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Abstract

Last years have watched the birth and profusion of analytical systems known as “taste
sensors” or “electronic tongues”. Regardless of the fancy names, these “taste sensors” and
“electronic tongues” are primarily analytical instruments and require responsible handling
and application in order to provide for meaningful results. In spite of intensively reported
scientific activities and even commercial availability of such devices, multisensor systems
are still not widely used in routine laboratory and industrial practice but are rather research
instruments. The purpose of this report is to critically analyze different aspects of
multisensor systems’ studies and to highlight problematic issues requiring special attention
from the research community to keep staying objective with reported results and declared

conclusions.
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1. Introduction

From the very beginning one of the main drivers, first of “electronic noses” [1] and
later “taste sensors” (TS) and “electronic tongues” (ET) studies [2-4], was a challenging
idea that a relatively simple artificially made multisensor system (MS) may mimic and even
substitute the taste sense of mammals, even of human beings. Well over two decades have
passed by, and some devices based on this idea perform so and some other do not.

The basic idea behind MS approach to “human-like” sensing is to employ a set of cross-
sensitive chemical sensors that will provide a complex information-rich response from a
sample. This response may be related to qualitative and quantitative sample parameters by
using multivariate data processing tools (chemometrics).

The research in TS, ETs and functionally similar MS rapidly evolved through the last
decades [5-7]. Numerous applications of such systems to food quality control,
pharmaceutical development, environmental monitoring and other fields were reported. The
other side of the popularity coin is the pop-up of research papers with questionable
conclusions due to superficial research organization. Careless attention to important issues
related to good analytical chemistry practices casts a shadow over the whole field. This is
what the authors have certain concerns about, which is reflected in the title of this paper. In
no way we aim to accuse the colleagues in unsuitable practices. There are plenty of well-
organized multisensor studies with convincing content, but there are also others to tip-off.

We would like to suggest our viewpoint to the problems of MS for liquid phase analysis.
The issues described below are not something imaginary but they are real-world problems
that one may find in many published papers. This paper, not being a conventional review,
Is an attempt to generalize some common approaches of MS’s research and to highlight the
most important issues related to responsible development of such analytical devices.

MS for analysis of liquids, most widely known now as ET or TS emerged as a novel
analytical technology in early 90°s [2, 3]. The principle domain of these studies related to
“unmanned” assessment of taste and flavor by artificial sensory devices was declared
already in the first publications and the terms TS and ET obviously correspond to this.
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Since then, a continuous growth of research papers in this field was observed. The
annual number of papers containing “electronic tongue” or “taste sensor” in the title,
abstract or keywords (Scopus™), increased quite significantly from just 25 in 2000 to about
150 in 2018. Over 50 papers on “bioelectronic tongues” published mostly in the last decade
adjust closely to this field also. The area looks now mature with different teams contributing
to this research in many locations. Researchers from at least 22 countries all over the world
published ten or more papers on these topics.

This growth is not surprising considering the main advantage of multisensor systems:
an opportunity to perform rapid machine assessment of complex integral sample parameters,
including those related to taste and flavor, without immediate involvement of living beings.
Several other important analytical advantages can also be pointed out: fast and technically
simple measuring procedure, often it can be direct measurement; simple (or none) sample
preparation; potential applicability for on-line measurements; inexpensive sensor
technologies. Curiously, there is a widespread problem pertaining to the area, which, likely,
originates in the field of human psychology. Since MS were traditionally called TS and ET
many people, even in research community, would tend taking artificial devices for natural
sensory systems. We believe it is a very serious mistake, though quite common. If the
system is called a “taste sensor”, it does not mean that it necessarily measures tastes! This
delusion is often accompanied by a number of methodology failures described below.

It should be clearly understood that irrespectively of human-like names such as TS or
ET and multiple other attempts to “animate” such devices one is dealing with lifeless
analytical instruments that would perform correctly if only normal experimental rules and
reasonable approaches are going to be followed. In fact, the term “multisensor systems” is
the most correct one from the point of view of analytical chemistry to describe all kinds and
types of “electronic tongues”, “taste sensors” and the like devices.

