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Specific ion effects, as described by the Hofmeister series, play a crucial role in modulating the physicochemical
behavior of macromolecular systems. In polysaccharide aqueous dispersions these effects are closely related to
modifications of the polymer-water hydrogen-bonding network, although their interpretation remains chal-
lenging due to the complex interplay between ions, water, and macromolecular structure. In this study, we
investigate the effect of kosmotropic and chaotropic cosolutes on guar gum aqueous dispersions by integrating
Attenuated Total Reflectance-Fourier Transform Infrared (ATR-FTIR) spectroscopy and thermogravimetric
analysis (TGA) using multivariate analysis and data fusion strategies. Distinct ion-specific modifications were
observed in both the hydroxyl stretching region and the dehydration behavior of the galactomannan system.
Principal Component Analysis (PCA) applied to the individual datasets revealed distinct ion-specific trends while
a mid-level data fusion approach based on the Common Dimensions (ComDim) algorithm further improved
sample clustering and visualization. Loading and salience analyses identified the main spectral and thermal
features associated with ion-dependent perturbations of the guar gum-water network. The proposed method-
ology highlights the potential of integrated spectroscopic, thermal, and chemometric approaches for investi-
gating hydration-mediated phenomena in polysaccharide systems and, more broadly, in complex
macromolecular materials.

1. Introduction

Specific ion effects, often described in terms of Hofmeister series,
refer to the modifications induced by the presence of electrolytes on the
physical and chemical behavior of systems belonging to the macromo-
lecular and colloidal realms (Gregory et al., 2022; Lo Nostro & Ninham,
2012; Salis & Ninham, 2014). First observed in the context of protein
precipitation, the Hofmeister series ranks ions according to their ability
to stabilize or destabilize macromolecules in aqueous solution (Cacace
et al., 1997; Kunz et al., 2004). These effects are now acknowledged
across a wide range of systems, including proteins, polysaccharides,
surfactants, membranes, hydrogels, in water and in non-aqueous sol-
vents, where they modify parameters and affect phenomena such as
solubility, aggregation, conformational stability, and hydration just to

mention a few (Acar, Tatini, Fidi, et al., 2024; Bostrom et al., 2003; Lin
et al., 2020; Musilova et al., 2019; Sarri et al., 2018; Tatini et al., 2017;
Tatini et al., 2022). Beyond their fundamental relevance from a physi-
cochemical perspective, Hofmeister phenomena also have important
implications for the formulation, stability, and functional performance
of macromolecular systems in technological and industrial applications.
Although the underlying mechanisms are multifaceted—encompassing
ion hydration, dispersion forces, interfacial adsorption, and water
structure modulation—they remain only partly understood, due to their
complexity and to their mutual interconnection (Acar et al., 2025;
Ninham & Yaminsky, 1997; Parsons et al., 2011). Experimental studies
on Hofmeister effects traditionally rely on monitoring the changes in
physicochemical properties (e.g., solubility, spectral features, thermal
transitions, mechanical and rheological properties) across a series of
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salts, and interpreting these changes by correlating them with known
ion-specific descriptors (e.g., ionic static polarizability, Gibbs free en-
ergy and entropy of hydration, Jones-Dole viscosity coefficient, lyo-
tropic number etc.) (Jenkins & Marcus, 1995; Marcus, 1991; Tatini
et al., 2022; Voet, 1937). This approach often involves visual trend
recognition, requiring manual data processing and interpretation, which
may be time and labor-consuming.

In recent years, machine learning and chemometrics have gained
increasing attraction in analytical chemistry as powerful tools for
pattern recognition, data exploration, and classification in high-
dimensional experimental datasets (Houhou & Bocklitz, 2021; H.-P.
Wang et al., 2022). Among these, Principal Component Analysis (PCA)
stands out as a widely used unsupervised method that reduces data
dimensionality while preserving variance (Bro & Smilde, 2014;
Cordella, 2012). PCA allows for the visualization of sample distribution
in lower-dimensional space (typically 2D or 3D), making it particularly
useful for detecting trends and grouping behavior without requiring an a
priori information (Greenacre et al., 2022). By analyzing principal
component loadings, researchers can identify ~ which
variables—depending on the experimental techniques used to generate
the dataset—provide the predominant contributions to sample differ-
entiation. PCA thus offers an objective and data-driven alternative to
traditional descriptive analyses. Key applications of PCA in analytical
chemistry include classification of complex mixtures, process moni-
toring, metabolomic profiling, and food authentication (Borghini et al.,
2024; Jiang et al., 2013; Kemsley et al., 2019; McKenzie et al., 2011;
Nardin et al., 2024; Salvatore et al., 2013; Tamasi et al., 2019).

To further enhance interpretation and classification when multiple
types of measurements are involved, data fusion strategies can be suc-
cessfully implemented (Biancolillo et al., 2019; Mishra et al., 2021).
Data fusion refers to the integration of data from different sources or
analytical techniques to exploit complementary information and un-
cover relationships that may not be apparent from single-block (or
single-technique) analysis (Azcarate et al., 2021). Data fusion can be
implemented at different levels: low-level (combining raw data), mid-
level (merging extracted features), or high-level (integrating final re-
sults) (Borras et al., 2015). Among mid-level approaches, the Common
Dimensions (ComDim) algorithm has emerged as a robust unsupervised
method for multiblock analysis (Rocha Baqueta et al., 2021; Tatini et al.,
2025; Tomassetti et al., 2024; Tomassetti, Marini, Di Natale, et al., 2025;
Tomassetti, Marini, Pezzilli, et al., 2025). ComDim identifies shared
latent structures across multiple datasets while also quantifying the
contribution (salience) of each block to those structures, enabling an
integrated data visualization and more effective sample discrimination
(Cariou et al., 2018; Tchandao Mangamana et al., 2019).

