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Abstract

Metal-oxide chemosensor arrays lose analytical validity over time because their sensing layers age, so that a
calibration model built today misclassifies samples measured months later. This work characterises that drift and
tests what can be done about it without acquiring new reference standards, using a public archive of 13 910
measurements recorded with a sixteen-element array over 36 months for six volatile analytes between 1.0 and
1000 ppmv, each described by eight descriptors per sensor. A variance decomposition shows that the between-
session mean square of a typical descriptor exceeds its within-session residual mean square by a median factor of
123, and that the session-to-session shift is shared by the six analytes (median pairwise correlation 0.52, all 15
pairs positive) and confined to a low-dimensional subspace, two components accounting for 79.7% of its
variance. Drift susceptibility is not shared equally: the steady-state resistance change and the slowly smoothed
decaying-transient descriptors are the most robust, the baseline-normalised steady-state descriptor and the rising-
transient descriptors the most fragile, a 3.0-fold difference. Filtering the descriptors on that ranking does not,
however, improve prospective accuracy, so the ratio is a diagnostic rather than a variable-selection criterion.
Three signal transforms, eight correction strategies and three classifiers were compared under strictly forward-in-
time protocols in which a model never sees a measurement session later than those used to calibrate it. Without
correction, six-analyte recognition falls from 99.1% within the calibration session to 41.8% over the following
three years. Session-wise autoscaling, which needs neither reference standards nor labels nor a drift model,
recovers a large part of that loss; component correction performs comparably but needs a drift model, and
orthogonal signal correction is worse than no correction at all.
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1. Introduction

Arrays of partially selective chemical sensors, read out with multivariate calibration, have
become an established instrumental option whenever a volatile mixture has to be recognised
quickly, cheaply and without sample preparation [1,2]. In the most widespread
implementation the transducers are metal-oxide semiconductor (MOX) resistors whose
conductance changes when reducing or oxidising species adsorb on the heated sensing layer
and modify the depletion region at the grain boundaries [3,4]. Because a single MOX element
responds to almost every reducing vapour, selectivity comes from the array rather than from
the transducer: the pattern of responses across several sensing layers is decoded by a
chemometric model [5,6], a strategy that underpins applications from indoor air-quality
monitoring to food and process control [7,8].
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The analytical weakness of the approach is that the transducers are not stable. Sintering and
coarsening of the polycrystalline grains, slow poisoning by irreversibly adsorbed species and
ageing of the heater change the sensing layer continuously, so the response of a given element
to a given analyte at a given concentration is not after months of operation what it was on the
day of calibration [9,10]. This phenomenon, universally called drift, is not measurement noise
but a systematic, slowly varying displacement of the multivariate response, and it is the single
largest obstacle to using sensor arrays as routine analytical instruments: a model perfectly
validated at the time of construction can be invalid months later, which forces recalibration
with fresh standards and defeats much of the cost advantage of the technique.

Two families of counter-measures have been proposed. The first models the drift explicitly
and subtracts it. Univariate baseline manipulation and curve fitting of the temporal trend of
each sensor were the earliest options [11,12]. Component correction, introduced by Artursson
and co-workers, estimates the direction of the drift in the multivariate space from repeated
measurements of a reference gas and projects that direction out of the data [13]. The same
idea has been implemented with standardisation regressions borrowed from calibration
transfer [14], with orthogonal signal correction (OSC), which removes the part of the response
matrix orthogonal to the class information [15], and with common principal component
analysis, which seeks the drift subspace shared by the analyte-specific covariance matrices
[16]. The second family adapts the decision rule instead of the data, by recursive model
updating [17] or by ensembles of classifiers trained at different times [18,19]. Related work
addresses the mitigation of individual sensor failures [20], arrays in open sampling systems
[21] and the design of the calibration experiment [22]; reviews of both families are available
[7,23].

Three points remain unsatisfactory. First, most drift studies are carried out on records of
weeks to a few months, whereas the practically relevant question is what happens after years.
Second, performance is frequently reported with random or cross-validated splits, which let a
model borrow information from sessions that would still lie in the future in a real deployment,
so the figures of merit are optimistic by construction. Third, and most important for the
analyst, the comparison is nearly always made between drift-correction algorithms, while the
choice actually under the analyst's control at the method-development stage, which descriptor
is extracted from the sensor transient, is rarely examined for drift susceptibility.

The present work addresses the three points on a public archive of 13 910 measurements
acquired with a 16-element MOX array over 36 months for six volatile analytes [18,24]. The
objectives are (i) to characterise the geometry and magnitude of the drift by decomposing the
response variance into between-session and within-session components; (ii) to define a drift-
to-noise ratio that ranks each of the 128 descriptors by its susceptibility to ageing; (iii) to
compare three signal transforms, eight correction strategies and three classifiers under strictly
forward-in-time protocols, so that the contribution of each element of the pipeline can be
separated; and (iv) to derive practical recommendations for laboratories that must keep an
array in service without frequent recalibration. The literature covered spans 1982 to 2014. The
measurements analysed here were recorded at the ChemoSignals Laboratory, BioCircuits
Institute, University of California San Diego (USA), over a 36-month period ending in
February 2011, and were released through the UCI Machine Learning Repository [24].
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Protocol I: session I Protocol IT: sessions 1-2  Protocol III: rolling, sessions 1..k-1

descriptors, transformed, corrected for drift and classified. Every element downstream of the
descriptor extraction is fitted on the calibration sessions only, and the three validation
protocols differ solely in how many past sessions the calibration set is allowed to contain

2. Materials And Methods

The study uses the Gas Sensor Array Drift Dataset at Different Concentrations, distributed
through the UCI Machine Learning Repository [24] and described in detail by Vergara and
co-workers [18]. The measurements were produced by a fully computer-controlled gas-
delivery platform that dosed six pure volatile substances into a test chamber containing a 16-
element MOX array: ammonia, acetaldehyde, acetone, ethylene, ethanol and toluene. The
array comprised four units each of four commercial Figaro sensor types (TGS2600, TGS2602,
TGS2610 and TGS2620); the units are identified below as S1 to S16 in the order in which
their descriptors appear in the archive. The complete record contains 13 910 measurements
collected over 36 months and is distributed as ten batches, each grouping the measurement
months indicated in Table 1. Because every batch corresponds to a distinct period of operation
of the same instrument, the batch index is used throughout as the measurement-session index,
the two terms being interchangeable.