TS or ET even properly configured will perform not exactly as the human sense but as

a functional analogue of such. Moreover, if the sensors of your MS were not sensitive to the



components of your sample, the system would not work correctly, even if calling it TS or
ET!

The purpose of this paper is describing the important issues related to MS studies and
providing some views on good practices in this research field and commenting other to be
avoided. It has been organized according a traditional analytical study, including samples,

sensors, the measurements themselves and data processing.

<Fig.1>

2. Sample’s related issues

Though many considerations related to sampling are typical not only for MS but also
for other methods of analytical chemistry dealing with real-world analytes, some of these
aspects should be mentioned here for better understanding of the features of MS
methodology and the results obtained using such devices.

The number of analyzed samples is ultimately important for any scientific paper on
analytical chemistry. However, some papers are claiming to solve certain tasks, such as taste
assessment and quantification dealing with a very limited (and obviously insufficient!)
number of samples. In such cases it is hard to yield a solid proof of system’s performance.
A typical problem of a number of papers in this area is an overoptimistic approach to
performance of TS and ET. The “taste sensor” used to be a nice illustration of this issue.
The sensitivity of the sensors of TS e.g. to quinine and a few other bitter substances (e.g.
[8-10]) does not guarantee the sensitivity of TS to bitter taste at large, stipulated by any kind
of bitter substances. This has to be proven and confirmed. The capability of generalization,
crucially important for human taste sensation is significantly understudied for artificial
sensory systems, though widely and unreasonably declared. Unfortunately, this seems to be
one of the most serious problems of TS and ET so far, whatever controversial declarations

one can find in some published papers.



A crucially important feature of real-world samples such as foodstuffs is their natural-
born, intrinsic variability. The samples of the same product, e.g. juice, even of the same
producer, might be rather similar but would never be identical. The results of the analysis
of such samples by a MS would inevitably contain additional uncertainty related to inherent
reproducibility issues with the samples.

Another problem to be mentioned are the studies employing MS for discrimination of
a limited set of apparently different samples, such as e.g. water, milk and orange juice.
When the considered area had just emerged, few of such trivial experiments conducted with
a few samples could have been considered as a “proof of concept” confirming that MS
approach works. However, such primitive studies after many years of successful
development of the field can hardly be justified.

The problem of a low number of samples may sometimes be related to their uniqueness,
but also to improper planning of the experiments. Insufficient number of samples implies
an obvious problem for responsible multivariate data processing and dramatically reduces
the value and representativeness of derived models. Any study dealing with
identification/classification of sample varieties has to be properly planned and developed
showing sound statistical proofs related to consistency and reproducibility of the task done,
and this will be highly depending on the replicas done and/or the number of independent
samples per class.

Many samples analyzed by MS are unique, especially those that were obtained e.g.
from producing companies or from various natural sources. The consequences of this
situation are twofold. Firstly, it is impossible to correctly reproduce many of the experiments
reported, even though they were described in proper details. This is an unusual situation in
science papers and assumes high degree of reliability and reproducibility of MS used in such
experiments. Unfortunately, this issue is more a matter of trust than the result of dedicated
experiments. Many reported results cannot be verified or even reproduced in independent
studies with the same set of samples, thus seriously decreasing the possibility of result’s

confirmation. Secondly, it is highly complicated to compare performance of the instruments



and quality of the results obtained by different research teams, on different samples, with
different MS and under different experimental conditions. The whole area falls apart into
isolated smaller fields because it is hard to compare and generalize many results and to
consider them jointly.

In such a situation, we believe that collaborative efforts (e.g. [11, 12]) are one of the
possible ways out of this cumbersome situation. Serious inter-laboratory efforts comparing,
verifying and standardizing the output of different MS will be definitely of the highest value
for future responsible analytical practice. Another suggestion is that the authors would make
the raw data from their experiments available (e.g. as supplementary material), so that
anyone interested could perform the processing in order to arrive to the same (or even better)

results.

3. Sensors applied in multisensor systems

Cross-sensitivity of the sensors employed in a MS is a crucial feature. It is also known
in the literature as non-selectivity [13, 14], global selectivity ([15] and multiple references
therein), cross-selectivity [16, 17] and other similar names. All these diverse names are
describing the same phenomenon stipulating a very important feature of such sensors — they
can exhibit a measurable, reproducible and stable response not only to a single analyte
(substance), but also to a group, a spectrum of analytes. Reproducible sensitivity along with
stability of performance is an obvious prerequisite for reliable functioning of a MS of any
type.