This work investigates the influence of kosmotropic and chaotropic
cosolutes on the hydration and physicochemical behavior of guar gum
aqueous dispersions by combining ATR-FTIR spectroscopy and ther-
mogravimetric analysis (TGA) with an original multivariate data fusion
approach. PCA and ComDim are employed as exploratory tools to
resolve ion-specific trends within the spectroscopic and thermal datasets
and to identify the relevant features associated with different hydration
environments and dehydration processes that drive the differentiation
according to the Hofmeister series.

Guar gum is a neutral galactomannan consisting of a linear mannan
backbone (B-(1,4)-linked) with the galactose units attached as single
side chains by an a-(1,6)-glycosidic linkage. Among naturally occurring
galactomannans, guar gum is one of the most extensively produced and
commercially used polysaccharides worldwide, owing to its remarkable
thickening, viscosifying, and stabilizing properties (Garcia et al., 2025;
Ozen et al., 2023). In aqueous systems the physicochemical behavior of
guar gum strongly depends on polymer concentration, as typically
observed for flexible water-soluble polysaccharides. At very low con-
centrations the polymer chains are isolated and do not significantly
interact. Upon increasing concentration the system enters the semi-
dilute regime, where chain overlap occurs and intermolecular
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interactions become relevant, leading to the formation of a transient,
highly hydrated network. At even higher concentrations the strong
entanglement effects and increased viscosity dominate the macroscopic
behavior (Torres et al., 2014; Q. Wang et al., 2003). Under these con-
ditions, the solvent molecules become increasingly constrained by the
polymer network itself, potentially reducing the relative contribution of
ion-specific phenomena to the overall physicochemical response. At the
concentration used in this study (1% w/w) guar gum dispersions fall
within the semi-dilute regime. In this condition, the high density of
hydroxyl groups along both the mannan backbone and the galactose side
chains promotes extensive hydrogen bonding with water, resulting in a
heterogeneous hydration environment comprising bulk-like water,
polymer-associated water, and more strongly bound hydration layers.

Within this framework the presence of kosmotropic and chaotropic
cosolutes alters the polymer-water network, and ion-specific in-
teractions can perturb the distribution and strength of hydrogen-bonded
water populations. This makes guar gum dispersions a well-suited sys-
tem for probing Hofmeister-driven phenomena in terms of their impact
on polysaccharide hydration and associated physicochemical properties.
In galactomannans these hydration-mediated interactions are directly
connected to functional properties such as viscosity, chain association,
rheological behavior and thermal stability. Understanding how different
cosolutes perturb the guar gum-water network is therefore relevant not
only from a fundamental physicochemical perspective, but also for the
rational tuning of polysaccharide-based formulations.

Moreover, the broad technological relevance of GG in food, phar-
maceutical, and oilfield formulations underscores the importance of
understanding how electrolytes and cosolutes modulate its hydration
and stability under application-relevant conditions. (George et al., 2019;
Sarri et al., 2019; Sharahi et al., 2025; Sharma et al., 2018). In this study,
we examined a representative series of anions spanning the Hofmeister
series, namely Na»SOa, NaF, NaCl, NaBr, Nal, and NaSCN, together with
two non-ionic modifiers, trehalose and urea. These latter cosolutes were
included because they exhibit a pronounced kosmotropic and chaotropic
character respectively while maintaining electrical neutrality, thereby
allowing the isolation of water-structuring effects from purely ionic
contributions.

We test the hypothesis that specific ion effects related to modifica-
tions in the hydration and physicochemical behavior of guar gum can be
effectively identified by multivariate analysis and data fusion. This rapid
and data-driven approach provides insights into the role of ionic and
molecular modifiers in modulating the functional properties of guar gum
formulations, with direct implications for technological contexts
ranging from texture engineering in foods and drug delivery systems to
viscosity control in hydraulic fracturing fluids and personal care
products.

To the best of our knowledge, only one previous study has applied
chemometric tools to explore kosmotropic and chaotropic ion properties
in relation to the Hofmeister series (Jakubowska & Kozik, 2019), while
no previous work has combined ATR-FTIR, thermogravimetric analysis,
and multi-technique data fusion to investigate specific ion effects in guar
gum dispersions. The present study therefore aims to provide a physi-
cochemical interpretation on how different cosolutes modulate hydra-
tion and thermal behavior in a galactomannan system, also highlighting
the potential of integrated spectroscopic and thermal approaches for the
investigation of ion—polysaccharide interactions.

