-40 %, but beyond this limit we observe a 

decrease of response that we ascribe to a competition for adsorption 

sites between NH3 and H2O, that might be favored by the morphol-

ogy of the present layers, much thicker that those reported in ref. 

49. 

Finally, stability over time and repeatability have been considered 

by collecting new sequences of exposure 9 months later with re-

spect to those shown in Figure 3. Data are shown in Fig. S10 of the 

SI file. Sensor resistance values over time are reported in Table S3 

of the SI file. After 9 months, the baseline resistance values de-

creased by 18.5 % to 36.8 % of the starting values. 

 

The experimental evidence presented so far allow us to discuss the 

possible mechanism underlying gas-MINT layer interactions. At 

the level of analyte-MINT interaction, the overall response of the 

sensing layers can be related to charge transfer between this mole-

cule and the MINTs. With the MINTs being initially p-doped, we 

register an increase of majority charge carriers (holes) determined 

by the absorption of the oxidizing NO2 which turns into an increase 

of the measured current. A detailed presentation of the results of 

exposures to NO2 is reported in Fig. S11 and Table S4 of the SI. 

Consistently with findings for NO2, exposure to reducing NH3 de-

termines a decrease of holes due to electron donation, and therefore 

a decrease of the current intensity.  

Beyond this fundamental mechanism, it is important to consider 

other effects in the overall response of sensing layers that can be 

related to the morphology of the layer itself.  

After synthesizing MINTs, the amount of functionalization with re-

spect to the total mass was measured using TGA (see Fig. S1 of the 

SI). The results (reported in detail in Table 1 show that approxi-

mately 25% of the total MINTs mass is represented by the func-

tionalization. This means that for each nanotube, a high number of 

interlocked macrocycles is present –approximately one macrocycle 

per 300 SWNT C atoms. This fact has at least two main conse-

quences:  

i) at first, we suppose that a high coverage of the SWNTs with mac-

rocycles reduces the tendency of SWNTs to form aggregates. This 

would favor a higher MINTs spreading on the substrate and there-

fore a higher active surface for gas interaction. This is consistent 

with the increase of the response of MINTs with respect to bare 

SWNTs. Furthermore, the increase of dispersion is expected to in-

crease of the sample resistance, due to the reduction of contact 

points between SWNTs [51]. This expectation is met by the data 

on resistance reported in Table 1. Indeed, while the resistance of 

the bare SWNTs was about 652 Ohm, MINTs samples displayed a 

resistance in the 1159-2829 Ohm range. Similar mechanisms were 

proposed in Ref. [52] where transport in SWNTs layers was dis-

cussed in terms of percolation, charge tunneling, and “quantum re-

sistive” mechanisms. The increase of the overall sample resistance 

may lead to an increase in the I/I (=R/R) response of the system. 

This can also be explained by assuming that the sensing layers can 

be modelled in terms of bundles of SWNTs connected as a set of 

parallel resistances. This is discussed in more detail in the SI (Fig. 

S12 and related comments).  

ii) The MINTs more efficient dispersion on the IDE surface with 

respect to bare SWNTs not only yields a higher sensing surface but 

also allows the gas to penetrate more efficiently into deeper layers 

and reach MINTs close to the charge-collecting IDE, thus reducing 

scattering along the conductive paths to IDE. This is demonstrated 

in Subsection 3.4 below. 

Finally, iii) Functionalization may play a fundamental role regard-

ing the increase of the sensing performance, but a rigorous assess-

ment of this aspect requires a more systematic structure-activity in-

vestigation. 

As for the apparent selectivity to target gas molecules (Fig.4), we 

observe that ammonia is the smallest among the considered gas 

molecules [see, e.g., Ref. 53]. Therefore, if mechanism (ii) men-

tioned above holds, then the larger response can be related to a 

more efficient diffusion of NH3 from the surface of the sensing 

layer in close contact with the underneath IDE. A similar explana-

tion can be assumed for NO2, which in addition displays a strong 

interaction with the sensing layer, as compared to the other ana-

lytes, as shown in Fig.4. In this frame, the role of functionalization 

is still an open issue. Beyond this steric hindrance aspect, we cannot 

exclude that interaction of the different target gas molecules may 



 

lead to a different extent of charge transfer and, therefore, selec-

tively tune the response to some gases, but as mentioned above, the 

effectiveness of a specific functionalization to capture gas mole-

cules and transfer charge still has to be demonstrated. 