Table 1 Composition of the measurement archive. Each batch groups the measurement
months listed in the second column; the remaining columns give the number of measurements
of each analyte

Batc| Months |Ethanol/Ethylen| Ammo |Acetaldeh| Aceton | Toluen |Total
h e nia yde e e

1 1,2 90 98 &3 30 70 74 | 445

2 3,4,8,9,10| 164 334 100 109 532 5 1244
3 11,12,13 365 490 216 240 275 0 1586
4 14, 15 64 43 12 30 12 0 161

5 16 28 40 20 46 63 0 197

6 17,18, 19,20 514 574 110 29 606 467 {2300
7 21 649 662 360 744 630 568 [3613
8 22,23 30 30 40 33 143 18 | 294

9 24,30 61 55 100 75 78 101 | 470

10 36 600 600 600 600 600 600 |3600
Total - 2565 | 2926 | 1641 1936 3009 | 1833 |1391

0

Toluene was not dosed during batches 3, 4 and 5, and only five toluene measurements are
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available in batch 2; the imbalance is a property of the archive and is retained here because it

reproduces the conditions of a real, opportunistically sampled measurement campaign.

Table 2 Concentration range covered by each analyte across the whole archive

Analyte Minimum | Maximum | Distinct
(ppmv) (ppmv) levels
Ethanol 2565 2.5 600.0 35
Ethylene 2926 2.5 300.0 38
Ammonia 1641 2.5 1000.0 44
Acetaldehyde 1936 2.5 300.0 37
Acetone 3009 10.0 1000.0 47
Toluene 1833 1.0 230.0 32

The concentration is not supplied to any of the models; it is reported here only to document
the analytical span of the archive.

Write the archive as a matrix X whose rows are measurements and whose columns are
descriptors, so that xij is descriptor j of measurement i. Each measurement carries an analyte
label yi, a nominal concentration ci in ppmv and a session index si running from 1 to 10;
every quantity defined below is a function of those four objects and of nothing else.

Each measurement is a 16-channel resistance transient. Following the original feature
definition [18,25], eight scalar descriptors are extracted per channel, giving a 128-dimensional
response vector per measurement. The first two are steady-state descriptors: AR, the
difference between the maximum resistance reached in the presence of the analyte and the
baseline, and AR, its normalised version, obtained as the ratio of the maximum resistance to
the baseline. The remaining six summarise the dynamics of the transient through the
exponential moving average operator emaca, computed with three smoothing constants
(0=0.001, 0.01 and 0.1) on the rising portion of the response (emaai) and on the decaying
portion (emaad). Each descriptor is identified below by its sensor unit, S1 to S16, and its
name.

Three transforms of the response vector were compared. Raw leaves the descriptors
unchanged. Signed-log stabilises the variance of descriptors whose values span several
decades while preserving the sign of the decaying-transient descriptors,

=sgn( ) log, (1+] |)
sgn being the sign function. Block-CLR treats the sixteen values of a given descriptor as a
composition and applies the centred log-ratio transform of Aitchison [26,27],

16

1
clr( ) =In| | 16 _llnl l, =1,..,16

the sixteen values being those of one descriptor across the sixteen sensor units. Any common-
mode change of the gain of the array, that is, any factor multiplying the whole block of a
measurement, cancels exactly under this transform, so Block-CLR is a purely sample-wise,
model-free drift compensation requiring no calibration data at all.

Three diagnostics were used. The session effect was obtained by computing, for every analyte
g and session s with at least three measurements, the centroid of the autoscaled responses, and
subtracting from each analyte the mean of its own centroids over sessions.

Writing xgs for the centroid of analyte g in session s and Sg for the sessions in which that

analyte was dosed, the session effect is

which is free of the analyte main effect by construction and describes how the instrument
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itself moved between sessions. The agreement between analytes was quantified as the Pearson

correlation between the session-effect vectors of every pair of analytes over the sessions they
share, and the dimensionality of the pooled session effect by singular value decomposition
[28].

The drift-to-noise ratio (DNR) of a descriptor is the ratio of its between-session mean square
to its within-session mean square, both computed within analytes so that the analyte identity
cannot contribute:

( - ) “4)

MSpetween = Aoorm

etween
2
MSyitin = (= ) ©
within = dfwithin

DNR = MSpetween (6)

MSuithin

Here xgs is the mean of the descriptor for analyte g in session s, ngs the number of
measurements in that cell and xg the analyte mean over the sessions retained; the degrees of
freedom are 51 and 13 853. A large DNR means that the descriptor is drift dominated. One
caveat must be stated at once: the measurements pooled inside a cell are not replicates, since
the concentration varies across them by up to two decades (Table 2), so the denominator is a
within-cell residual carrying the response to concentration as well as measurement noise.
DNR therefore compares between-session movement with within-session spread of any origin,
which is the quantity a practitioner cares about, but it is not a signal-to-noise ratio in the strict
sense and is not called one below. Sessions contributing fewer than three measurements of an
analyte were excluded from the sums, and because DNR needs at least two calibration
sessions it can only be estimated when the calibration set spans more than one.

A third diagnostic places the drift on the same scale as the chemical information. The total
sum of squares of the autoscaled archive was split into four sequential terms, the analyte
identity, the measurement session within analyte, a linear term in logl10 of the concentration
fitted inside each analyte-and-session cell, and the within-cell residual,

SStotal = SSanalyte + SSsession + SSconcentration + SSresidual (7)

so that each term can be read as a share of the response variance. The split is sequential, but
the terms are hierarchically nested and the concentration term is centred inside each cell, so
they are mutually orthogonal here: entering them in any of the six possible orders was verified
to reproduce the same four shares to the first decimal.The degrees of freedom are 5 for the
analyte term, 51 for the session term nested within analyte, 55 for the concentration slopes
and 13 853 for the residual. One caution applies to the session term and is quantified with the
results: because the concentration term only removes the slope inside each cell, any difference
between sessions in the concentrations that were dosed is charged to the session. The same
within-session logic gives the analyte-discriminating power of a descriptor, an F ratio
computed inside each session and pooled over sessions,

( = )rd ®)
NG )2 7df

where xs is the overall mean of session s. Because every comparison happens inside one
session, the drift cannot inflate this quantity: it measures how well a descriptor separates the
analytes on a single day.

