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Adsorption studies are still, in the great majority of cases, reported for a single adsor-
bate, yet the effluents they claim to treat almost never contain one pollutant. Moving
from one solute to two or three changes the experiment in a way that is easy to un-
derestimate, because the analytical step itself becomes the limiting factor: the absorb-
ance recorded at one wavelength can no longer be assigned to one species. This re-
view examines how chemometric tools have been used, and occasionally misused, to
recover individual concentrations of co-existing pollutants during competitive adsorp-
tion. We first set out the artefacts peculiar to adsorption supernatants: spectral over-
lap, adsorbent-derived colour, residual turbidity and pH-driven speciation. We then
follow the methodological ladder from univariate remedies such as derivative and ra-
tio-spectra techniques and the H-point standard addition method, through first-order
multivariate calibration by principal component regression and partial least squares
with wavelength selection and net analyte signal theory, up to second-order and mul-
tiway approaches such as curve resolution and parallel factor analysis, which retain
accuracy in the presence of uncalibrated interferents. Neural networks and machine-
learning regressors are discussed separately, since they address a genuinely nonlinear
problem but carry their own validation burden. Throughout we insist on a point that
most application papers pass over: competition factors, extended Langmuir constants
and ideal adsorbed solution predictions inherit the uncertainty of the quantification
step, so an unvalidated calibration propagates quietly into the thermodynamic conclu-
sions. A minimum reporting set is proposed to make multicomponent removal data
comparable between laboratories.
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I.INTRODUCTION

modelling have compiled dozens of equations for such

Removal of dyes, pharmaceuticals, phenols and heavy-
metal ions by adsorption is one of the most heavily
published areas in applied environmental chemistry.
What has not grown at the same pace is the realism of
the systems studied. Real effluents are mixtures, and
when two or more adsorbates share a finite set of sur-
face sites the uptake of each is no longer what the sin-
gle-solute isotherm predicts [I]. Competition may be
antagonistic, synergistic or essentially non-interactive,
and the classification depends on the adsorbate pair,
the surface chemistry and the ionic composition of the
solution [2]. Reviews of multicomponent isotherm

behaviour [3], and the dye literature has repeatedly
identified multicomponent effluents as the case of prac-
tical interest [4].

The difficulty is that all of this modelling rests on one
deceptively simple quantity: the residual concentration
of each pollutant after contact with the adsorbent. In a
single-solute experiment that quantity comes from a
calibration line at the absorption maximum, and the
procedure is so routine that it is usually described in
one sentence. In a binary or ternary system, the same
measurement is no longer defined, because the absorb-
ance at any wavelength is a sum of contributions. Sev-
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eral groups discovered this the hard way; Gao and co-
workers abandoned direct spectrophotometric meas-
urement for partial least squares after finding it inade-
quate for an overlapped anionic dye pair [5], and Hajati
and colleagues reported that first-derivative treatment,
which had worked elsewhere, simply failed for brilliant
green and methylene blue [6].

Chemometrics offers a family of answers, from a sec-
ond-derivative transform that costs nothing to multi-
way methods requiring a change of instrument. The
literature applying them to adsorption is substantial but
scattered, and rarely critical about its own assump-
tions. This review brings it together, sets out what
each class of method actually guarantees, and shows
how the choice of quantification strategy propagates
into the competitive adsorption parameters that are
the real object of the study.

2. THE ANALYTICAL BOTTLENECK IN
MULTICOMPONENT ADSORPTION

2.1 Spectral overlap and the additivity assump-
tion

Molecular absorption bands in the ultraviolet and visi-
ble regions are broad. Two cationic dyes of similar
chromophoric class may have maxima separated by 30—
60 nm, which sounds comfortable until one recognises
that each band is 80—120 nm wide at half height. The
consequence is that neither analyte has a wavelength at
which it absorbs alone, as Figure | illustrates for a
simulated pair. Any attempt to use the maximum of
dye A therefore over-estimates A by the amount that
dye B contributes there, and the bias grows as the ex-
periment proceeds, because adsorption changes the
two concentrations at different rates. Turabik's early
binary study on bentonite made this explicit by com-
paring single- and binary-component uptake for basic
red 46 and basic yellow 28, and the competition pen-
alty she reported would have been unobtainable from
raw absorbance [7].

All of the univariate remedies discussed below, and the
classical multivariate ones as well, assume that the mix-
ture spectrum is the linear sum of the pure-component
spectra weighted by concentration. This assumption is
usually reasonable at low concentration, but it is not
automatic. Cationic dyes aggregate; several change pro-
tonation state within the pH range used in adsorption
work; and ion pairing between an anionic and a cationic
dye in the same beaker can produce a species whose
spectrum belongs to neither parent. Additivity should
be verified, not assumed, and a simple test, in which
the spectrum of a physical mixture is compared with
the sum of the individual spectra at the same nominal
concentrations, takes half an hour and is almost never
reported.