 

  

 

 

 

Figure 5. Left panel: calibration curves for exposure to NH3 in the 1-16 ppm range. Lines have been drawn as a guide for the eyes. Right 

panel: Calibration curves for SWNTs (a), MINTXYLENE (b), MINTALKENE (c), MINTCOOMe (d) MINTCOOH (e), MINTOH (f) and fit with 

Freundlich isotherms.

In all gas exposures, the sensing layers responses were recorded 

simultaneously in a multi-channel signal readout scheme, thus en-

abling the driving of all devices in the array as an e-nose. Data were 

collected by exposing the e-nose to NH3 and to the whole set of 

interfering gases. The sensor responses scatter plot matrix is shown 

in the upper diagonal part of Figure 6-a. Six clusters of data points 

are detectable, obtained after exposure to acetone (150 to 200 ppm), 

NH3 (12-16 ppm), NaClO (40-50 ppm), EtOH (150 to 200 ppm), 

IPA (150 to 200 ppm), NO2 (2-8 ppm). Panel b), extracted from 

one of the scatter plots of Figure 6-a, shows how it is possible to 

obtain a good discrimination of the contaminants just by using a 

couple of sensors. In this case, we chose two of the best performing 

ones: “MINTXYLENE” and “MINTCOOH” sensing layers. Indeed, the 

six tracks of data points do not overlap, for the concentration ranges 

explored in the experiment. As the negative I/I data points for ac-

etone and ethanol are found above the diagonal line of Panel b), the 

“MINTCOOH” sensing layers displays a higher sensitivity to these 

target gas molecules than the “MINTXYLENE” layer. In the case of 

IPA, both sensors display a similar behavior. Furthermore, discrim-

ination of NH3 and NaClO is mostly enabled by “MINTCOOH”, 

while different concentrations of the same molecules are tracked by 

the “MINTXYLENE” layer. Positive I/I values are registered for 

NO2, which make this analyte easily discriminated in all scatter ma-

trix plots. As the response to NO2 is quite large even at low con-

centrations, in all panels of Fig.6 data for NO2 have been divided 

by 10 to make them visible on the I/I value range used for all other 

analytes. 

An improved discrimination can be achieved through a principal 

component analysis (PCA) of the same data set. PCA was per-

formed on the sensor responses (∆I/I) by using the scikit-learn py-

thon library. All data have been scaled before the transformation. 

The PCA matrix is shown in the lower part of Figure 6-a, while 

the PC1 vs. PC2 plot is shown in Figure 6-c. Indeed, the first two 

principal components carry 97% of the total variance (94.4% and 

2.6%, respectively, Table 2) and, by plotting them, all 5 clusters 

result to be well separated from one another, occupying all areas of 

the PC1-PC2 panel, demonstrating that additional discrimination 

capability can be provided by using an e-nose architecture to data 

collection and analysis. 



 

Figure 6: a) upper part: sensor responses scatter plot matrix; lower part: PCA dataset analysis. The dataset for each analyte was collected in 

the following concentrations ranges. Acetone: 150 to 200 ppm; NH3: 12-16 ppm, NaClO: 40-50 ppm, EtOH: 150 to 200 ppm, IPA: 150 to 

200 ppm; NO2: 2-8 ppm (values scaled by a factor 0.1). b) response of “MINTXYLENE” vs “MINTCOOH”; c) PC1 vs PC2 plot; d) PC1 vs PC2 

vs PC3 plot; e) UMAP plot. 

 

A 3D scatter plot showing PC1 vs PC2 vs PC3 is shown in Figure 

6-d. Adding a further axis enhances even more the discrimination 

of the contaminants, displaying a clear separation among the target 

gas molecules.  

Finally, in Figure 6-e we show that cluster visualization can be fur-

ther improved with other dimensionality reduction techniques. 

More specifically, we used the Uniform Manifold Approximation 

and Projection (UMAP), which reduces dimensions of a graph 

(from 6 to 3, in the present case), by maintaining the features of the 

high-dimensional clusters, such as the distance between the points. 