2. Materials and methods
2.1. Materials

All chemicals were reagent grade (>99%) and used without further
purifications. NaF, Nal, NaSCN, were purchased from Fluka (Milan,
Italy). NaCl, NaBr, NaySO4 and trehalose were supplied by Sigma-
Aldrich (Milan, Italy). Urea was purchased from Riedel de Haen (Ger-
many) and guar gum was supplied by Lamberti S.p.A. (GUAR GUM 3500
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/ 5000, purity >90%, M,, = 2 x 10° Da, mannose-to-galactose (M/G)
ratio 1.8-2.0:1, Albizzate, Italy). The molecular weight provided by the
supplier was confirmed by dilute-solution viscometry measurements.
Five guar gum solutions were prepared with concentrations ranging
from 0.01 to 0.06% (w/v) using water as solvent. Flow times were
measured at 25 °C using an Ubbelohde capillary viscometer (Schott,
Germany). The intrinsic viscosity [n] was obtained by extrapolation to
zero concentration through linear regression of the reduced viscosity
versus concentration plot (Fig. S1 in the Supplementary Material). The
intrinsic viscosity was subsequently used to estimate the molecular
weight of the guar gum sample by means of the
Mark-Houwink-Sakurada relationship:

i) = KM &

where M is the molecular weight estimated from intrinsic viscosity, K =
3.8 - 1072 mL/g and « = 0.723, according to literature values reported
for unmodified guar gum in aqueous solution (Cheng et al., 2002;
Robinson et al., 1982).

All solutions and dispersions were prepared with bidistilled Milli-Q
water (resistivity>18 MQ-cm at 25 °C).

2.2. Sample preparation

The dispersions were prepared by slowly adding a weighted amount
of guar gum powder to water or 0.5 M salt solutions under constant
stirring at room temperature (21 + 1 °C). The final concentration of GG
was 1% w/w for all the samples.

To assess the possible influence of residual impurities, control ex-
periments were performed on guar gum samples after purification. A 1%
w/w guar gum dispersion was prepared in Milli-Q water and stirred
overnight at 25 °C to ensure complete hydration of the polysaccharide.
The resulting dispersion was filtered through cloth to remove insoluble
residues and particulate material. The polymer was subsequently
recovered by precipitation using two volumes of ethanol. The precipi-
tated guar gum was collected, dried, and subsequently redispersed in
water or selected salt solutions (1% w/w) for the analyses.

2.3. Attenuated total reflection Fourier-transform infrared spectroscopy
(ATR-FTIR)

The ATR-FTIR spectra were acquired on a Thermo Nicolet Nexus 870
FT-IR spectrophotometer equipped with a liquid nitrogen cooled MCT
(mercury-cadmium-telluride) detector. The spectra were collected
within the 4000-1000 cm ! range using a spectral resolution of 2 cm ™!
and 128 scans per run. Each spectrum was corrected to remove the
contribution of the atmospheric CO, and subtract the background. The
effect of the different anions on the spectral features of the GG samples
was investigated by deconvoluting the -OH stretching band in the 3700
and 3000 cm ™! region using Gaussian curves and a constant baseline.
Prior to chemometrics analysis, several preprocessing techniques were
tested: the most suitable approach was a first derivative using a
Savitzsky-Golay filter (13 points window and third order for the inter-
polating polynomial) in combination with a data normalization by the
norm.

2.4. Thermogravimetric analysis (TGA)

Thermogravimetric analyses were performed with a SDT Q600
apparatus (TA Instruments, New Castle, USA). A weighted amount of
sample was placed in an open aluminum pan and measured against an
empty reference while heating from 25 °C to 450 °C, with a heating rate
of 10 °C/min and a constant N flow rate of 100 mL/min. The first de-
rivative of the weight loss as a function of temperature followed by a
normalization by the norm was used as input for the chemometrics
analysis.
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2.5. Differential scanning calorimetry (DSC)

DSC characterization of guar gum powder was performed on a DSC-
Q2000 by TA Instruments (Philadelphia, PA). The sample was equili-
brated at —10 °C, then heated up to 110 °C with a ramp of 5 °C/min.
Experiments were performed in Ny atmosphere, with a flow rate of 50
mL/min.

2.6. Chemometric methods

An exploratory Principal Component Analysis (PCA) was performed
on the individual datasets from ATR-FTIR and TGA experiments in order
to analyze common features and detect potential clustering among the
samples. PCA is a dimensionality reduction technique: the data
compression is performed by projecting the samples onto a low
dimensional subspace, in which the axes, known as principal compo-
nents (PCs), are oriented in the directions where the variance in the data
is maximum (Li Vigni et al., 2013). The mathematical computation in-
volves the calculation of the covariance matrix of the input dataset to
capture the relationships between variables. Eigenvalues and eigen-
vectors of the covariance matrix are determined, with eigenvectors
corresponding to the principal components and eigenvalues indicating
the variance explained by each component. The analysis of the loadings,
i.e. the correlation coefficients between the original variables and the
principal components, highlights the contribution of each original var-
iable to the different components. The scores, which represent the
projections of the data onto the principal components, were used to
visualize clustering or patterns within the dataset. Further details about
this method can be found in the reviews of Greenacre, Cadima and
Beattie (Beattie & Esmonde-White, 2021; Greenacre et al., 2022; Jolliffe
& Cadima, 2016).

Common Dimensions (ComDim) analysis is a mid-level data fusion
technique that identifies shared patterns across multiple datasets (or
blocks) of variables, while also retaining individual block-specific fea-
tures. ComDim is an implementation of the Common Components and
Specific Weights Analysis (CCSWA) procedure developed by Qannari
and can be viewed as a multiblock weighted principal components
analysis (Qannari et al., 1995; Rosa et al., 2017). The datasets from ATR-
FTIR and thermogravimetric analysis were concatenated, and each
block was normalized using its Frobenius norm to ensure that all blocks
contribute equally in terms of total variance (Zeaiter & Rutledge, 2009).