2.2 Artefacts that belong to the adsorption ex-
periment itself

Beyond overlap, multicomponent adsorption super-
natants carry interferences that pure-standard calibra-
tion does not see. Fine adsorbent particles that pass
the filter contribute scattering across the whole spec-

(73]
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trum; the effect is wavelength-dependent and mimics a
baseline shift. Biosorbents are worse, since they leach
coloured organic matter, and Besegatto and co-
workers had to build a multivariate model explicitly to
separate the colour contributed by one gram of man-
darin peel from that of four dyes [8]. Engineered
nanoparticles suspended in the sample cause the same
problem in the ultraviolet, and a documented case with
nano-Fe(OH)3 interfering in the determination of p-
nitrophenol required acidification and masking before
accurate results could be recovered [9]. Trace co-
absorbing impurities are also more damaging than intui-
tion suggests, because molar absorptivities differ by
orders of magnitude, so a chemically negligible impurity
can dominate the signal [10]. Finally, the competitive
isotherm models themselves have been criticised on
grounds that touch the analytical work directly: Islam
and colleagues showed that the site-universality condi-
tion underlying the competitive Langmuir equation is
violated by common lignocellulosic adsorbents, with
the consequence that the model may reproduce ca-
pacities while failing to describe the equilibrium con-
centrations actually measured [1I].
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Figure O1: Origin of the quantification error in a binary
dye system, shown with simulated Gaussian bands:
pure-component visible spectra, the additive mixture
spectrum, the wavelength positions commonly used for
univariate measurement, and the shaded contribution
of the second dye at the maximum of the first.

3. UNIVARIATE STRATEGIES: INEXPENSIVE,
POPULAR AND EASY TO OVER-TRUST

3.1 Derivative spectrophotometry and the zero-
crossing rule

Differentiating the absorption spectrum with respect
to wavelength suppresses broad, slowly varying contri-
butions and sharpens narrow ones. In the zero-
crossing variant, analyte A is measured at a wavelength
where the derivative signal of B is zero, so that the
reading depends on A alone. The approach is old, well
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understood, and its principal drawback is equally well known: each differentiation amplifies high-frequency noise, so the
gain in resolution is paid for in signal-to-noise, and the derivative order and smoothing window must be optimised to-
gether rather than pushed as far as they will go [12].
Applications in adsorption are numerous. Gao and co-workers used first-order derivative spectrophotometry to follow
the competitive biosorption of two anionic dyes on aerobic granules and were then able to fit multicomponent iso-
therms to genuine binary data [13]. Zolgharnein's group combined derivative calibration with a Box—Behnken design for
brilliant green and crystal violet on surfactant-modified nano-alumina [14], and later applied the same logic to titan yel-
low with bromophenol blue on a polyaniline—silica composite [15] and to titan yellow with reactive blue 4 on a chito-
san—hydroxyapatite material [16]. Asfaram and colleagues tracked malachite green and crystal violet individually despite
what they described as significant interference in the visible region, and quantified the resulting drop in capacity when
the two dyes were present together [|7]. Aazza and co-workers applied first-derivative treatment specifically to over-
come band overlap between o- and p-nitrophenol on alumina and modified alumina, obtaining kinetics and isotherms
for both isomers [18]; the same isomer pair had been resolved much earlier by a hybrid of zero-crossing and peak-to-
baseline measurement [19].
Ternary systems are considerably rarer, and they push the method harder. Ghaedi and co-workers needed fourth- and
fifth-order derivatives to separate brilliant green from methylene blue on yeast biomass [20], a warning that the low-
order case is not general. Third-order derivative signals with carefully chosen zero-crossing wavelengths were used for
a crystal violet—brilliant green—methylene blue system on manganese dioxide-loaded activated carbon [21], second-
order signals for a comparable triplet on copper sulfide-loaded carbon [22], and derivative measurement at 631, 592
and 377 nm resolved brilliant green, rhodamine B and methyl orange on cocoa-husk biochar [23]. A ternary anionic dye
mixture on a calcined layered double hydroxide was treated in the same way and then interpreted with the help of
density functional calculations [24].
3.2 Ratio spectra, double divisors and dual-wavelength measurement
Dividing the mixture spectrum by the spectrum of a pure standard, and then differentiating the resulting ratio, removes
the divisor's contribution and is often more robust than direct differentiation. Extending the idea, the double-divisor
ratio spectra derivative method uses the summed spectrum of two components as the divisor and thereby handles a
three-component mixture without separation; the original demonstration was on a pharmaceutical triplet [25], but the
algebra is indifferent to the analyte class. Dual-wavelength measurement, isosbestic-point strategies and normalised-
spectra approaches form a related family whose rules for choosing wavelength pairs have been set out systematically
for binary through quaternary mixtures [26]. A recent comparison applied derivative ratio zero-crossing, double-divisor
ratio spectra and successive derivative subtraction to phenol, 2-aminophenol and 4-aminophenol in real water samples
and scored each on greenness as well as accuracy, which is a useful precedent for environmental work [27].
3.3 The H-point standard addition method
The H-point standard addition method occupies an interesting middle position. Two standard-addition lines are con-
structed at a pair of wavelengths chosen so that the interferent's absorbance is equal at both; their intersection gives
the analyte concentration free of the interferent's contribution, and also returns the interferent's own contribution
[28]. Because the additions are made into the sample itself, the method compensates for proportional matrix effects,
which is precisely what an adsorption supernatant needs. Its limitations are equally clear, and have been reviewed in
detail: strict additivity and linear response are presumed, so any deviation from Beer's law biases the intersection point
[29]. Despite its suitability, the method has been validated overwhelmingly on pharmaceutical formulations rather than
on adsorption residuals, and this remains an obvious gap. Table Ol collects representative applications of these and the
later strategies, together with the performance figures their authors reported.
Table O1: Representative chemometric strategies applied to the simultaneous quantification of co-existing pollutants in
adsorption and related removal systems, with adsorbent or process, analyte set, method and reported performance.