In order to provide for meaningful results the sensors of the array should possess
pronounced and reproducible sensitivity towards substances responsible for the target
features under analysis. This means that an attempt to quantify the astringent taste in red
wine with a set of sensors with no sensitivity towards polyphenolics will never be
successful. It is very important that one should possess a set of sensors, but not just a single

astringent (or bitter, or salty, or sweet, etc.) sensitive sensor, since NONE of the sensing



materials known so far would be sensitive to ALL possible classes of astringent substances
that might be found in natural-born samples.

The sensor array of MS should be customized for each particular application. This is
not always true in real experimental practice since one has to have the widest choice of the
sensors applicable for different samples, tasks and analytes. Standardized and small sensor
arrays, especially commercial ones, are not really optimized for numerous practical tasks in
terms of sensor array sensitivity and cross-sensitivity, though the commercial claims [18,
19]. Even chemical composition of e.g. beers and mineral waters are quite different, an
attempt to analyze them with a single and not optimal sensor array formed, for both types

of samples, by exactly the same few sensors may hardly be successful.

<Fig.2.>

We are deeply convinced that so far, there are no universal sensor arrays that may be
applied for quantification of taste and flavor attributes in any kind of samples. Let us
consider sweet taste. Fig. 2 shows chemical structures of various sweet substances. They
are all sweet but very different in structure and properties; moreover, from chemical point
of view, it is not realistic to synthesize a receptor that could provide for effective binding of
all these diverse compounds. A universal sweet (or any other) taste sensor is hardly possible.
Thus, application of small and standardized sensor arrays without giving proper respect to
chemical nature of samples and sensor’s sensitivity and cross-sensitivity is a doubtful way
to ensure robust performance of MS. Much more realistic alternative to “universal” sensor
systems is tailored development of sensor arrays for particular application, or at least
particular type of analytes/samples, taking into account specific chemistry behind. This is a
time consuming and highly complex research, performed rarely in the field.

One should have a wide enough choice of cross-sensitive sensors to realize this
approach. In relation to this, in the multiway approaches, the point that must be verified is

that the system is well overdetermined (enough information is carried by the sensors to



resolve the analytes sought) and no autocorrelation between sensors occur. If we use several
sensors, and their responses are just proportional one to the other, the system will be ill
conditioned and its performance will be reduced.

It is important to notice that there is no widely accepted and workable theory of cross-
sensitive sensors. The existing theories e.g. that of potentiometric ion-selective electrodes
(e.g. [20]) are of limited value for such sensors because these theories are not dealing with
cross-sensitive low selective sensors and would fail in complex multicomponent media with
unknown interferences. Moreover, most of the theories were developed so far just for
discrete sensors and they are not useful for multisensor arrays at all.

Curiously, some resonating ideas concerning ion-selective electrodes suitable for array
application were suggested as long ago as in 1988 [21] but were disregarded by the
researchers, though could have suggested a starting point of dedicated sensor research.

Most potentiometric sensors suggested for MS so far were actually inspired more by
ion-selective electrodes rather than by any biological sensors or any other analogues (e.g.
[21]). A wide use of the term “lipid sensors” changes nothing in this aspect and seems a
word play rather than an original idea [2, 15, 22]. Many organic molecules with a non-polar
backbone and functional groups capable to dissociate may be called lipids but this fact does
not bring us any closer to biological sensory systems. At last, those “lipid sensors” are very
close to ionophore-free potentiometric sensor, which have been in use for years [23].

Another important problem of the sensors employed for MS is a possibility of
unconventional contamination or unknown adverse effects induced by analytes. Most of the
analytes studied by MS are organic substances, such as drugs, or complex mixtures,
including foodstuffs. Contamination of sensing materials by these substances, surely, may
occur but is rarely reported. Consequences of such contamination and even serious chemical
changes that may happen in the sensing materials must be considered. Otherwise, the effects
might be taken by noise of whatever nature or specific interaction of an analyte with the

sensing material having little in common with meaningful multicomponent response.