The ComDim algorithm operates on the variance-covariance
matrices of the samples, which share identical dimensions. This en-
ables the computation of a weighted sum of these matrices, from which
the first normalized principal component, usually referred as “Common
Dimension” (CD), is derived. Iteratively, the algorithm refines the
weight or “salience” associated with each data block to optimize the
identified CD. The salience indicates the contribution of the different
variables within each block to the common dimensions. Once the first
CD is established, each data block matrix is deflated, and the procedure
is repeated to extract additional CDs. Consequently, each CD corre-
sponds to the leading principal component of the weighted variance-
covariance matrix sum of the deflated blocks (Jouan-Rimbaud
Bouveresse et al., 2011; Rosa et al., 2017). The common components
were ranked based on their contribution to shared variance across
blocks, while block-specific components captured individual dataset
characteristics. For visualization purposes in the ComDim analysis the
data are projected onto the common dimensions' subspace (score plot) to
evaluate clustering, patterns, or relationships across datasets. The sa-
liences and loadings (i.e. the individual contribution of the original
variables to each CD) plots show the sources of the variables responsible
for the similarities and differences among the samples (You et al., 2023).
All computations were carried out using the MBA-GUI toolbox for
MATLAB (Mishra et al., 2020).
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3. Results and discussion

The physicochemical properties of the guar gum powder used in this
study were preliminarily assessed by ATR-FTIR spectroscopy, differen-
tial scanning calorimetry and thermogravimetric analysis. In addition,
the molecular weight estimated from the intrinsic viscosity of guar gum
dilute solutions in water as solvent using the Mark-Houwink-Sakurada
relationship was found to be in good agreement with the value reported
by the supplier (Fig. S1 and Table S1 in the Supplementary Material).
The ATR-FTIR spectrum exhibits the characteristic features of guar gum
and galactomannan polysaccharides, including the broad OH stretching
band around 3300 cm ™!, CH stretching vibrations near 2900 cm ™, and
the carbohydrate fingerprint region between 1200 and 800 cm™!
(Anjum et al., 2021). DSC analysis shows a glass transition with an
associated enthalpic relaxation centered around 60 °C, while TGA re-
veals the typical thermal behavior of guar gum, consisting of an initial
weight loss attributed to residual moisture followed by a single major
decomposition event centered at approximately 300 °C (Vulpitta et al.,
2025). The IR spectrum and the thermograms for the GG powder are
reported in Fig. S2 in the Supplementary Material.

In the following sections, the results obtained from the ATR-FTIR and
TGA experiments for the guar-based polysaccharide dispersions will be
discussed separately. Then, the outcomes of the multiblock analysis on
the merged datasets based on the ComDim approach will be presented.

3.1. ATR-FTIR

The ATR-FTIR spectra for the GG dispersions in the presence of the
different anions are reported in Fig. 1.

All samples show the characteristic spectral signature of guar gum
water dispersions (Rébufa et al., 2019). The broad band between 3700
and 3000 cm ™! is attributed to the O—H stretching vibrations occurring
in water molecules and hydroxyl groups in the polysaccharide chains,
while in the region 3000-2800 cm™! the two small peaks located at
approximately 2920 and 2850 cm ™! are assigned to the antisymmetric
and symmetric C—H stretching vibrations in methylene groups respec-
tively. The intense signal located at 1640 cm ™" is ascribed to the O—H
bending, however a small contribution to this band can derive from the
axial deformation of the C=0 bond (amide band I) due to the presence
of proteins and amino acids impurities from guar seed and coat. Addi-
tional signals with lower intensities can be detected around 1740 cm™?
(C=0 stretching vibration from esters and amides) and 1540 cm ! (NH,
deformation), confirming the presence of amino acids impurities which
are not removed during the guar seed purification processes (Abidi et al.,
2014; Liyanage et al., 2015). Other minor impurities like ash, crude fiber
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and husk residues may also be present in commercial guar gum (Cunha
et al.,, 2007). It should be noted, however, that all the investigated
samples were prepared using the same guar gum batch. Therefore, the
compositional heterogeneity associated with these residual components
remained constant throughout the experimental set. While these com-
ponents may generate minor spectral features, as in the 1500-1800
em™! range, and contribute as an identical background across the
samples, they are not expected to influence the systematic kosmotropic/
chaotropic trends. This interpretation is further supported by additional
control experiments performed on purified guar gum obtained by
dissolution in water, filtration, and ethanol precipitation (Sharahi et al.,
2025). Purified samples including 1% w/w GG in water and selected
kosmotropic and chaotropic cosolutes were analyzed by ATR-FTIR and
TGA, revealing no significant differences compared to the pristine sys-
tems within the experimental sensitivity of the techniques. The com-
parison between purified and non-purified guar gum dispersions in
water at 1% is reported in Fig. S3 in the Supplementary Material as an
illustrative example. The spectral region comprised between 1300 and
1000 cm ™! shows multiple bands that can be assigned to the vibrations
of the glycosidic bonds within the galactomannan backbone (Mudgil
et al., 2012).