Eight strategies were compared, all applied after the signal transform and before the classifier;
Table 3 summarises what each has to be given. Fixed autoscaling centres and scales every
descriptor with the mean and standard deviation of the calibration set and applies those
constants unchanged to all future sessions; it is the no-correction reference. Session-wise
autoscaling instead centres and scales each session with its own mean and standard deviation,
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so that for a measurement i in session s the two rules are

_ cal — O 9)
fixed — session —
cal ' @)

ucal and occal being estimated once on the calibration set and ps and os afresh on each session
as it arrives. The second rule uses only the descriptor values of the session being predicted
and never its labels, so it needs no reference standards and no drift model; it is the
multivariate analogue of re-zeroing an instrument before each working session. Component
correction follows Artursson and co-workers [13] in projecting a drift subspace out of the data.
In the original method that subspace comes from repeated measurements of a reference gas,
whose only source of variation over time is the drift itself. The archive contains no such gas,
so the equivalent quantity was built from the calibration sessions: from the centroid of every
(analyte, session) group the mean of that analyte over its own sessions was subtracted, leaving
a matrix free of the analyte identity and of the concentration distribution that describes only
how the instrument moved between sessions. Its leading d principal directions were projected
out of every measurement. Collecting them as the columns of a matrix D, the correction is a
projection onto the orthogonal complement of the drift subspace,
= - (10)

in which Z is the autoscaled response matrix. Orthogonal signal correction extracts from the
calibration set the d leading score vectors orthogonal to the dummy class matrix, obtains the
corresponding weights and loadings by regression on the calibration responses, and subtracts
the resulting rank-d component from every measurement, following the direct-
orthogonalisation formulation [29,30]. With T those scores, W those weights and P those
loadings, the deflation is

- =, = (! (11)

Deflating with the scores rather than orthogonally projecting out the leading loadings of the
Y-orthogonal part is what guarantees that the removed component carries no class information.
Component correction and OSC were run with d=2 and d=5, and component correction was
additionally combined with session-wise autoscaling. Finally, DNR-based descriptor selection
retains only the k descriptors with the lowest drift-to-noise ratio, the ratio being estimated on
the calibration sessions alone.

Table 3 The eight drift-correction strategies. The last three columns state what each one has
to be given: reference standards or labelled samples, an explicit model of the drift, and
whether it looks at the unlabelled measurements of the session being predicted

Strategy What it estimates Needs | Needs a |Uses the test
labels drift session
model
Fixed autoscaling calibration mean and no no no
standard deviation

Session-wise mean and standard no no yes,

autoscaling deviation of each session descriptors
only

OSC,d=2or5 scores orthogonal to the yes no no

class matrix

Component leading directions of the |  yes yes no

correction, d =2 or 5 session effect

Component correction both of the above yes yes yes,

+ session-wise descriptors
only
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DNR descriptor drift-to-noise ratio of yes no no
selection each descriptor

Needing labels refers to the calibration set only; no strategy ever sees a label from a session it
is asked to predict. “Uses the test session” means that the descriptor values, but never the
labels, of the session being predicted enter the transformation.

Three classifiers spanning the usual chemometric range were used. PLS-DA regresses a
dummy response matrix Y on the corrected descriptors by partial least squares and assigns
each sample to the class with the largest predicted response [31,32,33],

=argmax( ) (12)

where B is the regression coefficient matrix and the columns of Y are the six analyte
indicators. k-nearest neighbours assigns the majority class of the k closest calibration samples
in Euclidean distance. Support vector machines with a radial basis function kernel [34,35,36]
were used in the one-against-one multiclass formulation. Hyper-parameters were selected
exclusively inside the calibration set by stratified cross-validation: the number of latent
variables from 2 to 24 for PLS-DA, k from 1 to 9 for nearest neighbours, and the penalty C
and the kernel width y over the grids 2—5 to 210 and 2—10 to 25 for the support vector
machine. Ten folds were used, reduced to three with a coarser grid when the calibration set
exceeded 3000 measurements, to keep the search tractable.

Ordinary k-fold cross-validation places measurements from the same session in the training
and the validation folds at once, so it estimates within-session performance, which the results
below show to be a poor guide to a later session. Wherever the classifier itself had to be
chosen, and not merely its hyper-parameters, selection was therefore made by leave-one-
session-out cross-validation inside the calibration set, the causal analogue of the forward-in-
time protocol. Both rules use calibration data only, and both estimates are reported below so
that the difference can be seen.

Evaluation is strictly causal: a model never sees a measurement session later than the one it is
asked to predict (Fig. 1). Protocol I calibrates on session 1 alone and predicts sessions 2 to 10,
reproducing a laboratory that calibrates once and then uses the instrument. Protocol II
calibrates on sessions 1 and 2 and predicts sessions 3 to 10; two sessions are the minimum
needed to estimate a drift subspace or a drift-to-noise ratio, so all eight strategies are available
there. Protocol III predicts session k from a model calibrated on every earlier session,
describing a laboratory that re-labels and re-fits whenever reference measurements happen to
become available. The figure of merit is the fraction of correctly identified analytes; the
macro-averaged F1 score, computed over the analytes actually present in a test session, is
reported alongside it because the class balance varies strongly between sessions (Table 1).
Two classifiers evaluated on the same test session were compared with the exact binomial
McNemar test on the discordant pairs [37]. Comparisons across the eight test sessions of
Protocol II used the Wilcoxon signed-rank test, the recommended non-parametric procedure
for comparing two methods over several data sets [38], as did the agreement of the session
effect between analytes, applied there to the pairwise correlations. A significance level of 0.05
was adopted throughout; no correction for multiplicity was applied to the per-session
McNemar tests, which are reported descriptively.

The complete analysis was implemented in Python with NumPy and SciPy for the numerical
work, scikit-learn for the classifiers and the cross-validated hyper-parameter search [39], and
matplotlib for the figures [40]. The support vector machines are the scikit-learn interface to
LIBSVM [36]. All random number generation was seeded so that the reported figures are
exactly reproducible.

3. Results And Discussion

The analysis begins with the structure of the response itself: before attempting any correction
it is worth knowing how much of the signal the drift occupies. The variance decomposition of
equation (7) gives a first answer (Fig. 2a): the analyte concentration accounts for 35.8% of the
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response variance and the analyte identity for 27.2%, while the measurement session accounts
for 22.0% and the within-cell residual for 15.0%. That session figure needs one deduction.
The archive was not dosed to a fixed design and the sessions differ in the concentrations they
contain (Table 1); regressing the (analyte, session) centroids on their own mean log
concentration shows that 32.8% of the session term is accounted for by that difference alone.
Net of it the measurement session still carries 14.8% of the response variance, comparable to
the within-cell residual and about half of what the analyte identity carries. An instrument on
which the calendar weighs that heavily is the problem this paper addresses.