Response stability of the sensors is not discussed properly in the vast majority of
published cases either. Long-term stability of the sensors is neither duly reported. It must
be noted that even if sensors used in MS were once properly checked in some laboratory
solutions and their long-term stability was studied there, the performance of the same
sensors may significantly differ in complex solutions, particularly those containing
organics. Thus, reliable and stable long-term calibration and re-calibration sequences
adjusted to certain features of particular analytes have to be developed and applied.

If MS design takes into account the issues mentioned above then MS may produce
meaningful results about the content of certain components and it may generate reliable
chemical information about integral complex parameters, such as taste and flavor attributes
of the sample. If MS includes not enough sensitive, unstable and unreliable sensors, rapidly
drifting or deteriorating ones then there will be no chance to end up with anything, besides

garbage, even if you call such device a “taste sensor” or an “electronic tongue”.

4. Measurement process

A widespread delusion concerning measurement protocol is that MS must be applied
necessarily under precise conditions of calibration method. Trying to follow the same
sample pretreatment protocol as for sensory panel (e.g. dealing with the samples without
appropriate dilution), or the same as for some reference method, without taking care about
chemistry behind these operations, may sometimes damage sensors or make them work
under too hostile conditions. There are many examples where simple sample pretreatment
procedures was quite favorable for establishing nice correlations with human sensory panel
marks, much better than with intact samples. Dealing with beers [24, 25] kieselguhr filtering
eliminates CO2 bubbles and counteracts their sticking to sensor surfaces. This made sensor’s
performance dramatically more stable without any significant change of parameters of the
analyte. In experiments with wines [26-28] slight dilution of the wines by distilled water
was very favorable for sensor’s stability and reproducibility and this simple procedure
improved significantly the quality of results. Normally, in multisensor studies, the
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achievement of correlation between a sensor array and a reference method of whatever kind
is sought. If such a correlation is much better when employing a minor sample preparation,
this procedure must definitely be used.

It is important mentioning that a random order of measurements in replicated samples
is quite necessary for ET studies as well as in any other analytical field. It may help avoiding
possible cumulative effects of the samples on the sensors and such randomization is
necessary for good analytical practice. Unfortunately, this side of the story is rarely reported
and it is hard to say at all if this protocol is widely applicable to MS.

Advanced data treatment procedures are efficient tools, especially in identifying
patterns in the samples. If samples were prepared/measured with a certain structure, this is
a first observable that may be noticed. Randomization of samples in preparation and
measurement is the only way to get reliable results.

Signal acquisition time is an important issue, especially for potentiometric sensors. In
complex analytes a true thermodynamic equilibrium between sensor membrane and the
sample may take much longer time than in a simple solution. The degree of stationary state
achieved surely depends on the chemical nature and concentration of the samples and can
be significantly different both in different samples and even in different standard
(calibration) solutions. The measurements might be taken each time at different parts of
dynamic equilibrium curve, at different distances from the final equilibrium point and this
is not improving precision and quality of the results. This implies the necessity of strict
measurement time control in order to provide for reproducible MS response.

A misconception sometimes found is related to the number of voltammetric sensors in
the array. A unique voltammetric sensor is able to extract a large amount of information,
given the vector nature of the voltammogram, but the ET approach assumes a number of
electrodes with cross-response features. The described situation is nothing more than a
multivariate treatment of a voltammogram [29], an approach also frequent in the sensor

field. This diagnostic is repeated if there are a number of different electrochemical
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techniques used with a single sensor; again this setup does not follow the consensus
definitions.

Reproducibility of the measurements with MS and detailed methodology of
experiments were scarcely reported. Sometimes only a few measurements were performed
in a sample, while the samples were also few and the results appeared being quite uncertain
[30-33]. Since this might be accompanied by a lack of replicas, if any at all, some reported
results would become highly doubtful and unreliable. The failure to follow responsible
analytical (and even common sense) foundations in some experiments is pushing the whole

area in the direction of exotic curiosities rather than valid scientific methods.