Adsorbent or process Co-existing pol- | Quantification strat- Reported per- Ref.
lutants (n) egy formance
Basic Red 46 + First-derivative spectro- Ss,lzﬁj:c; ?:;c::::z'
Bentonite Basic Yellow 28 P e ’ [7]
) photometry antagonistic compe-
tition
Yellow 2G + ' o Permitted c'extended
. . . 0 First-derivative, zero- Langmuir and
Inactive aerobic granules Reactive Brilliant . e [13]
crossing Freundlich fitting of
Red K-2G (2) )
binary data
o n : -
Saccharomyces cerevisiae Brilliant green Fourth- and fifth-order I.'OW .°rde.r .der|va
. Methylene blue o tives insufficient for [20]
biomass derivative ; .
(2) this dye pair
Ru nanoparticle-loaded ac- Brilliant green + : _ First-derivative
tivated carbon Methylene blue High-order derivative treatment reported [e]

(74) CODEN (CAS-USA): IIPCOA



Nasr SN, Int Jou Phar Chem, 7(2), 2026, 72-83

(2) to fail
. - . S . Linear [-20 and |-
Surfactant-modified nano-y- | Brilliant green + First derivative with .
Al:O; Crystal violet (2) Box—Behnken design 15mg L LOD 0.3 (4]
and 0.5 mg L™
Crystal violet + . L
. e Third derivative, zero-
MnO: na}nopartlcle-loaded Brilliant green + crossing at 550, 440 and > 0998 21]
activated carbon Methylene blue
3) 710 nm
Ternary removal
CusS nanoparticle-loaded Ternary basic dye | Second-derivative spec- optimised by re- [22]
activated carbon mixture (3) trophotometry sponse surface de-
sign
Brilliant green + Derivative measurement Affinity order BG >
Cocoa pod husk biochar Rhodamine B + RB > MO; NaCl- [23]
at 631, 592 and 377 nm . .
Methyl orange (3) driven synergism
. Binary uptake 129
Polyaniline@SiO: nano- Titan yellow * o and 109 against
. Bromophenol blue | Zero-crossing derivative [15]
composite ) 141.5 and 129.6 mg
g ' alone
. . Titan yellow + Zero-crossing derivative | Method transfera-
Chltosan@hydroxyapatlte Reactive Blue 4 with central composite ble across adsor- [16]
nanocomposite . .
(2) design bents and dye pairs
. oo Binary capacities fall
AlLLO; and HDTMA'/ALLO; _o-andp- First-derivative UV spec- | |0\ the single- | [18]
Nitrophenol (2) tra
solute values
Uptake order
Calcined Mg(AI)O layered Ternary anionic Derivative spectropho- | linked to computed [24]
double hydroxide dye mixture (3) tometry with DFT adsorbate—surface
interactions
. Single-solute qmax
. Acid Red 14 + . 217.4 and 243.9 mg
Acid-treated okara Reactive Red 15 PLS regression . . [5]
) g'; antagonistic
binary uptake
Recovery 96.2—
103.6 %; error 2.3—
. . 6.9 %; LOD 0.1 -
Heated activated pine wood | Four food dyes (4) PLS-1 and PCR 0.29 mg L"'; com- [31]
petition factors
0.64-0.77
Recovery 96.7—
. . . 103.4 %; error |.4—
Chemically ac‘tlvated PIN€* 1 Four colorants “4) Kernel PLS 9.4 %; combined [32]
wood biochar :
retention 186.9 mg
g—l
Accuracy 99.4—
Acid-activated kaolinitic Brilliant blue + PLS 102.1 %; qmax 1644 [33]
clay Brilliant black (2) and 1055 mg kg™';
AH® = =21 k] mol™!
. . Brilliant green + - ' Test-set R* 0.998
Magnetl:o;::ly:slitta:c nano- Malachite green PLS doe:i\?ar:igvlzasl aenctzrit(;rst- and 0.9996; RMSEP [35]
P Q) P 0.12and 0.19
Four dyes with
. . : R% > 0.99; RMSEP
Mandarin peel biosorbent peel-dle:)rllj\;ed co- PLS-1 over 400-800 nm 0.013-0.93 mg L' [8]
Cation-exchange fibres (sol- | Cu(ll) + Ni(ll) + PLS after preconcentra- Iz)o|[5) 0. IEj,?'FI{gDanj [38]
id-phase extraction) Co(ll) (3) tion : “gs o