(a) where the variance lives (b) how far the array moves
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Fig. 2 Structure and magnitude of the drift. (a) Share of the response variance carried by the
analyte concentration, the analyte identity, the measurement session and the replicate noise,
from the decomposition of equation (7). (b) Mean displacement of the analyte centroids with
respect to session 1, in autoscaled units, against the median month of each session; the labels
give the session index

The analysis continues with the geometry of that session term. Fig. 3a shows the first two
principal components of the autoscaled, signed-log transformed archive. The six analytes
occupy overlapping but distinguishable regions, confirming that the array carries the chemical
information the recognition task needs. The drift is not visible there because the leading
components are dominated by concentration, which varies over more than two decades (Table
2); isolating it requires removing the analyte main effect, as in Fig. 3b, where each point is the
centroid of one analyte in one session after the mean of that analyte over sessions has been
subtracted, so that only the movement of the instrument remains. The sessions separate
cleanly along the two leading components, the early sessions at one end and the late sessions
at the other, and the six analytes of a given session move together.

The magnitude of that movement is quantified in Fig. 2b, which plots the mean displacement
of the analyte centroids relative to session 1 against the median month of each session. The
displacement grows from 6.45 autoscaled units at session 2 to a maximum of 13.19 units at
session 5, and is 9.72 units at session 10, month 36. For comparison, the root-mean-square
distance of an individual measurement from the centroid of its own analyte and session is 6.43
units. The systematic session-to-session displacement is therefore of the same order as, and at
its worst larger than, the entire within-session spread: the instrument moves about as much
between sessions as its measurements scatter within one. That is the quantitative statement of
the problem the rest of the paper addresses.
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(a) all 13 910 measurements, by analyte (b) session effect on the analyte centroids
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Fig. 3 Principal component analysis of the signed-log transformed, autoscaled archive. (a) All
13 910 measurements, coloured by analyte. (b) Session effect: centroid of each analyte in each
session after removal of the analyte main effect, coloured and labelled by session index.
Measurements made in the same session move together regardless of which analyte was dosed

If the drift were specific to each analyte, no single correction could remove it for all of them
at once and reference-gas schemes would be unusable. The pairwise correlation between the
session-effect vectors of the six analytes was therefore computed over the sessions each pair
shares. All 15 pairs are positively correlated, with a median coefficient of 0.519 and a range
from 0.225 to 0.708 (Wilcoxon signed-rank against zero, p=3.1x10—5). The session-to-session
movement is thus a property of the measurement session rather than of the analyte.

What it is not, on this evidence alone, is proof that the sensing layers aged: anything common
to a session and external to the chemistry, such as laboratory temperature and humidity,
recalibration of the mass-flow controllers or a change of carrier-gas supply, would leave the
same signature. The archive records none of those covariates, so the term is named for what
identifies it, and ageing of the sensing layer is the most likely but not the only contributor.

The movement is also of low rank. Singular value decomposition of the pooled session effect
places 54.5% of its variance in the first component, 25.2% in the second, 79.7% in the first
two together and 91.8% in the first five. A correction that removes a handful of directions is
therefore geometrically sufficient, which is the premise of component correction [13] and of
common principal component analysis [16], and it also explains why a much simpler
operation works: if the dominant session effect is a shift and a rescaling the whole array
undergoes together, re-centring and re-scaling each session with its own statistics removes
most of it without estimating any direction.

That subspace can be read descriptor by descriptor. Fig. 4 shows the magnitude of the loading
of every one of the 128 descriptors on the leading drift direction, which alone carries 54.5% of
the session effect. The pattern is not uniform: the steady-state change carries the least weight,
a mean absolute loading of 0.058 against 0.097 for the most heavily loaded transient
descriptor, and the units differ visibly, S9 and S10 barely participating while S13 and S14
dominate. The drift is therefore neither a property of the array as a whole nor a fault of one
element, but is concentrated in the transient part of the response and in a subset of the units,
which is what makes both a subspace projection and a session-level rescaling plausible
remedies.
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magnitude of the loading on the leading drift direction (54.5 % of the session effect)
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Fig. 4 Magnitude of the loading of each of the 128 descriptors on the leading direction of the
session effect, arranged by sensor unit and descriptor type. Darker cells carry more of the drift

The drift-to-noise ratio of the 128 descriptors is summarised in Table 4 and Fig. 5a. Every
descriptor is drift dominated: the overall median DNR is 123, two orders of magnitude. The
eight types are not equally affected: the steady-state descriptor AR is the most robust, with a
median DNR of 58, and the fast rising-transient descriptor ema0.1i the most fragile, at 172, a
factor of 3.0 higher. The ordering does not follow the steady-state versus transient division the
descriptor definitions suggest. It separates instead into a robust group made of AR and the two
slowly smoothed decaying-transient descriptors (median DNR 58, 84 and 88), and a fragile
group made of the normalised steady-state descriptor AR and the three rising-transient
descriptors, whose medians all lie between 120 and 172. Of the 48 descriptors with the lowest
drift-to-noise ratio over the whole archive, 15 of the 16 instances of AR, 14 of ema0.01d and
12 of ema0.001d are retained, while not one instance of AR or of the two faster rising-
transient descriptors survives (Table 4).

Two things follow. First, normalising the steady-state response by the baseline, the usual way
of compensating sensor-to-sensor gain differences, gives no protection against ageing: AR is
among the most drift-prone descriptors in the set. A baseline drifting in proportion to the
response would cancel in the ratio and make the normalised descriptor the more robust of the
two, so the two must drift differently and the ratio compounds two movements instead of
cancelling one. The archive holds no separate record of the baseline, so this cannot be tested
here. Second, the rising and decaying halves of the transient behave differently on average but
not uniformly: the most heavily smoothed decaying descriptor has a median ratio of 121,
indistinguishable from the least drift-prone rising descriptor at 120, so the division is a
tendency rather than a rule. Within the rising family susceptibility increases monotonically
with the smoothing constant, from 120 at 0=0.001 to 138 at 0=0.01 and 172 at 0=0.1. A
mechanistic reading is consistent with the ranking without being established by it: the rise is
governed by the surface reaction rate and by transport of the analyte to the grain surface, both
sensitive to the state of the sensing layer and to the heater temperature, whereas recovery is
governed by desorption, for which incomplete recovery is a classical symptom of ageing.
Transient descriptors were introduced to accelerate recognition [25]; a method intended to run
for years is nonetheless better served by the steady-state change and the slow decaying-
transient descriptors.