5. Data analysis and results interpretation

Responsible application of appropriate data analysis techniques is indispensable part of
MS methodology. Since the response of a sensor array is a set of numbers, a vector, not a
scalar, the use of chemometric tools is justified. A very nice overview of the popular data
processing methods can be found in [34]. In fact, the careless use of data processing has
been claimed as one of the main drawbacks for ENs and ETs [35], as this can be a source
of significant uncertainties and misinterpretations of multisensor results. Below we will
discuss several most typical cases.

After the measurements with ET one tries to relate MS data with reference values of
target quality parameters to see whether it is possible to predict sample features based on
MS’s response in those samples. The observed correlation should be validated for statistical
significance using independent test set of samples, i.e. by prediction of their parameters and
comparison with reference technique.

In spite of the fact that the number of various chemometric techniques is huge, only a
limited number of such methods have gained wide acceptance in multisensor studies. The
most popular tool is PCA (principal component analysis) [36]. PCA allows for reduction of
data dimensionality while keeping all useful information, for exploration of hidden data
structure or for highlighting significant sensors in a sensor array. Typically, PCA is applied
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to the results in order to evaluate the potential of sensor array in recognition of the studied
samples. This can be based on geographical [37] or biological origin [38], authenticity [39]
and numerous other characteristics. If PCA score plot shows the meaningful clustering of
samples then one can claim that MS is capable of sample recognition. An important issue
regarding these PCA score plots is that numerous papers employ them as a proof of sample
classification ability of MS. Strictly speaking this is not so, since PCA is not a classification
technique, unless some metrics for sample attribution to a particular class are introduced.
Moreover, classification performance of MS requires thorough validation and calculation
of certain figures of merit, like sensitivity, selectivity, or total percentage of misclassified
samples [40]. This validation should be done with sufficiently large and representative
independent test set. PCA as such does not allow performing these operations and real
classification methods should be employed instead. SIMCA (soft independent modeling of
class analogy), LDA and QDA (linear and quadratic discriminant analysis), KNN (k nearest
neighbors) techniques can be used for classification [41].

PLS-DA (partial least squares discriminant analysis) is another popular classification
tool; however, it also requires certain precautions. First, PLS-DA score plots should not be
used as a demonstration of system performance [42]. PLS algorithm looks for the variance
associated with the difference in classes even if this variance is related to e.g. noise. In such
situation special attention has to be paid to the number of latent variables in PLS-DA model,
when it is quite large (>5) it can be a potential sign of model overfitting. Another important
issue regarding PLS-DA is that the method is poorly applicable for one-class classification
problems [43, 44] since it requires representative sampling of both classes in order to capture
variance structure. When dealing with one-class problems it is often hardly possible. A
representative sample set for authentic samples is realistic while that for non-authentic ones
is very unrealistic because any possible type of non-authentic sample has to be considered
for representativeness. As an alternative approach to the tasks where one-class classification

is needed, the use of SIMCA can be recommended instead. This method is aimed at the
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modeling of variance inside the target class, and thus it is better adopted for the purposes of
authenticity analysis.

PLS is probably the most common tool for regression analysis in multisensor studies
and it is employed in the majority of the reports to derive mathematical models relating
sensor array response with numerical values of certain sample quality. A very important
issue here is the validation of regression models. Validation will allow judging on future
predictive performance of a particular model and thus, proper investigation of this
performance is of paramount importance for any practical application. There are several
ways of model validation depending on the split of available samples into calibration and
validation sets. Because availability of reference data on analyzed samples is quite often
limited because of “time and money” considerations, the researchers widely apply cross-
validation to verify the validity of their models. This approach implies the interchangeable
use of the same samples in both calibration and validation sets [45]. In its ultimate version
— full cross-validation, or so called “leave-one-out” (LOO) cross validation — each sample
is becoming a validation set once and the results over all samples are averaged in RMSECV
value (root-mean-squared error of cross-validation). Such type of validation is usually
criticized in chemometrics for the proneness to yield biased overoptimistic results with
respect to predictive performance assessment [45]. Validation with independent test set of
samples, which were not employed for calibration, is recommended instead. When number
of samples is limited, LOO can be an option to judge on model performance, however, in
this case it is not recommended to make some far-reaching conclusions on the real predictive
performance of the system. Another option to confirm the validity of the observed
correlations between MS response and some quality parameter of interest when the number
of available samples is small can be a permutation test [46]. In this test, the Y-vector with
reference values is randomly permuted several dozens of times and the observed RMSECV
values are compared to original Y-vector that is supposed to have the lowest RMSECV.
Another result will normally imply the absence of meaningful correlation between system