[7a]
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Rutin + Quercetin | PLS, stepwise regression N-PLS predictions
AB-8 polymeric resin » Step & within 9 % of HPLC [60]
(2) and N-PLS
reference values
Eleven emersin Humic-like compo-
. : gne EEM fluorescence with nent predicted
Granular activated carbon | contaminants with )
: . PARAFAC (five compo- breakthrough [62]
column dissolved organic
nents) across water ma-
matter :
trices
Individual removal
Homogeneous Fenton Rhodamine B + MCR-ALS with a corre- 8l t6 a.ndd8(t)’.2 A_; [66]
treatment Acid Red 14 (2) lation constraint optimised by re
sponse surface de-
sign
Adsorption kinetics
. . . Bisphenol A fol- Scattering correction obtained without
Polyamide microparticles lowed in situ with MCR-ALS filtration or sam- [69]
pling
Chitosan-based hybrid hy- Acid Blue 9 + Al- | Artificial neural network | R =0.9987; RMSE (73]
drogel lura Red (2) (5-10-10-10-2) =0.0119
Methylene blue + Principal component IAST—Langmunr' and
. . . . L . IAST—Freundlich
Biogas digestate biochar Malachite green multivariate regression [82]
. outperformed ex-
(2) with IAST :
tended Langmuir
Crystal violet + N .
Seawater-spiked synthetic | Malachite green + | PLS-1 and ANN with net R 03970 9'999’
system Methylene blue analyte signal error < 3 %; recov- [36]
3) ery 90-101 %

4. FIRST-ORDER MULTIVARIATE CALIBRATION

4.1 From principal component regression to partial least squares

First-order calibration uses the whole spectrum rather than a few wavelengths. Partial least squares, in its PLS-1 and
PLS-2 forms, has become the default; the latent-variable model handles collinear and noisy spectra, and cross-validation
provides a defensible rule for choosing the number of components [30]. In adsorption practice the results are remarka-
bly consistent across systems. Al-Ghouti and co-workers resolved four spectrally overlapped food dyes on heated pine
wood with recoveries between 96 and 104 per cent and extracted competition factors from the four-component iso-
therms [31]. The same group later used a kernel variant on an activated biochar [32] and conventional PLS on acid-
activated kaolinitic clay, where the competition factors and the exothermic enthalpy of adsorption both followed from
the resolved concentrations [33]. Zolgharnein and co-workers used PLS to overcome the alizarin red S—congo red
overlap on cobalt hydroxide nanoparticles before optimising the removal conditions by response surface methodology
[34], and Bagtash and Zolgharnein subsequently showed that building the PLS model on first-derivative rather than raw
spectra improved prediction for a brilliant green—malachite green pair [35]. A ternary system of crystal violet, malachite
green and methylene blue was handled equally well by PLS-1 and by a neural network, with the net analyte signal treat-
ment allowing quantification in spiked seawater [36]. Binary isotherms of methylene blue and crystal violet on mandarin
peels could only be extracted after a dedicated multivariate calibration step [37]. The approach is not restricted to
dyes: solid-phase preconcentration followed by PLS deconvolution of overlapping charge-transfer bands gave sub-
microgram per litre detection limits for copper, nickel and cobalt [38].

4.2 Pre-processing and variable selection

Two operations do most of the work in a good first-order model. Pre-processing removes what is not analyte informa-
tion: scatter correction, baseline removal, Savitzky—Golay smoothing and derivatives, and mean centring, all of which
have been systematically compared for their effect on the linearity of the signal-concentration relationship [39]. Or-
thogonal signal correction is a stronger variant that removes variance orthogonal to the concentration vector, and ap-
plying it before PLS roughly halved the prediction errors for the three nitrophenol isomers in water [40]. Variable se-
lection then discards uninformative regions. Genetic algorithms tuned for spectroscopic data select contiguous, chemi-
cally interpretable regions rather than scattered single wavelengths [41]; the successive projections algorithm achieves a
similar effect deterministically and reached comparable accuracy for a five-metal complex system using a fifth of the
wavelengths [42]. Interval PLS and net-analyte-signal-guided selection have been used to quantify five overlapping color-
ants, in one case with only six variables [43], and moving-window implementations have been applied to disperse dyes
in environmental samples [44].
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4.3 Net analyte signal and analytical figures of merit

This is where the adsorption literature is weakest. The net analyte signal, that part of the signal orthogonal to the space
spanned by all other constituents, is the basis for calculating sensitivity, selectivity, analytical sensitivity and detection
limits in multivariate calibration. The framework was formalised in an IUPAC technical report [45] and later set out
comprehensively for univariate through multiway models [46], along with practical guidance on how such results should
be reported [47]. In practice, most multicomponent adsorption papers report only a correlation coefficient, a root-
mean-square error of prediction and a recovery percentage. The elliptical joint confidence region for slope and inter-
cept, which is the standard test of whether predicted and reference concentrations agree without proportional or con-
stant bias, appears very seldom; among the studies surveyed here it was used in a soil-metal calibration with several
variable-selection algorithms [48], but not in a competitive dye study. Since the competition factor is a ratio of capaci-
ties derived from these concentrations, an unstated calibration uncertainty becomes an unstated uncertainty in the
mechanistic conclusion.