It is tempting to ask whether the descriptors that drift most also carry the most analytical
information, and the ratios invite an affirmative answer: the drift-to-noise and analyte-
discriminating F ratios of equation (8) correlate at +0.54 across the 128 descriptors. That
number must be discarded. Both are built on the same denominator, the within-cell mean
square of equation (5), so a descriptor with a small within-cell spread is pushed up on both
axes and a positive correlation is guaranteed before any data are seen. Comparing the two
numerators instead, which share nothing, the association disappears: the rank correlation
between the between-session mean square and the between-analyte mean square is —0.15
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(Spearman, p=0.08, n=128), and holding the common denominator fixed turns it negative,

—0.53 (p=1x10—10). Fig. 5b shows the numerators. There is therefore no evidence in this
archive that drift susceptibility and analytical usefulness go together, and any explanation of
the selection result below that rests on such a trade-off would be unfounded.

The dispersion across sensor units is smaller than across descriptor types but not negligible:
the median DNR per unit ranges from 96 for S15 to 227 for S1, the latter an outlier whose
steady-state response falls by more than an order of magnitude over the record. Excluding a
single misbehaving unit is a legitimate maintenance action, but it cannot substitute for a
correction strategy, since the drift is shared by the whole array.

Table 4 Drift-to-noise ratio of the eight descriptor types, computed over the sixteen sensor
units. A larger value means that the descriptor changes more between measurement sessions
relative to its replicate variability within a session

Descriptor Median |Interquartile| Range Retained in
DNR range the 48 lowest

AR 58 54 -61 46 - 172 15

|AR| 149 136-155 | 119-176 0

emal oo 120 114 - 144 | 107-306 1

emaj) 138 125-154 | 115-301 0

emay 172 145-190 | 123-256 0

emal o 88 83 -108 79 - 248 12

emag 84 80 - 92 78 - 205 14

emay | 121 91 - 161 79 - 254 6

The last column gives how many of the sixteen sensor-specific instances of each descriptor
type are among the 48 descriptors with the lowest drift-to-noise ratio over the whole archive.

(a) drift susceptibility by descriptor

(b) drift and information are not associated
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Fig. 5 Drift susceptibility of the descriptors. (a) Distribution over the sixteen sensor units of
the drift-to-noise ratio of each descriptor type, on a logarithmic scale, shaded by descriptor
family. (b) The two numerators compared directly, the between-analyte mean square of
equation (8) against the between-session mean square of equation (4), so that the within-cell
mean square they share cannot induce an association; drift susceptibility and analyte-
discriminating power are not positively related
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Table 5 and Fig. 6 give the outcome of Protocol I, in which the model is calibrated on session
1 alone. Cross-validation inside that session gives a mean accuracy of 99.1%, a figure that
would ordinarily be reported as excellent method performance. Applied to the later sessions
with fixed autoscaling, the same support vector machine on the raw descriptors reaches only
41.8% over sessions 2 to 10, falling from 49.0% on session 2, two to eight months later, to
38.1% on session 10, three years later. The gap between the cross-validated and the
prospective figure measures how misleading a non-causal validation is for this class of
instrument, and is why cross-validated accuracies for sensor arrays should always be
accompanied by a forward-in-time estimate.

Correction helps even with a single calibration session, but only if it is of the right kind.
Session-wise autoscaling raises the mean accuracy to 64.8% with the raw descriptors and
62.7% after the signed-log transform, the best Protocol I configuration overall being the
signed-log transform with session-wise autoscaling and the nearest-neighbour classifier, at
65.1%. Orthogonal signal correction, the classical chemometric answer to unwanted
structured variance, is actively harmful here: it lowers the mean accuracy in 12 of the 18
combinations of transform, number of components and classifier, and on the raw descriptors
with the support vector machine falls to 29.9% for d=2 and 19.5% for d=5 against 41.8% with
no correction. The failure is informative, since a single calibration session contains no
session-to-session variation, so a drift correction fitted on it is fitted on data containing no
drift; this is why Protocol II below requires two sessions.

Table 5 Protocol I. Mean classification accuracy over test sessions 2 to 10 for a model
calibrated on session 1 only, for every combination of signal transform, correction strategy
and classifier

Correction Raw | Raw | Raw |S-log|S-log|S-log| CLR |[CLR |CLR
/ |/ PLS| / / |/ PLS| / / |/ PLS| /

SVM kNN |SVM kNN [SVM kNN

None (fixed 0.418|0.273]0.402{0.501]0.501]0.495(0.427|0.444|0.429

autoscaling)

Session-wise 0.6480.447|0.638]0.627(0.590(0.651|0.597|0.598|0.590

autoscaling

OSC,d =2 0.299(0.290(0.343|0.162{0.258]0.327(0.466|0.409|0.458

OSC,d=5 0.195]0.252{0.321|0.337(0.334(0.354/0.470(0.505|0.451

S-log, signed-log transform; CLR, block-wise centred log-ratio transform; PLS, PLS-DA.
Hyper-parameters were tuned by ten-fold cross-validation inside session 1.

SVM PLS-DA kNN
1.0 A - 1
>
8 0.8 - . .
=]
Q
g 0 6 - - -
o O
.2
S 0.4 - . 4
h=!
2 \ /
S 0.2 1 v .
3}
00 FT—T—T—T—T—T T T T T T T T T T T — T T T T T T T 1
2 3 4 5 6 7 8 9 10 2 3 4 5 6 7 8 910 2 3 4 5 6 7 8 9 10
test session test session test session
—®— none (fixed autoscaling) =@ session-wise autoscaling 0SC,d=2 =—@—0SC,d=5

Fig. 6 Protocol 1. Accuracy on each test session for a model calibrated on session 1 only,
using the signed-log transform, for the three classifiers and four correction strategies
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Adding a second calibration session makes the drift identifiable and allows all eight strategies

to be compared (Table 6; Fig. 7 traces seven of them session by session). Without correction
the mean accuracy over sessions 3 to 10 is 60.4% for the support vector machine on raw
descriptors, already higher than under Protocol I because the calibration set now contains
some session-to-session variability. Session-wise autoscaling is the most reliable single
measure, giving on its own or in combination the best result in 7 of the 9 transform-by-
classifier combinations and raising the mean accuracy to 73.0% on the raw descriptors with
the support vector machine and to 73.8% with the signed-log transform and PLS-DA. The
operation is the sensor-array analogue of the standardisation procedures long used to transfer
a multivariate calibration between spectrometers [41,42,43], the difference being that the two
instruments to be reconciled here are the same array at two points in its own lifetime.
Component correction is its only serious competitor. With the drift subspace estimated from
the two calibration sessions, it improves on the uncorrected reference in all but 1 of the 18
configurations tried, and with five components in all 9 of them; it is the best strategy in the 2
combinations session-wise autoscaling does not win, and with five components and the block-
CLR transform it produces the single highest value of the whole grid, 74.0%, marginally
above the best session-wise result. The two are not additive: applying component correction
first improves on session-wise autoscaling alone in only 8 of the 18 combinations. Both
remove the same low-dimensional session effect, one by projecting out its leading directions
and the other by re-referencing each session, so once either has been applied little is left for
the other. Session-wise autoscaling is the more convenient: it needs no drift model and no
subspace dimension, a choice to which component correction is sensitive, five components
beating two in 6 of the 9 combinations with no way of knowing the best number before the
future sessions are measured.