The effect of the polysaccharide and of the different cosolutes on the
spectral features emerges clearly. In fact, the addition of GG and of the
background electrolytes results in a variation of the O—H stretching
band intensity at 3700-3000 cm!, along with a shift of the peak
maximum towards higher wavenumbers. Moreover, the presence of the
different cosolutes seems to affect also the band shape, suggesting a
modification in the relative contributions of the different sub-
populations of O—H groups in this region. In general, a decrease in the
O—H stretching bandwidth and intensity, together with a shift to higher
wavenumbers indicate a decrease in hydrogen bond (HB) strength,
number or linearity in the system (Enev et al., 2019; Grossutti &
Dutcher, 2016). When compared to pure water (i.e. without GG and
salts) the O—H stretching band intensity increases in the presence of GG
and kosmotropic species, while it shows a decrease upon the addition of
chaotropic species. Interestingly, the highest absorbance value is
observed for the 1% GG dispersion with no added cosolutes. This
behavior can be attributed to the strong hydration of the polysaccharide
chains, which promotes the formation of an extended hydrogen-bonding
network involving both water molecules and the hydroxyl groups of
guar gum. The resulting increase in the number and heterogeneity of
hydrogen bonds leads to a higher infrared absorption intensity in the
O—H stretching region. In this condition, the structuring effect of the
polysaccharide dominates the spectral response, and no additional
cooperative strengthening of the hydrogen-bond network is observed

2000

1500 1000

Wavenumber (cm-l)

Fig. 1. Attenuated Total Reflection-Fourier Transform Infrared (ATR-FTIR) spectra between 4000 and 1000 em ! for GG 1% dispersion (black) and GG in the
presence of 0.5 M Na,SOy4 (red), trehalose (light green), NaF (blue), NaCl (grey), NaBr (orange), Nal (dark green), NaSCN (light blue) and urea (pink). The dotted line
represents the ATR-FTIR spectrum of pure water. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)
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upon the addition of kosmotropic species SO%, F~ and trehalose. Due to
their high charge density and small polarizability, they compete with the
hydroxyl groups of the polysaccharide for water molecules, leading to a
redistribution of hydration water populations between solvated ions and
polymer-associated domains. Consequently, although the presence of
kosmotropic species brings about an increase in the OH stretching in-
tensities if compared to pure water, the corresponding IR absorption
remains lower than that of the pristine guar gum dispersion, where the
polymer hydration network is highly structured.

In the case of chaotropic anions (Br~, I, SCN™) and urea the nature
of the cosolute overcomes the strengthening effect of GG, resulting in an
overall decrease in the band intensity. The intensity trend can be sum-
marized as follows:

for the ionic species: no salt 1% GG > SO3~ > F~ > Cl~ > pure water
>Br  >1 >SCN™

for the non-ionic species: no salt 1% GG > trehalose > pure water >
urea.

The bandwidth value (indicated as the Full Width at Half Maximum,
FWHM), the position of the peak maximum and the Center of Gravity
(CoG) for the O—H stretching band are listed in Table 1. For better
comparison these descriptors are plotted as a function of the different
salts and cosolutes in Fig. S4 and S5 in the Supplementary Material. If
compared to pure water all the samples show higher FWHM values,
evidencing the structuring effect of GG on the hydrogen bond network.
The presence of kosmotropic species does not remarkably affect the
bandwidth observed for the aqueous 1% GG dispersion, while the
addition of chaotropic species brings about a significant decrease in the
FWHM value, confirming their structure-breaking nature.

The peak maximum and the CoG values show a similar trend: in the
GG water dispersion they are both red-shifted, but moving from kos-
motropic to chaotropic species their position progressively shifts to-
wards higher values. These results confirm the presence of two
simultaneous contributions, i.e. (i) the structuring effect of the poly-
saccharide and (ii) the structure enhancing/breaking effect of the anions
or cosolutes according to the Hofmeister series. The behavior of kos-
motropic species is counterintuitive, since they do not play a synergistic
role in strengthening the hydrogen bonding network. This effect can be
explained by considering the hydration process of the polysaccharide
macromolecules: water interacts with the hydroxyl groups of guar gum,
forming a dynamic three-dimensional hydrogen bonded network where
HB continuously break and reform. In this process, kosmotropic ions,
owing to their strong hydration and high charge density, preferentially
interact with bulk water, thereby competing with guar gum hydroxyl
groups for hydrogen-bonded water molecules. This competition per-
turbs the hydration shell of the polysaccharide without direct ion
adsorption, resulting in a redistribution of hydrogen-bond populations
rather than a cooperative strengthening of the network. Consistently,
the ATR-FTIR spectra show no further increase in the O—H stretching
band intensity with respect to the pristine GG/water dispersion, while

Table 1
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only modest variations in FWHM, center of gravity, and peak position
are observed. In contrast, chaotropic ions are more weakly hydrated and
more polarizable, which favors their partial adsorption at the poly-
mer-water interface. This interaction disrupts local hydrogen-bond
cooperativity, promotes partial chain expansion, and reduces the
structuring of hydration water, leading to a decrease in O—H stretching
intensity and a shift towards higher wavenumbers, consistent with an
overall structure-breaking effect. This proposed mechanism is in good
agreement with the results reported in a previous study from our
research group on the influence of different anions and solutes on the
thermal and rheological properties of GG dispersions (Tatini et al.,
2017).

To further elucidate the effect of the different salts and cosolutes on
the interaction between guar gum chains and water in the dispersed
systems, the O—H stretching band was deconvoluted into three contri-
butions, according to the literature (Enev et al., 2019; Liu et al., 2004).
Peak 1, located between 3574 and 3591 cm™), is attributed to the
coupling of the O—H asymmetric stretching modes in water molecules
within a disordered HB network, and it is usually referred to as liquid-
like or multimer water (Acar et al., 2025; Binder, 2007; Enev et al.,
2019; Grossutti & Dutcher, 2016). Peak 2 (3427-3467 em™!) can be
associated with intermediate or distorted hydrogen-bonding environ-
ments, often attributed in the literature to less ordered water clusters
such as distorted tetrameric or pentameric arrangements (Barbar et al.,
2023; Grossutti & Dutcher, 2020; Madeira et al., 2021; Marinov et al.,
2001). The low-frequency contribution located between 3260 and
3313 cm ! (peak 3) is related to tetrahedrally coordinated water mol-
ecules, i.e. water pentamers, which are involved in strong intermolec-
ular and symmetrical hydrogen bonds (Kitadai et al., 2014; Liu et al.,
2004).