5. SECOND-ORDER AND MULTIWAY CHEMOMETRICS

5.1 The second-order advantage and why it matters here

The distinction between data orders is not a formality. Zero-order data, a single number per sample, require that no
interferent be present. First-order data, a spectrum per sample, tolerate interferents provided they were included in
the calibration set. Second-order data, a matrix per sample, allow accurate quantification even when an interferent was
never calibrated at all, a property named the second-order advantage [49]. Figure 2 sets the hierarchy out visually and
Table 2 gives the corresponding interference scenarios in more detail. Competitive adsorption is a textbook case for it,
because the uncalibrated component is often exactly what cannot be anticipated: leached humic material, a partially
degraded dye, or the coloured product of a side reaction at the surface. Multivariate curve resolution by alternating
least squares, reviewed over fifty years of development, achieves this by decomposing a data matrix into concentration
and spectral profiles under chemically meaningful constraints [50]. Extending the data set with several matrices, so-
called multiset augmentation, can even confer the second-order advantage on data that are nominally first order [51].

1

THIRD ORDER - Array data (EEM vs time or pH)

Calibration strategies: Four-way PARAFAC, U-PLS/RTL

Interference tolerated: Multiple uncalibrated interferents
with similar spectra

Limitation: High acquisition/computation cost

A

SECOND ORDER - Matrix data (EEM fluorescence,
LC-DAD, kinetic-spectral) !E

Calibration strategies: MCR-ALS, PARAFAC, U-PLS/RBL

Interference tolerated: UNCALIBRATED interferents
(Second-order advantage)

Limitation: = Rotational ambiguity without constraints

[T

I
|
E

FIRST ORDER - Vector data (UV-Vis, NIR, emission spectrum)
Calibration strategies: CLS, ILS, PCR, PLS-1, PLS-2 /\/

Interference tolerated: Interferents present in calibration set

Increasing capability to handle interferents T

Limitation: Unexpected component invalidates prediction

1)

ZERO ORDER - Scalar data (absorbance at one wavelength)
Calibration strategies: univariate calibration line .
Interference tolerated: NONE

Limitation: Any co-absorbing species produces undetectable bias

Figure 02: Hierarchy of data orders and the corresponding calibration strategies, with the interference scenario each
level can and cannot handle.
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encountered in competitive adsorption experiments.

Data per Typical mea- Calibration ap- Interference tole- Principal limita-
sample surement proach rated tion

Zero or- absorbance at one univariate calibra- none: the analyte must | any co-absorbing

der (a wavelength tion line be the only absorbing species produces a

scalar) species bias that cannot be
detected [49]

First or- full UV-Vis, NIR or | CLS, ILS, PCR, PLS- | interferents that were an unexpected com-

der (a emission scan | and PLS-2 present in the calibra- ponent invalidates

vector) tion set the prediction and
shows only in the
residuals [30, 49]

Second EEM fluorescence, MCR-ALS, PARA- uncalibrated interfe- rotational ambiguity

order (a LC-DAD, kinetic— FAC, U-PLS with rents, the second-order | unless constraints

matrix) spectral data residual bilinearisa- advantage and selectivity are

tion adequate [50, 52,

54]

Third or- | EEM recorded as a four-way PARAFAC, | several uncalibrated acquisition and

der (an function of time or U-PLS with residual | interferents with nearly | computation cost;

array) pH trilinearisation identical spectra rarely available in
adsorption laborato-
ries [65]

5.2 Constraints, ambiguity and the honest limits of curve resolution

Bilinear decomposition is not unique on its own. Non-negativity, unimodality and closure narrow the family of admissi-
ble solutions but rarely reduce it to one, and the extent of the remaining rotational ambiguity can be computed by
methods developed precisely for this purpose [52]. Additional constraints help: an area-correlation constraint applied
to both calibration and unknown samples was shown to collapse the feasible region to a unique answer for severely
overlapped, non-trilinear second-order data [53]. More recently it was demonstrated that the selectivity pattern of the
pure spectra, and not the constraint set alone, determines whether curve resolution actually attains the second-order
advantage in a given three-component system [54]. These are not academic subtleties. An adsorption paper reporting
concentration profiles from curve resolution without stating the constraints applied, or without any assessment of am-
biguity, is reporting one member of a family of solutions and calling it the answer.

5.3 Trilinear models and hyphenated data

Parallel factor analysis imposes trilinearity and gains essential uniqueness in return, which is why it dominates fluores-
cence work [55]. Where the trilinear assumption fails, as with chromatographic retention shifts, PARAFAC2 allows
sample-specific profiles while preserving uniqueness [56], and a flexible, component-wise trilinearity constraint inside
curve resolution has been shown to bridge the two situations for liquid chromatography with diode-array detection and
related data [57]. For high-resolution mass spectrometry the regions-of-interest strategy compresses the data before
resolution and has been applied to environmental extracts [58], with empirical quality metrics proposed more recently
to make the parameter choices less arbitrary [59]. Multiway regression has also been taken directly into adsorption
kinetics: comparing PLS, stepwise regression and multiway PLS on ultraviolet—visible spectra of a two-solute system on
a polymeric resin, the multiway model predicted concentrations to within nine per cent of chromatographic reference
values, which is a rare example of an independent instrumental check on a chemometric result in this field [60].