response and sample quality. One more issue regarding the validation of the models relates
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to the data split. In some papers, several replicated measurements with MS in a single
sample are considered as physically different and independent measurements, these
replicated measurements in the same sample are then being split between calibration, and
validation sets. Responsible laboratory practice suggests, however, very different approach,
which assumes different, totally independent samples, randomly ordered multiple replicas
and appropriate experimental planning. Current lack of these obvious elements of good
laboratory practice in MS deteriorates the value of some nice research ideas.

Another wide spread data processing technique that may be used with MS are Artificial
Neural Networks (ANNSs), which have demonstrated to be highly versatile tools, as they can
be used for qualitative identification/classification or for numerical quantification of a
concentration/property.

Quite often, the results of regression modeling in MS studies are provided in terms of
RMSEP (root-mean-squared error of prediction). It must be pointed out that this metrics has
the dimensionality of the target predicted value and thus it has to be always reported together
with the range of variation of target value. Otherwise the claims like “RMSEP was 0.5 which
is a good result” tell nothing useful to the readers as they can describe the calibration range
of 0.6 — 0.8 and then such results are hardly good.

When the dynamic range of an estimated parameter is large, RMSEP can also become
inappropriate measure of model performance. Measuring some value inarange 1 —200 a.u.,
RMSEP of 5 may seem to be a reasonable precision. However, at the lower border of the
range, when studied parameter is 1-2 this RMSEP assumes several hundred percent relative
error. Vice versa, when studied parameter is around 200, this RMSEP is below five percent
relative error. This happens due to averaging step in RMSEP calculation. In order to provide
a more practical estimation of modeling error in such cases MRE (mean relative error) can
be calculated. In this case averaging of all relative errors observed for each sample in the
test set is done and thus the MRE value may give more relevant information.

A special comment is needed when the sensors in ET are voltammetric; in this case the

measured data is of high complexity and high dimensionality since a voltammetric sensor
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will provide a vector as a measure, i.e. a number of currents per each applied voltage. In
contrast, a measure from a single potentiometric sensor is simpler; it is just a scalar, some
steady state potential. This high dimensionality is not easily accepted by data processing
alternatives, establishing a correspondence between a vector of measured data and a
(simpler) vector of predicted properties. There are particular algorithms such as n-PLS
suitable for this situation [47], but they are not widely used and demand a higher level of
expertise. A further way to proceed is to compress the voltammetric signal into a reduced
number of scalars (or coefficients), and use then the vector built appending all scalars from
all sensors as the information for modeling (see Fig 3). This compression/reduction of the
data can be accomplished through different approaches. Some of the simplest ones are the
use of PCA or PLS, or even the windowed slicing integral, that uses a number of segmented
areas of the voltammogram [48]. The use of Fourier transform or Wavelet transform (also
used in video compression) can be another way of reducing in a factor of ca. 90% the size

of original data.

<Fig.3.>

A questionable procedure is described in the literature hat can lead to invalid results if
not properly used. This is the feature extraction approach, which corresponds to measuring
significant characteristics of the raw signal, a procedure that is routinely used in the work
with gas sensors and ENs. The point is that, in voltammetry, there are specific features, that
are related to the peaks recorded for the reduction and oxidation processes (such as
potentials for the maximum current, V1, V2, V3, maximum current values i1, iz, i3, even
widths of the observed peaks, wi, w2, ws). The use of these features play efficiently the role
of the data compression stage, therefore they can be perfectly licit and will arrive to correct
results. But one still detects attempts to decompose the voltammetric signal in features,
normally inspired in the time transient displayed by gas sensors, only that their equivalent

are non-sense in voltammetric ET or TS systems. Among these, one has seen maximum and
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minimum recorder currents (imin, imax, although these can be related to solvent redox
processes), width between oxidation and reduction wave (Al), slope of the latter (), initial
slope increase of signal (o) etc. This feature extraction only demonstrated the authors are
familiar with electronic nose data treatment, but they lack familiarity of the working
principles of voltammetric sensors [39]. Figure 4 illustrates the improper (A) and proper (B)
features of voltammetric signals for the reduction of information in ET and TS systems.
And even worst, it happens that chemometric tools used can be so powerful that they can
extract correspondence between sought properties/concentrations and certain noise patterns
in the extracted features, then arriving to response models with reasonable statistic
indicators, only highly questionable because of validity of initial data [49]. Such
inconsistencies obviously pass on only because the proper validation strategies are not

performed with all needed rigor.