Orthogonal signal correction behaves quite differently. It is worse than no correction at all in
16 of the 18 configurations tested, and on the raw descriptors with the support vector machine
it falls from 60.4% to 50.9% for d=2 and 38.6% for d=5. The component it removes accounts
for 55.1% of the calibration variance for d=2 and 60.3% for d=5: what it deletes is the
variance orthogonal to the class information, dominated in this archive by the analyte
concentration rather than by the drift, so a large part of the analytical signal goes with it while
the session displacement, not being orthogonal to the class structure, largely survives. OSC
remains an excellent tool where the interfering variance is genuinely orthogonal to the
property of interest, as in the near-infrared calibrations for which it was devised [29,30]; long-
term chemosensor drift is not such a case.

The two signal transforms behave as expected but modestly. The signed-log transform
improves on the raw descriptors for all 3 classifiers when the correction is weak, by
preventing the descriptors with the largest numerical range from dominating the Euclidean
geometry, and the advantage narrows once a correction is applied. The block-wise centred
log-ratio transform, which by construction cancels any factor multiplying the whole array
response of a measurement, improves on the raw descriptors in only 1 of the 3 classifiers
under fixed autoscaling: the session effect is therefore not predominantly a common-mode
multiplicative gain change, and a sample-wise compositional normalisation cannot replace a
correction estimated from data. It does combine well with component correction, where the
best single value of the grid is found.

Table 6 Protocol II. Mean classification accuracy over test sessions 3 to 10 for a model
calibrated on sessions | and 2

Correction Raw /[Raw /[Raw /| S-log | S-log | S-log | CLR | CLR | CLR
SVM| PLS [kNN| / |/PLS{/KNN| / |/PLS//kNN
SVM SVM
None (fixed 0.60410.627|0.540/0.636|0.657|0.574|0.599|0.645|0.530
autoscaling)
Session-wise 0.730(0.716]0.632/0.6840.738|0.6380.649|0.723|0.649
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autoscaling

OSC,d=2 0.509{0.534|0.553]0.538{0.634|0.530/0.406|0.583{0.450
OSC,d=5 0.386(0.530|0.5290.6080.627|0.600(0.464|0.612|0.450
Component 0.650(0.608|0.576]0.650(0.698 |0.587|0.685|0.699{0.587
correction, d = 2

Component 0.656/0.629|0.570{0.7260.660|0.642|0.740|0.696|0.663

correction, d =5

Comp. corr. d =2 +0.642(0.689(0.575|0.6840.687|0.645|0.7080.708|0.665
session-wise

Comp. corr. d =5 +{0.688]0.700(0.622(0.716(0.7110.706|0.732{0.695|0.690
session-wise

Abbreviations as in Table 5. Session-wise autoscaling, alone or combined with component
correction, gives the best value in seven of the nine transform-by-classifier combinations;
component correction with five components gives the best value in the remaining two.
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Fig. 7 Protocol II. Accuracy on each test session for a model calibrated on sessions 1 and 2,
using the signed-log transform, for the three classifiers and seven correction strategies

Table 7 and Fig. 8 test whether acting on that three-fold spread in drift susceptibility pays off,
applying the descriptor filter defined above with each of the three most effective corrections at
six values of k. The answer is largely negative, and it is worth stating plainly. When k is fixed
in advance, filtering does not improve on keeping all 128 descriptors. Averaged over the six
transform-by-classifier combinations, retaining 96 descriptors changes the accuracy by +0.8
percentage points without correction, by —1.6 with session-wise autoscaling and by +1.3 when
component correction precedes it; at 64 descriptors the figures are —0.6, —4.5 and +1.2, and
every smaller k is worse still.

Only the combination with component correction is ever positive, and then by little more than
a percentage point. The highest single value anywhere in the Protocol II experiments, 75.6%,
is reached with 48 descriptors, the block-CLR transform, component correction followed by
session-wise autoscaling and the PLS-DA model, slightly above the best cell of the main grid.
It should not be taken at face value: k was chosen there by looking at the test sessions, so the
figure is optimistically biased in exactly the way the head-to-head comparison below warns
against, and the same configuration with all 128 descriptors gives 70.8%.

The reason is instructive, and it is not the one that suggests itself. Drift susceptibility and
analyte-discriminating power are not positively associated, as shown above, so the filter is not
trading information for stability. What it does instead is remove whole descriptor families at
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once: the ranking is dominated by descriptor type, so cutting at any k removes all three rising-

transient descriptors of every sensor before it removes any steady-state descriptor, and a
classifier uses descriptor combinations rather than descriptors one at a time, a univariate
ranking being blind to the complementarity between a fragile descriptor and a robust one on
the same sensor. The drift-to-noise ratio is therefore best used as a diagnostic: it tells the
analyst which parts of the sensor response are ageing, and is exactly the quantity to monitor
when deciding that an array needs servicing or that a descriptor has become unusable. It is not
a variable-selection criterion, and this paper reports it as such.

Table 7 Protocol II. Mean accuracy over test sessions 3 to 10 when only the k descriptors
with the lowest drift-to-noise ratio are retained, followed by session-wise autoscaling

Retained S-log/ | S-log/ | S-log/ | CLR/ | CLR/ | CLR/
descriptors SVM PLS kNN SVM PLS kNN

16 0.611 0.565 0.598 0.543 0.556 | 0.499
32 0.614 | 0.650 | 0.601 0.579 | 0.675 0.530
48 0.632 | 0.684 | 0.564 | 0.590 | 0.714 | 0.582
64 0.600 | 0.625 0.567 | 0.663 0.734 | 0.623

96 0.641 0.682 | 0.618 0.650 | 0.732 | 0.659
128 0.684 | 0.738 | 0.638 0.649 | 0.723 0.649

The drift-to-noise ratio is estimated on calibration sessions 1 and 2 only. k=128 corresponds
to keeping all descriptors. Fig. 8 gives the same comparison for the other two corrections.

0.700

0.675

0.650

0.625

0.600

0.575

0.550 H =@ no correction
—l— session-wise autoscaling

mean accuracy over sessions 3 to 10
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number of retained descriptors

Fig. 8 Protocol II. Mean accuracy over test sessions 3 to 10 against the number of descriptors
retained by the drift-to-noise criterion, averaged over the six combinations of signal transform
and classifier, for three correction strategies

Protocol III describes the realistic middle ground in which the laboratory occasionally
acquires new labelled measurements and refits (Table 8, Fig. 9).