5.4 Fluorescence excitation—emission matrices and dissolved organic matter

Excitation—emission matrices are the most accessible source of second-order data, and the methodology for their
PARAFAC analysis, including scatter handling and split-half validation, is well established [61]. The environmental rele-
vance to competitive adsorption is direct. Sgroi and co-workers resolved five PARAFAC components from wastewater
and surface water and found that the microbial humic-like component predicted the breakthrough of eleven co-existing
emerging contaminants on granular activated carbon irrespective of the water matrix, effectively quantifying the compe-
tition exerted by natural organic matter for adsorption sites [62]. Tracking the same components through the unit op-
erations of a full-scale drinking water plant showed which fractions are preferentially removed at each stage [63]. For
pollutants themselves, excitation—emission data with unfolded PLS and residual bilinearisation quantified four pesticides
at nanogram per millilitre levels in seawater despite humic interference [64], while a system of three fluoroquinolones
with almost identical spectra required fourth-order data and the third-order advantage [65]. Degradation monitoring is
a natural extension: curve resolution with a correlation constraint separated a binary dye mixture during Fenton treat-
ment so that individual removal efficiencies could be optimised [66], parent quinolones were distinguished from their
fluorescent transformation products in several water matrices [67], and the deethylation products of rhodamine B on a
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titania film were resolved and validated against chromatography [68]. Most directly relevant of all, an inverse adding-
doubling scattering correction combined with curve resolution allowed adsorption kinetics of bisphenol A on polyamide
microparticles to be measured in situ, without filtration, from a single ultraviolet—visible measurement [69].

6. NEURAL NETWORKS AND MACHINE LEARNING

Nonlinearity enters multicomponent spectrophotometry through several doors: inner-filter effects at high absorbance,
aggregation equilibria, and chemical interaction between the analytes. Where it is present, latent-variable regression is
working against the data, and a nonlinear regressor becomes attractive. Principal component analysis coupled to a feed-
forward network resolved a ternary mixture of food dyes with mean absolute errors below one per cent [70], and ge-
netic-algorithm wavelength selection combined with a network outperformed both PLS-1 and genetic-algorithm PLS on
a severely overlapped quaternary system [71]. A quite different application uses machine learning to identify as well as
quantify: a self-attention architecture applied to surface-enhanced Raman spectra from combinations of probes quanti-
fied four coexisting metal ions in real effluents with errors below ten per cent [72].

Networks are also used on the adsorption side rather than the analytical side, and the two roles should not be con-
fused. A multilayer perceptron reproduced single and competitive uptake of two dyes on a chitosan hybrid hydrogel
with a correlation coefficient of 0.9987 [73], and ternary competitive adsorption on a fish-bone hydroxyapatite was
modelled in the same way [74]. The most instructive comparison is older: for aqueous micropollutants on activated
carbon cloth, neural networks reproduced the competitive equilibrium more accurately than ideal adsorbed solution
theory, precisely because adsorbate—adsorbate interaction violates the ideal assumption [75]. Recent work extends this
to predicting simultaneous removal of organics and metals using interpretable and generative approaches [76], and a
systematic review of eighty-seven papers has codified the architectures and validation criteria that dye-adsorption mod-
elling should meet [77]. The caution to be repeated is that a network with enough parameters will fit almost anything;
without an external test set, and preferably an independent one, a high correlation coefficient means very little.

7. From concentrations to competition: propagating the analytical error

7.1 What the competitive models demand of the analyst

The extended or competitive Langmuir equation, whose origin lies in work from 1930 on species competing for a finite
set of sites [78], requires single-solute constants and the equilibrium concentration of every component in the mixture.
Ideal adsorbed solution theory predicts multicomponent equilibria from single-component isotherms through the equal-
spreading-pressure criterion [79], and its fifty-year appraisal concluded that it performs well for near-ideal mixtures but
fails systematically on energetically heterogeneous surfaces, with error in the single-component fit as the dominant
propagated term [80]. Extended Freundlich, extended Sips and Langmuir—Freundlich variants often outperform ex-
tended Langmuir on real binary data; an arsenic—fluoride system on activated carbon was best described by the ex-
tended Langmuir—Freundlich form [81], and a binary methylene blue—malachite green system on digestate-derived bio-
char was fitted better by ideal adsorbed solution combinations than by extended Langmuir, but only after principal
component regression had been used to resolve the overlapping spectra [82]. What each of these models demands of
the analyst, and where each has been reported to break down, is summarised in Table 3.

Table 03: Competitive and multicomponent isotherm models, the concentration data each requires from the analytical
step, and their documented limitations.

- Required from the Ay
Model Core assumption q . Documented limitation Ref.
analytical step
. . . . the site-universality condition is
. identical universal single-solute constants . )
Competitive . o violated by heterogeneous lignocel-
sites shared by all plus the equilibrium con- ; . [78,
(extended) ; lulosic surfaces, so capacities may
. adsorbates; monolay- centration of every : S 1]
Langmuir be reproduced while equilibrium
er coverage component .
concentrations are not
Extended empirical extension of | single-solute Freundlich interaction coefficients are purely
Freundlich the heterogeneous constants and mixture empirical and carry no thermody- [3]
single-solute model concentrations namic meaning
Extended Sips . .
and Lan heterogeneous sur- single-solute parameters more adjustable parameters than [4
muir- g face with a distribu- and accurate mixture the data usually justify, giving 8|E|
. tion of site energies concentrations strongly correlated estimates
Freundlich
Ideal ad the adsorbed phase complete and well-fitted | fails on energetically heterogeneous
sorbed solu behaves as an ideal single-component iso- adsorbents; error in the single- [79,
tion theo solution at equal therms over the whole component fit is the dominant 80]
y spreading pressure range propagated term
Neural net- no explicit physical a large, properly de- no mechanistic interpretation, and | [75,
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work or ma-
chine-learning
surrogate

model is assumed

signed concentration
matrix for training and
independent testing

over-fitting whenever the test set is
not truly independent
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7.2 The size of the effect