<Fig.4.>

A final issue worth mentioning in this section is related to Occam’s razor principle.
Some papers in literature tend using very sophisticated data processing algorithms to handle
MS data. While there is nothing bad about these algorithms themselves, a clear motivation
for the employment of this particular approach is often not provided. Moreover, comparison
with conventional tools is not given and it is unclear whether some new trendy algorithm
outperforms “cheap and dirty” PLS indeed. A famous chemometric concept GIGO (garbage
in — garbage out) must never be ignored; if the data do not contain the information the one
is looking for — it really does not matter what type of preprocessing, processing and post-

processing will be applied, the result will be all junk.

6. Future research — calibration transfer, drift correction, theory
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In spite of the fast development of MS technology and massive body of literature on the
topic, TS and ET are still far from being a routinely accepted method for laboratory analysis.
Several problems hinder MS introduction into daily analytical routine. First group of
problems relates to the long-term response stability of sensor arrays. As it was discussed
above, upon the interaction with complex multicomponent samples, sensor surfaces may
get  contaminated/affected  with  certain  sample  components due to
adsorption/sorption/electrochemical reactions and this may lead to sensor’s performance
deterioration and drift. The changes in sensor readings in turn may invalidate the
multivariate classification/regression models. In order to avoid frequent recalibration
(which can be a tricky task in case of ET as the availability of the appropriate calibration
samples can be limited and the required number of such samples is often large) various
mathematical methods can be applied [50]. This question is not well studied in MS literature
yet, and so far, only several reports addressing these problems are available [51, 52]. Further
dedicated studies are definitely needed in this respect.

Another problem associated with possible mass production of MS relates to the
necessity of multivariate calibration transfer protocols. This would allow using the
calibration model established by the instrument producer for a single master instrument
together with all other sensor arrays of the same type without the need for a separate
calibration for each one. While the calibration transfer protocols are already well established
for spectroscopic instruments [53], their application for multisensor systems was just started
recently [12, 52, 54].

Another important problem relates to the lack of formal description of traditional
analytical figures of merit, like selectivity, sensitivity, detection limits for MS. This issue
hinders reliable comparison of various MS systems between each other. Due to the
multivariate nature of MS response, these parameters are not easy to assess and the
theoretical basis for such assessment is still under development [55]. It is also important to

highlight that in case of global quality parameters of samples (like taste descriptors) some
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performance metrics besides RMSEP values are even hard to introduce. The multisensor
research area definitely lacks strict theoretical description.

We believe that future MS research will focus (but of course not limit) on these issues.

7. Conclusions

The electronic taste sensing is a rapidly developing field of research in analytical chemistry.
Various fancy terms like “electronic tongue” or “taste sensor” were widely employed to
describe this approach based on combination of multisensor arrays and chemometric data
processing. These somewhat easy and superficial terms may provoke corresponding
superficial attitude from research community especially from newcomers to the field. In this
paper, we tried to give our vision of appropriate analytical practices leading to convincing
results in “electronic tongue” studies. Being analytical instruments, “clectronic tongues” of
whatever type require responsible planning and application of all good analytical practices
in order to arrive to meaningful conclusions. This relates to all conventional steps in
multisensor studies: goal setting and experimental design, sample preparation steps, choice

of particular sensors for arrays, measurement protocols and data processing.
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CAPTIONS FOR FIGURES

Figure 1. Issues to consider in multisensor system’s studies

Figure 2. Chemical structure of some widespread sweet substances. They are all sweet

but very different in chemical structure and properties.

Figure 3. General strategy to cope with the high dimensionality situation occurring when

working with voltammetric ET or TS systems.

Figure 4. Bad (A) and proper (B) features extracted from voltammetric measures.
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