Simply accumulating labelled history is very effective: averaged over sessions 2 to 10 the
uncorrected model on raw descriptors reaches 79.3%, against 60.4% under Protocol II, and
the mean over the last three sessions, 79.2%, exceeds that over the first three, 74.1%, even
though the last sessions lie furthest in time from the start of the record.

The second result of this protocol is a negative one, and it sharpens the message of the earlier
sections. Session-wise autoscaling helps enormously when the calibration set is a single
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session, which is what session 2 tests, adding +23.8 percentage points there. From session 3
onwards, when the calibration set spans two or more sessions, the mean effect turns negative,
—4.1 percentage points, improving only 4 of those 8 sessions and giving 78.3% over the nine
sessions together against 79.3% without correction; the largest single effect is a loss of 37.8
percentage points on session 8. A calibration set covering a range of instrument states has
taught the classifier to tolerate the session effect, so re-referencing each test session no longer
removes a bias and only adds the variance of statistics estimated from a small batch. Session 8
holds 294 measurements, almost half of them one analyte, so its location and spread describe
what was dosed as much as what the array was doing; across the nine sessions, however, the
relation between compositional imbalance and the benefit of the correction is not statistically
significant, so this describes the sessions where the correction fails rather than a general rule.
Component correction behaves differently and becomes the strongest strategy under this
protocol, reaching 89.0% with the signed-log transform, component correction, d=5 and the
support vector machine. Unlike session-wise autoscaling it re-estimates nothing on the test
session, applying a fixed projection learned from the calibration history, so it adds no variance
and continues to remove whatever part of the session effect the classifier has not absorbed.
Taken with Protocols I and II, this gives a practical rule: corrections matter most when
calibration data are scarce, precisely the situation in which a laboratory cannot afford to
recalibrate. Accumulating labelled history is an effective substitute, but it buys accuracy with
exactly the reference standards and analyst time that the correction was meant to save.

Table 8 Protocol IIl. Mean classification accuracy over test sessions 2 to 10 for a model
calibrated on every earlier session

Correction Raw /[Raw /[Raw /| S-log | S-log | S-log| CLR | CLR | CLR

SVM| PLS |[KNN| / |/PLS/KNN| / |/PLS|/KkNN
SVM SVM

None (fixed 0.793]0.767(0.796|0.869(0.854|0.797|0.798(0.847(0.715

autoscaling)

Session-wise 0.783]0.827(0.734|0.798(0.871{0.744|0.755(0.823(0.755

autoscaling

OSC,d=2 0.838(0.780{0.8510.784{0.794|0.759|0.763|0.839(0.709

OSC,d=5 0.799(0.798{0.848/0.812(0.811{0.790|0.774|0.866(0.740

Component 0.809(0.821{0.7880.855(0.870{0.820|0.847|0.867|0.748

correction, d = 2

Component 0.809(0.827{0.811/0.890(0.860{0.793|0.864|0.854(0.754

correction, d = 5

Comp. corr. d =2 +]0.768|0.808|0.743|0.776(0.835{0.756|0.834|0.841(0.790

session-wise

Comp. corr. d =5 +]0.774/0.798|0.762|0.815]0.858{0.747|0.824(0.863[0.753

session-wise

Abbreviations as in the Protocol I table. Session 2 is predicted from session 1 alone, so the
two component-correction rows and their combinations start at session 3.
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Fig. 9 Protocol III. Accuracy on session k for a model calibrated on all sessions up to k—1,
using the signed-log transform, for the three classifiers and the main correction strategies

The comparisons above scan a grid, so the best cell is chosen with knowledge of the test
sessions and its performance is optimistically biased. The comparison that follows therefore
uses two pipelines a laboratory could have specified at calibration time: the uncorrected
reference, raw descriptors with fixed autoscaling, and the pipeline motivated by the variance
decomposition and the geometry of the session effect above, the signed-log transform
followed by session-wise autoscaling. For both, the classifier and its hyper-parameters were
selected by leave-one-session-out cross-validation inside sessions 1 and 2, which picked the
support vector machine for the reference and the PLS-DA model for the recommended
pipeline. The test sessions played no part in any choice.

The choice of selection rule matters, and it matters in the direction this paper predicts (Table
9). For the recommended pipeline the ordinary k-fold estimate inside the calibration set is
99.3% for the support vector machine, 97.9% for PLS-DA and 98.9% for nearest neighbours,
and it would select the support vector machine; the leave-one-session-out estimate of the same
three models is 73.3%, 75.0% and 73.2%, and it selects PLS-DA, which is in fact the better of
the two on the future sessions. The two estimates differ by roughly 25 percentage points, a
second measurement of the same phenomenon quantified by Protocol I, and only the second is
an honest forecast. This is also why the accuracies in Table 10 differ from the corresponding
entries of Table 6, where the classifier is fixed in advance and only C, y or the number of
latent variables is tuned, by k-fold.

Table 9 What the two cross-validation rules estimate inside the calibration sessions, in per
cent, for each candidate classifier and each of the two pipelines compared below

Classifier Reference, | Reference, | Corrected, | Corrected,
k-fold session-out k-fold session-out

Support vector 99.3 75.4 99.3 73.3

machine

Pls-da model 96.4 72.1 97.9 75.0

Nearest-neighbour 99.2 70.8 98.9 73.2

classifier

The selected model is the row with the highest session-out estimate in each pipeline. For the
corrected pipeline the k-fold rule would have selected a different classifier, and the worse of
the two on the future sessions.

On this fully causal comparison (Table 10) the recommended pipeline is better on 8 of the 8
test sessions, the mean accuracy over sessions rising from 48.6% to 70.7% and the pooled
accuracy over all 12 221 test measurements from 45.1% to 69.6%; the difference over
sessions is significant by the Wilcoxon signed-rank test (p=0.0078, the smallest value
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attainable with eight paired observations), and the exact McNemar test is significant at the
0.05 level on 8 of the 8 sessions individually.
For reference, the best cell of the whole Protocol II grid reaches 74.0% (block-CLR transform,
component correction, d=5, SVM); the causally specified pipeline is 3.3 percentage points
below that hindsight optimum, which bounds what the grid search could have added.