Therefore, while UMAP analysis helps exploring the multidimen-

sional dataset space, searching for clusters, and improving data rep-

resentation in lower dimensional space, PCA provides interpretable 

results, as the principal components represent linear combinations 

of the original features. Therefore, in the present case, PCA is help-

ful to discuss the role of each sensing layer in the discrimination of 

target gas molecules. Indeed, further comments on the PCA dis-

crimination capability can be drawn by the outcome of the PCA 

analysis, reported in Table 2. The first two principal components 

account for 97% percent of the total dataset variance (right col-

umn), cumulative variance) and almost 95% is ascribed to PC1. 

This guarantees the best clustering performance by using only the 

first two components of the six available. Loadings contain much 

information. One can notice that PC1 is composed of an approxi-

mately equal amount of all the six responses, each one contributing 

with a weight of 16%. Regarding PC2, the situation is different. In 

fact, in this case the contribution of MINTALKENE and MINTCOOH 

are lower than 10%. On the other hand, MINTXYLENE and 

MINTCOOH play an important role, with weights equal to 40% and 

30% respectively. These values are followed by pristine and 

MeOH, with weights values of approximately 16%. 

These results show that, though two selected sensors can be used to 

achieve a discrimination of most analytes, the combination of PCA 

and UMAP analysis further improves the result, the first analysis 

being able to show that all sensors contribute to the discrimination 

improvement (see loadings for PC1), the second to provide an ef-

fective representation of clusters.  

In view of possible applications of this e-nose, we explored a typi-

cal case where the e-nose can be used for sensing in breathomics. 

The focus on ammonia will help us to discuss whether ammonia 

can be discriminated over a background of interfering gases and, in 

particular when ammonia is expected to be found coupled with 



 

other biomarkers in specific diseases. Therefore, we proceed to an-

alyze the cases of three possible gas mixtures involving three bi-

omarkers considered so far (acetone, ethanol, and isopropyl alco-

hol). In particular the first mixture was built considering NH3 and 

ethanol, as both biomarkers are known to be present in the exhaled 

breath analysis and allows for an assessment of gastrointestinal 

physiology conditions [54]. For this first case, we have built the 

response to a mixture of NH3 and ethanol (50%, 50%). With the 

aim to see how and where mixture data clusters are positioned with 

respect to the single gases, data have been properly normalized and 

carried into the principal components space as unknown data to be 

classified with the PCA settings obtained from the analysis of sin-

gle molecule classification shown in Fig.6.  

As can be observed in Fig.7, the PCA analysis allows us to classify 

the signal from the mixture that appears as an isolated cluster in the 

PC1-PC2-PC3 space. This cluster indicates that in case of simulta-

neous presence of both analytes, a cluster is expected in the space 

between the NH3 and the ethanol clusters. The mixture cluster is 

easily detectable and well separated from those of the single target 

molecules, showing that when the discrimination of the two initial 

gas molecules is effective (i.e. their clusters are well separated as 

in Fig.6) then the mixture can be effectively recognized. Similar 

results are obtained for ethanol and acetone, as well as for isopro-

panol and acetone. These further results are shown in Fig. S13 of 

the SI file. The concentrations of ethanol and acetone in the exhaled 

breath can be related to diabetes, as acetone and ethanol are indica-

tors of serum glucose levels [55]. In turn, isopropanol and acetone 

have been targeted by Li et al. in [56] who explored the correlations 

between exhaled IPA and acetone with the aim to evaluate diabetes 

diagnostic applicability of exhaled IPA in combination with ace-

tone. 

 

Figure 7: Results of the PCA classification of an EtOH/NH3 mix-

ture. To help viewing the different target gas molecules and the 

mixture, clusters have been evidenced by shaded ellipses. 

 

 

Table 2: PCA loadings for the six sensing layers, relative variance and cumulative value of the principal components. 