It is worth being concrete. The adsorbed amount is
obtained by difference, q = V(CO — Ce)/m, so a relative
bias o in the measured equilibrium concentration pro-
duces a relative error in capacity of 8(I — R)/R, where
R is the fractional removal. The algebra is unforgiving at
low removal. A five per cent bias in Ce gives only
about 1.3 per cent error in q at eighty per cent re-
moval, but the same bias gives twenty per cent error at
twenty per cent removal, and forty-five per cent at ten
per cent removal (Figure 3). Since the competition
factor is a ratio of capacities measured in mixture and
in single solution, and the two biases need not have the
same sign, the ratio can in the worst case inherit the
sum of the two errors. Multiplied through a Langmuir
fit over several points, this is enough to change which
model is judged best and, in some cases, to turn a re-
ported antagonistic interaction into an apparently non-
interactive one. It also explains why the problem is
most acute exactly where multicomponent work is
most interesting, namely at the high initial concentra-
tions and low removal efficiencies characteristic of
competitive conditions. Very few papers propagate the
analytical uncertainty into their isotherm parameters,
and the omission deserves more attention than it re-
ceives.

T
bias in C.

10 —_

10" |

107

Relative error in adsorbed amount, [Ag/q| (%)

101 |

L 1 L L "1
0 20 40 60 80 100
Removal efficiency, R (%6)

Figure 03: Propagation of a relative bias in the meas-
ured equilibrium concentration into the relative error
of the adsorbed amount, as a function of removal effi-
ciency, calculated from q = V(CO — Ce)/m for bias lev-

els of 1,2, 5and |0 per cent.

8. EXPERIMENTAL DESIGN AS PART OF
THE ANALYTICAL STRATEGY

Design of experiments enters this field twice, and the
two uses are often conflated. On the process side,
Box—Behnken, central composite and related designs
optimise pH, dose, contact time and initial concentra-
tions for simultaneous removal, and this is now routine
in the derivative-spectrophotometry papers cited
above [14,16]. On the analytical side, the calibration set
for a multivariate model is itself a designed experiment:
concentrations of the analytes must be varied inde-
pendently, over ranges that bracket the samples, with

enough levels to support the number of latent vari-
ables. Multi-level factorial designs of this kind underpin
the better-performing models [71], and where the de-
sign is weak the model tends to encode the correlation
between analytes rather than their individual spectra. A
calibration set built by diluting a single stock mixture is
a common and serious error, since the analyte concen-
trations are then perfectly correlated and the model
cannot distinguish them.

9. WHAT IS MISSING FROM CURRENT RE-
PORTS

Before listing what is missing it is worth looking at
what is actually used. Figure 4 shows how the applica-
tion studies gathered for this review distribute across
the method families and across binary, ternary and
larger systems. Two things stand out. Derivative spec-
trophotometry and first-order multivariate calibration
account for roughly two thirds of the corpus, and de-
rivative work is overwhelmingly binary, whereas sys-
tems of four or more components are handled almost
exclusively by multivariate or multiway methods. This
is the expected pattern, and it is also a warning, since
the binary case is the one in which a poor method is
least likely to be caught.

Derivative
spectrophotometry

Ratio spectra /
dual wavelength

First-order
multivariate (PLS, PCR)

Second-order /
multiway (MCR, PARAFAC)

. binary
W ternary

ANN / machine
leaning

E  four or more

! 1
0 5 10 15

Number of application studies in the surveyed corpus

Figure 04: Distribution of quantification strategies
across the application studies surveyed in this review,
broken down by the number of co-existing compo-
nents resolved. Studies applying more than one family
are counted once, under the strategy on which their
reported results rely.

Drawing the surveyed literature together, the recur-
ring omissions are easy to list and easy to remedy. Ad-
ditivity of the mixture spectrum is assumed rather than
demonstrated. Calibration design is described in one
line, if at all. Validation is reported as a correlation co-
efficient and a recovery, without root-mean-square
error of prediction on an independent set, without the
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elliptical joint confidence region, and without multivari-
ate detection limits computed on the net analyte signal
basis [46,47]. Where curve resolution is used, the con-
straints and the ambiguity assessment are usually ab-
sent [52,54]. Interference from the adsorbent itself is
seldom quantified, although the tools exist [8,10]. And
the analytical uncertainty is almost never carried for-
ward into the isotherm parameters. None of these
steps is expensive; together they would make competi-
tive adsorption data comparable between laboratories
in a way they currently are not. Table 4 sets them out
as a checklist, and Figure 5 condenses the same reason-
ing into a decision path that can be followed before the
first batch experiment is run rather than after the data
have been collected.

Table 04: Proposed minimum reporting set for the
analytical component of multicomponent adsorption

studies.