Fig. S6 in the Supplementary Material shows all deconvoluted
spectra and their corresponding assignments. In Table 1 the relative
areas for the three different contributions, the maximum peak positions
and the peak shift Ay, defined as the difference between the maximum
peak wavenumber in the presence of salt and the peak maximum in the
pure water system, are listed. For better comparison the relative areas,
the peak maxima and the peak shifts for the different salts are plotted in
Figs. S7, S8 and S9 respectively in the Supplementary Material.

From the analysis of the relative areas, the contribution provided by
water molecules involved in a disordered HB network (peak 1) shows a
small increase upon the addition of GG and the different cosolutes,
which is more evident in the case of chaotropic species. The only
exception is represented by the fluoride ion, that exhibits a slightly
reduced value: the high charge density of F~ leads to the formation of
oriented hydrogen bonds in water, resulting in a decrease of the
contribution of liquid-like water (Nucci & Vanderkooi, 2008).

Peak 2, which is assigned to the O—H stretching in asymmetric
structures and non-linear HBs, shows a significant decrease in the rela-
tive peak area upon guar gum and salt addition. The effect is more

Peak maximum (cm’l), Center of Gravity (CoG, cm ') and bandwidth (FWHM, cm ™) for the O—H stretching band, along with the relative areas (%), maximum peak

position (em™) and peak shift Av (em ™) for the deconvoluted peaks.

O-H stretching band

Deconvoluted bands

Peak maximum (cm ')  CoG (em™')  FWHM (cm™!)  Relative area (%) Peak maximum (cm 1) Av (cm™1)
Peak 1 Peak 2 Peak 3 Peak 1 Peak 2 Peak 3 Peak 1 Peak 2 Peak 3
Pure water 3321 3346 389 4.0 45.7 50.3 3589 3427 3260 0 0 0
GG 1% no salt 3307 3306 440 4.9 12.1 83.0 3584 3455 3273 -5 28 13
Trehalose 3374 3324 432 4.9 18.9 76.2 3574 3452 3290 —15 25 30
Na,SO4 3383 3335 427 4.8 20.9 74.4 3583 3458 3297 -6 31 37
NaF 3378 3338 435 3.3 28.8 68.0 3576 3454 3285 -13 27 25
NacCl 3400 3355 413 5.5 25.4 69.1 3591 3464 3304 2 37 44
NaBr 3410 3363 408 6.4 30.0 63.6 3590 3465 3303 1 38 43
Nal 3406 3359 416 5.5 26.0 68.5 3588 3467 3307 -1 40 47
NaSCN 3422 3365 399 6.9 30.7 62.4 3583 3466 3313 —6 39 53
Urea 3398 3352 416 5.4 25.8 68.8 3588 3465 3304 -1 38 44
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pronounced in the GG/water dispersion and in the presence of kosmo-
tropic species. An opposite trend is observed for peak 3, which is related
to strong intermolecular and symmetrical HBs: for all the samples the
relative area is higher if compared to pure water, but moving from
kosmotropic to chaotropic species the area values progressively
decrease.

From the analysis of the peak shift, the addition of guar gum induces
a remarkable shift in peaks 2 and 3 towards higher wavenumbers with
respect to pure water. The blue-shift becomes more pronounced ac-
cording to the increasingly chaotropic nature of the cosolutes. For peak
1, in the presence of kosmotropic species the maximum is shifted to
lower wavenumbers, while for chaotropic species no significant varia-
tion is detected.

The data reflect the predominant contribution of the polysaccharide
in promoting the formation of strongly oriented and symmetrical HBs,
which brings about a decrease in the water molecules fraction incor-
porated into distorted or partially destroyed networks. However, the
contribution of the different salts and cosolutes according to the Hof-
meister series is not easily interpretable and presents some nonobvious
features, like the non-cooperative effect of kosmotropic species in
strengthening the structuredness of the HB network.

An alternative approach based on an unsupervised chemometric
method, PCA, is applied to detect potential specific ion effects within the
IR spectral dataset. PCA is commonly adopted to visualize trends and
patterns in experimental data, allowing for the identification of groups
of samples sharing similar features, like for example the kosmotropic/
chaotropic character of a given ionic or neutral cosolute. The main
advantage of this method is that it relies exclusively on experimental
data and does not require any a priori information about the classifi-
cation of the samples. Moreover, PCA implementation is rapid and
relatively easy, allowing for a reduction of the data complexity, and
highlighting the most important features (i.e. wavenumbers) that pri-
marily contribute to sample differentiation based on their lyotropic
nature. In this perspective, PCA was performed on the ATR-FTIR dataset
by constructing a data matrix in which each sample is represented by its
preprocessed spectrum (first derivative followed by normalization), and
each variable corresponds to an individual wavenumber. The spectral
information is reduced to a small number of orthogonal components that
capture the predominant variations induced by the different salts and
cosolutes. The score and the loading plot obtained from PCA on the FTIR
data are shown in Fig. 2.