 PCA loadings PCA variances 

 SWNTs MINTXYLENE MINTALKENE MINTCOOMe MINTCOOH MINTOH % variance 
cumulative 

% variance 

PC1 0.41 0.41 0.41 0.41 0.41 0.41 97.0% 97.0% 

PC2 0.14 0.65 0.20 -0.46 0.05 -0.56 1.3% 98.3% 

PC3 0.68 0.15 -0.50 0.17 -0.48 -0.02 0.9% 99.1% 

PC4 -0.04 0.11 -0.70 -0.04 0.70 -0.04 0.5% 99.7% 

PC5 -0.48 0.39 -0.12 0.69 -0.19 -0.29 0.2% 99.9% 

PC6 -0.33 0.48 -0.19 -0.34 -0.27 0.66 0.1% 100.0% 

So far, sensors have been produced by dropcasting small 

amounts of solution on the substrate and continue with other 

layers after the solvent evaporated from the previous one (“mul-

tilayer” samples). MINTs-based chemiresistor performances 

have been further improved by tuning the deposition parame-

ters. Indeed, for one of the best performing layers 

(MINTALKENE) we introduced a different layer deposition pro-

cedure. We dropcasted a precise amount of solution, 30uL, “all 

at once” thus obtaining a single deposition sensing layer (here-

after denoted as “monolayer” sample). Indeed, without modify-

ing MINTs solution or experimental setup, it was possible to 

increase to response up to one order of magnitude.  

At the end, the reduced thickness greatly improved the response 

dynamics. The results are shown in Figure 8. We compared two 

chemiresistors, one monolayer MINTALKENE and one multilayer 

MINTALKENE. Experimental setup and conditions are exactly the 

same of the formerly presented exposures. Panel (a) displays 

the comparison between the dynamic responses obtained with 

monolayer and multilayer MINTALKENE chemiresistors by ex-

posing them to acetone, NH3, EtOH, IPA, NaClO and water. 

Panels (b) to (g) show the normalised responses to one gas ex-

posure. It is clear that in all cases monolayer sample completely 

Ammonia/EtOH mixture

EtOH

NH3

EtOH/ 
NH3
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outperforms multilayer one, both in response and times. Re-

sponses are presented in the bar graph in panel (h), including 

their ratio too. It is important to notice that sensing ethanol and 

IPA with monolayer MINTALKENE yields a response almost 10 

times higher than multilayer one, while with NaClO this ratio 

reaches a value of 30. Regarding the dynamic behavior, pre-

sented in panel (i) and (j) for response and recovery time re-

spectively, monolayer MINTALKENE exhibits a response time 

lower than 10 seconds for each target gas. It also displays lower 

recovery time values than the multilayer. Overall, with this 

sensing layer deposition procedure, response and recovery 

times in the dynamic response is significantly reduced and re-

sponse can be significantly enhanced. 

An array of MINT-based chemiresistors has been prepared for the 

selective detection of VOCs. The functionalized sensing layers 

have been tested by exposing them to NH3, EtOH, IPA, benzene, 

NO2, acetone, and NaClO vapors in the 10-200 ppm range. The 

response to analytes results to be enhanced with respect to bare 

SWNTs by MINT functionalization. When assembled into an ar-

ray, the sensing layers were able to operate as an electronic nose, 

disclosing the possibility to discriminate a specific analyte (NH3 in 

the present case) with respect to other possible interfering volatiles. 

In fact, response scatter plots, PCA and UMAP analysis showed 

that a discrimination of NH3 with respect to interfering gases can 

be achieved. The present study represents a proof-of-concept, but 

the physical system selected to build the sensing layers offers a 

large set of parameters to optimize and increase the sensitivity of 

single layers and the overall discrimination capability. Indeed, an 

effective improvement of detection performance has been shown 

for one of the best-performing layers, where the thickness reduc-

tion has led up to a 10-fold increase of sensitivity and to a remark-

able reduction of response and recovery time.  

More generally, we show that MINTs are an attractive material to 

build chemiresistive sensors, consistently outperforming non-func-

tionalized SWNTs. The flexibility of the synthetic methods to-

wards MINTs permits a large degree of structural variation on the 

macrocycles, opening an interesting new avenue for the design of 

SWNT-based sensors. 

 

 

 

 

Figure 8: a) Dynamic responses of monolayer MINTALKENE (solid lines) and multilayer MINTALKENE (dashed lines) during exposures to 

contaminant gases. b) to g) Details of single exposures to the six analytes. In these graphs traces have been normalised to ease the comparison; 

h) responses bar graph and response ratio (single layer / multilayer); i) response time spider plot. Monolayer MINTALKENE is represented by 

a solid line, multilayer MINTALKENE by a dashed line; j) recovery time spider plot
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Supplementary information, containing all the supplementary fig-

ures and text, and experimental data on Ushapes and MINTs syn-

thesis specifications and characterization (NMR, TGA and UV-vis-

NIR and Raman spectra.  
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