Stage

Item to re-
port

Why it matters

Preliminary
checks

comparison of
the mixture
spectrum with
the sum of the
pure-
component
spectra at
matched con-
centrations

establishes that
additivity, on
which every linear
method depends,
actually holds in
the working range

Preliminary
checks

spectrum of
an adsorbent
blank carried
through the
whole contact,
filtration and
dilution pro-
cedure

quantifies leached
colour, turbidity
and scattering
before they are
attributed to the
pollutant

Calibration

design of the
calibration set:
levels per ana-
lyte, concen-
tration ranges
and evidence
that analyte
concentrations
are not corre-
lated

a set produced by
diluting a single
stock mixture
cannot separate
the analytes,
whatever the al-
gorithm

Calibration

pre-processing
applied and,
for latent-
variable mod-
els, the num-
ber of compo-
nents together
with the selec-
tion criterion

makes the model
reproducible and
guards against
over-fitting

Validation

root-mean-
square error

cross-validation is
optimistic, partic-
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of prediction
on an inde-
pendent test

ularly for the
small calibration
sets typical of this

puted on a net
analyte signal
basis

set, not cross- field
validation
alone
elliptical joint
confidence
region for the | the standard test
slope and in- for proportional
Validation tercept of and constant bias,
predicted and almost never
against refer- reported
ence concen-
trations
multivariate
limits of detec- | univariate detec-
tion and quan- | tion limits are not
Validation | tification com- transferable to

multivariate mod-
els

Curve reso-

the constraints
applied and an
assessment of

without them one
member of a fami-
ly of solutions is

factors and
isotherm con-
stants

lution the remaining :
; being reported as
rotational am-
- the answer
biguity
propagation of
the analytical -
A the mechanistic
uncertainty L
. . o conclusion is only
Adsorption | into capacities, .
. o as reliable as the
modelling competition

concentrations
that support it

START
Competitive adsorption experiment
with co-existing pollutants

Step 1: Preliminary checks

- Additivity test
- Adsorbent blank spectrum
- Interference assessment (turbidity, leached

colour, scattering)

P
/Decl:innl: No
< 1 tral rl
< ts speciral overlap_>———>

\presenﬁ/

Yes

ﬂ)ectsion 2

THIRD ORDER
Four-way PARAFAC
(rare in adsorption
work)

_
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P nonlinearity
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ignificant?

wwl

~ Is the interferent No
anticipated and
includedin "
calibration?

ZERO ORDER
 Univariate fine
(no overlap, single analyte)

SECOND ORDER
MCR-ALS / PARAFAC
(uncalibrated interferent,
second-order advantage)

Decision 3:
Is the system binary
or ternary+?
R
TVES

FIRST ORDER
Derivative / Ratio spectra / H-point
(binary, additive)

FIRST ORDER - PLS / PCR
(overtap present,
calibrated interferents)

NEURAL NETWORK / ML regressor
(significant nonlinearity, large training set)

.

Validation stop:
RMSEP on independent test set, EJCR, net analyte signal LOD,
propagate uncertainty into isotherm parameters

Figure 05: Decision framework for selecting a quantifi-

cation strategy in competitive adsorption experiments,

from the preliminary additivity and interference checks
through to the choice of calibration order.
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10. OUTLOOK

Three directions seem likely to matter. First, in situ
measurement. The demonstration that adsorption ki-
netics can be followed without filtration by combining a
scattering correction with curve resolution [69] points
to a class of experiments in which the sampling step,
itself a source of error and of adsorbate loss, disap-
pears; extending that from one adsorbate to a compet-
ing pair is a natural next study. Second, portable and
low-cost instrumentation. Smartphone-based col-
orimetry and inexpensive spectrometers generate data
of adequate quality for chemometric treatment, and
would allow multicomponent removal to be monitored
where it actually happens rather than in a laboratory
some distance away. Third, standardisation. The ana-
lytical chemistry community has produced clear guid-
ance on how multivariate calibration should be vali-
dated and reported [45,47]; the adsorption community
has largely not adopted it. A short, agreed checklist,
endorsed by the journals that publish most of this
work, would probably do more for data quality than
any new algorithm. It would also make the growing
body of machine-learning work more useful, since
those models are only as good as the concentrations
they are trained on [77,76].

1. CONCLUSION

The analytical step in competitive adsorption research
has been treated as a routine preliminary for far too
long, when in fact it determines whether the thermo-
dynamic and mechanistic conclusions mean anything.
The evidence assembled here is fairly unambiguous.
Single-wavelength photometry is unsafe in any multi-
component system, and the primary literature contains
explicit reports of its failure. Derivative and ratio-
spectra methods are inexpensive and effective for bi-
nary systems, provided that additivity holds and suit-
able zero-crossing wavelengths exist, but they degrade
quickly with increasing derivative order and with the
number of components. First-order multivariate cali-
bration is the practical workhorse and handles cali-
brated interferents well. Only second-order and mul-
tiway methods cope reliably with the uncalibrated in-
terferences that adsorption experiments generate, and
their trustworthiness depends on constraints and am-
biguity assessment that are rarely reported. Neural
networks are valuable where nonlinearity is genuine,
and misleading where validation is thin. Above all, the
uncertainty of the quantification step should be esti-
mated, stated and propagated into the competition
factors and isotherm constants that the study is really
about. Doing so consistently would cost very little and
would substantially raise the credibility of a large and
growing literature.
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