The first two principal components (PC1 and PC2) account for 94.1%
and 4.9% of the total variance respectively. High variance values
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explained by a single component can be observed in spectroscopic
datasets where one component describes most of the global spectral
variability arising from strongly correlated variables, while additional
components can account for systematic differences among the samples
(Biancolillo et al., 2020; Szymanska-Chargot & Zdunek, 2013). The PC1
vs PC2 score plot shows a good differentiation among the samples ac-
cording to the kosmotropic/chaotropic nature of the added cosolutes.
The samples are distributed along PC1 following the same trends
observed for the O—H stretching band intensity, providing an immedi-
ate and correct visualization of the anion and cosolutes ranking based on
the Hofmeister series. The second principal component (PC2) contrib-
utes to samples differentiation, albeit to a lesser extent, and this effect is
more evident for chaotropic species. A minor overlap between the two
clusters occurs in correspondence of C1~, which is usually considered the
break point between chaotropic and kosmotropic species (Acar, Tatini,
Budroni, et al., 2024). In fact, if one draws two straight lines in the PC
coordinate system, one for the kosmotropic and one the chaotropic
species, these two intersect exactly where the intermediate chloride is
located. This data trend is usually referred to as a “volcano plot™: the
graph displays a characteristic inverted “V” shape, where the data points
generally follow a linear increase in a roughly linear and consistent
manner up to a peak, and then decrease in a similarly linear fashion,
with the downward slope having an absolute value close to that of the
upward slope (Mazzini & Craig, 2018). Volcano-shape trends has been
extensively reported in the investigation of Hofmeister phenomena,
typically emerging when specific physicochemical properties are plotted
as a function of ion-specific descriptors (Gregory et al., 2022; Lo Nostro
et al., 2010; Lo Nostro & Ninham, 2012). In our case, although the
experimental data are represented in a new coordinate system defined
by linear combinations of the original variables (i.e. wavenumbers), the
characteristic volcano profile remains clearly visible. The two linear
trends, for kosmotropes (including trehalose) and for chaotropes
(including urea) span across all the investigated salts and also the pris-
tine sample (“no salt”). The only evident deviation is due to sulfate,
probably due to its double charge.

The analysis of the loadings indicates that the spectral regions be-
tween 3000-3700 cm ™! and 1500-1800 cm ™! provide the most signif-
icant contribution to sample separation along PC1. These wavenumber
ranges correspond to the two primary bands in the FTIR spectra, spe-
cifically the O—H stretching and O—H bending signals. This finding was
expected, since these signals exhibit distinct variations in response to the
addition of different cosolutes. The analysis of the loadings on PC2
provides more useful insights about the sample differentiation: besides

0.06
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Wavenumber (cm™)

Fig. 2. Left panel: PCA score plot for the FTIR data with 95% confidence ellipsoids estimated for the kosmotropic (red) and chaotropic (blue) species. Right panel:
loading plot for PC1 (black) and PC2 (orange). The dotted lines are guidelines for the eye. (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)
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the well-defined contribution between 1500 and 1800 cm ™, two other
distinct contributions centered approximately at 3450 and 3200 em™?
show the highest loading values with positive and negative sign,
respectively. From the comparison with the results obtained from the
deconvolution of the O—H stretching band, these two wavenumber re-
gions show a near-perfect match with peak 2 and peak 3. We recall that
peak 2 is associated to distorted, non-linear structures within the
hydrogen bond network, while peak 3 is related to strong intermolecular
and symmetrical hydrogen bonds. The opposite signs of the loading
values indicate that these two contributions have an opposite effect on
the sample distribution, which is consistent with the trend observed for
the deconvoluted peaks. Upon the addition of GG and the different
cosolutes, the relative area of peak 2 decreases, while peak 3 shows a
simultaneous increase (see Table 1 and Fig. S7 in the Supplementary
Material). The loading analysis confirms also that the influence of peak
1, centered around 3580 cm ™!, is negligible.

No salt/cosolute

Na2804
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3.2. Thermogravimetric analysis (TGA)

Thermogravimetric analyses were carried out to evaluate the influ-
ence of the different cosolutes on the thermal behavior of the GG dis-
persions. The TGA and the first derivative of the weight loss (DTG)
curves for each sample are shown in Fig. 3, while the stacked thermo-
grams are reported in Fig. S10 and S11 in the Supplementary Material.

For all the samples the predominant weight loss in the TGA curves
occurs between 40 and 140 °C due to sample dehydration, while the
thermal decomposition of trehalose and urea can be observed in the
ranges 250-330 °C and 140-200 °C, respectively. Small but systematic
differences in the dehydration behavior can be detected among the
investigated systems. In particular, the onset temperatures associated
with the initial dehydration processes, calculated from the TGA curves
through tangent-baseline intersection and reported in Table S2 in the
Supplementary Material, show that the pristine guar gum dispersion
exhibits the highest onset temperature. The addition of salts and coso-
lutes generally shifts the onset of dehydration towards lower
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temperatures, suggesting a modification of the original guar gum-water
hydration environment. Although some trends can be observed
depending on the nature of the added species, the onset temperatures do
not follow a defined Hofmeister ordering, likely reflecting the combined
contribution of multiple overlapping dehydration processes and
different polysaccharide-water interactions. The DTG thermograms
show two main contributions in the dehydration signal approximately at
80 °C and 110 °C, corresponding to the evaporation of free and bound
water, respectively (Wang et al., 2016). These contributions partially
overlap and, in some cases, appear as a single convoluted peak. In the
sample containing Na2SOs, an additional well-defined peak emerges
around 120-130 °C, whereas in most other samples this contribution
appears as a shoulder signal. Considering the position and the magni-
tude, this contribution may be associated to the presence of strongly
bound water molecules that evaporate at higher temperatures. Inter-
estingly, a similar behavior was observed in the case of hydrated
smectites, where the occurrence of high-temperature shoulder peaks is
related to the presence of interlayer cations (Derkowski & Kuligiewicz,
2022). Water molecules form strong hydration shells around sulfate
ions, and the energy required for the dehydration process is proportional
to the cation's hydration enthalpy. In our systems, we propose a similar
mechanism: the hydration of the polysaccharide chains is mediated by
the presence of the different anions and the interaction strength depends
on the anion's hydration enthalpies, which are listed in Table S3 in the
Supplementary Material. As a result, the high-temperature contribution
in the dehydration profile is more pronounced for S04%, appears as a
shoulder for CI™ and Br™, and disappears for I" and SCN™. The only
exception in the series is represented by F~ that does not show this
contribution despite its relatively large negative hydration enthalpy
(Marcus, 1987). A similar behavior is observed in the case of non-ionic
cosolutes: a shoulder is visible in the DTG thermograms of trehalose at
high dehydration temperature, whereas it disappears in the presence of
urea.