Table 10 Protocol II. Session-by-session comparison of the uncorrected reference pipeline
with the recommended corrected pipeline

Session Accuracy,|Accuracy, Macro-F1,Macro-F1, Discordan
reference | corrected | reference | corrected | t pairs
3 1586 | 0.810 0.931 0.793 0.915 91/284 [<0.001
4 161 0.671 0.783 0.612 0.800 3/21 |<0.001
S 197 0.614 0.959 0.626 0.963 3/71 |<0.001
6 2300 | 0.440 0.817 0.406 0.736 17 /885 [<0.001
7 3613 | 0.385 0.710 0.366 0.709 |95/1270 {<0.001
8 294 0.221 0.483 0.146 0.485 11/88 [<0.001
9 470 0.372 0.440 0.261 0.404 64/96 | 0.014
10 3600 | 0.377 0.534 0.335 0.521 |312/880 [<0.001
Mean [12221| 0.486 0.707 0.443 0.692 - 0.0078
(W)

Discordant pairs are given as the number of measurements correct only for the reference
pipeline and correct only for the corrected pipeline. p values are from the exact binomial
McNemar test; the value marked (W) in the last row is the Wilcoxon signed-rank test over the
eight sessions. Selected models: reference, support vector machine with C=29 and a kernel
width of 2—9; corrected, PLS-DA with 16 latent variables.

Table 11 Protocol II. Analyte-wise figures of merit pooled over test sessions 3 to 10, for the
uncorrected reference pipeline and the recommended corrected pipeline

Analyte Recall, | Recall, | Precisio | Precisio| F1, F1,
ref. corr. | n,ref. |n,corr.| ref. | corr.

Ethanol 2311| 0.692 | 0.782 | 0.250 | 0.824 | 0.367 | 0.803
Ethylene 24941 0.737 | 0.929 | 0.856 | 0.907 |0.792 | 0.918
Ammonia | 1458 | 0.840 | 0.858 | 0.850 | 0.982 | 0.845|0.916

Acetaldehyd | 1797 0.269 | 0.385 | 0.259 | 0.407 | 0.264 | 0.395
e

Acetone 2407| 0.151 | 0.867 | 0.997 | 0.520 | 0.262 | 0.650
Toluene 1754| 0.000 | 0.203 n.d. 0.728 nd. | 0.317

ref., uncorrected reference pipeline; corr., recommended corrected pipeline. Toluene is absent
from test sessions 3, 4 and 5. n.d., not defined: the reference pipeline never predicts toluene,
so its precision and F1 for that analyte do not exist.

The analyte-wise breakdown (Table 11, Fig. 10) shows that the gain is not uniform. Ethylene
remains the best recognised analyte, with a recall of 0.929 after correction, while toluene is
the hardest, at 0.203. The uncorrected reference does not merely recognise toluene poorly: it
never predicts that analyte at all, so its recall is exactly zero and its precision undefined, and
the correction recovers at least part of the class.

The explanation is coverage rather than selectivity: the calibration sessions contain only 79
toluene measurements out of 1 689, and a class represented that thinly is unlikely to be
predicted whatever correction is applied. The residual confusions are between the analytes
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whose response patterns are most similar across the array, reduced but not eliminated by the

correction, as expected: session-wise standardisation removes the instrumental displacement
but adds no information the calibration set never contained.
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Fig. 10 Confusion matrices pooled over test sessions 3 to 10 under Protocol II, normalised by
the number of measurements of each true analyte, for (a) the uncorrected reference pipeline
and (b) the recommended corrected pipeline

Three practical conclusions follow. First, a figure of merit for a chemical sensor array should
be obtained with a forward-in-time protocol, and where only a few calibration sessions exist,
holding out one whole session at a time is a far better proxy than random k-fold; the same rule
should govern model selection, since only the session-out rule chose the model that performed
better later. Second, the cheapest effective counter-measure is not an algorithm that models
the drift but a standardisation that re-references each session to its own location and spread,
which needs no reference standards, no labels and no assumption about the shape of the drift,
and asks only that a session contain a reasonable variety of analytes, as routine operation
normally provides.

Component correction reaches comparable accuracy and remains sound where a reference gas
exists, but it needs a drift model and a subspace dimension the calibration data alone cannot
fix; orthogonal signal correction should not be used for this purpose at all.

Third, the drift-to-noise ratio belongs in method development as a diagnostic and not as a
selection rule: it tells the analyst which part of the response is degrading and how fast, so that
an array can be serviced or a descriptor retired on evidence rather than on a fixed schedule,
but discarding the drift-prone descriptors does not improve prospective accuracy.

The limitations should be stated plainly. The archive comes from a single array of one design,
so the numerical values of the drift-to-noise ratios are specific to these Figaro sensor types
and to this operating protocol, even though the ordering of the descriptor families has a
physical rationale that should generalise. Session-wise standardisation requires a batch of
measurements rather than a single sample, so it applies to campaign-style operation rather
than to a truly one-sample-at-a-time instrument, and it implicitly assumes that the composition
of the batch is not grossly unbalanced; a session containing a single analyte would be mis-
standardised.

Finally, the class imbalance of the archive, and in particular the absence of toluene from three
test sessions, makes the accuracies of individual sessions less comparable than their means,
which is why the macro-averaged F1 score is reported alongside.

4. Conclusion
Three findings are firm. First, on this array the measurement session is not a nuisance term of
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second order: after deducting the part attributable to differences in what was dosed it still
carries 14.8% of the response variance, comparable to the within-cell residual, and it moves
the analyte centroids by as much as those centroids scatter within a single session. Second,
that movement is shared by all six analytes and lies in a subspace of two or three dimensions,
which is why it can be removed without a model of its physical cause. Third, and least
expected, the correction that works is the one that assumes least: re-referencing each session
to its own mean and standard deviation, an operation needing neither reference standards nor
labels nor a drift model, recovered accuracy from 48.6% to 70.7% across eight test sessions
spanning three years and was better on every one of them, while orthogonal signal correction,
the textbook remedy for unwanted structured variance, was worse than doing nothing at all.
The added value lies less in any one of those numbers than in what the three protocols
together say about how such a method should be reported. An accuracy obtained by cross-
validation inside one measurement session overstates what the same instrument will do a year
later by tens of percentage points, and the same optimism infects model selection: the rule that
chose the better classifier here was the one that held out a whole calibration session, not the
one that shuffled measurements at random. A corollary is negative: ranking descriptors by
drift susceptibility diagnoses which part of the response is degrading but is not a variable-
selection criterion. For a laboratory that must keep an array in service for years the practical
route is therefore neither a better classifier nor a more elaborate drift model: it is forward-in-
time validation, model selection by leave-one-session-out cross-validation, and a
standardisation applied afresh to every batch of measurements as it is acquired.
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