The analysis of the TGA and DTG curves reveals no additional evi-
dence of distinctive specific ion effects in the thermal profile of GG
dispersions. Therefore, an explorative PCA was conducted to identify
potential trends within the thermogravimetric data, according to the
kosmotropic or chaotropic nature of the cosolutes. The DTG data were
selected as input for PCA, since the derivative representation enhances
the resolution of overlapping thermal events and emphasizes the dif-
ferences in dehydration and decomposition rates that are less clearly
detectable in the raw TGA profiles. For the DTG dataset a 3-principal
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component model was calculated, accounting for 90.1% of the total
variance. The higher number of principal components retained for the
DTG dataset likely reflects the more complex and distributed nature of
the thermal events associated with dehydration processes. The 3D score
plot and the corresponding loading plot are shown in Fig. 4. The 2D plots
are reported in Fig. S12 in the Supplementary Material.

The DTG score plot reveals a good differentiation between kosmo-
tropic and chaotropic species, although a partial overlap between the
two clusters occurs. The analysis of the DTG loadings shows that PC1 is
characterized by two main contributions of opposite sign, located at
approximately 80-90 °C and 100-110 °C, corresponding to the evapo-
ration of free and bound water, respectively. PC2, which provides the
most effective discrimination between samples, displays a prominent
feature around 110 °C followed by a sharp contribution at 117 °C. These
loadings can be attributed to strongly bound water, as evidenced in the
DTG profiles (see Fig. 3). However, a more precise assignment of these
signals in terms of specific water populations associated to different
degrees of interaction with the polymer network should be considered
only tentative, and further studies are necessary for a more rigorous
interpretation. PC3 exhibits a dual pattern similar to PC1, although the
contribution associated to free water appears at slightly higher
temperatures.

As in the case of FTIR data, PCA represents a useful tool to visualize
sample clustering in DTG datasets according to the Hofmeister series.
While direct inspection of individual thermogravimetric profiles can
reveal specific ion effects, the analysis of PCA loadings offer a more
immediate and integrative perspective, highlighting the key thermal
transitions that drive the observed clustering.

3.3. Data fusion

To further improve samples differentiation and gain a deeper un-
derstanding of the specific contributions provided by the two individual
techniques, the application of data fusion strategy based on the ComDim
analysis is explored. As described in the Materials and Methods section,
the individual data blocks from ATR-FTIR and thermogravimetric
analysis are normalized by their norm and concatenated, then the
Common Dimensions (CD) are extracted. For the thermogravimetric
data, the first derivative of the weight loss as a function of temperature
(DTG) was used as input. A model based on 3 CD is computed from the
ComDim analysis, accounting for the 96% of the total variance. The
three-dimensional ComDim score plot along with the saliences for each
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Fig. 4. Left panel: 3D PCA score plot for DTG data with 95% confidence ellipsoids estimated for the kosmotropic (red) and chaotropic (blue) species. Right panel:
loading plot for PC1 (black), PC2 (orange) and PC3 (light blue) for DTG. (For interpretation of the references to colour in this figure legend, the reader is referred to

the web version of this article.)
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common dimension are shown in Fig. 5, while the 2D score plots and the
ComDim loadings are reported in Fig. S13 and S14 in the Supplementary
Material.

The application of the ComDim data fusion algorithm to the ATR-
FTIR and DTG datasets significantly enhances the overall interpret-
ability and sample discrimination capacity if compared to individual
techniques. As shown in Fig. 5, the 3D ComDim score plot reveals a
distinct clustering based on the kosmotropic/chaotropic nature of the
cosolutes without overlapping areas. The intermediate position of Cl™
reflects its borderline behavior between kosmotropic and chaotropic
identities, while the pristine GG water dispersion with no added salt is
well separated in the common dimensions space, likely due to the
absence of ion-induced structuring or interfacial effects. The ComDim
salience plot (Fig. 5) highlights the relative contribution of each data
block (ATR-FTIR and DTG) to the three CDs. CD1 is predominantly
driven by the ATR-FTIR block, indicating that this component reflects
the spectroscopic trends related to the different hydration features of the
ions. On the other hand, CD2 is mainly influenced by DTG, highlighting
a sample differentiation based on thermal transitions along this
dimension, while CD3 shows minor yet more balanced contributions
from both techniques.

To further elucidate the nature of the extracted dimensions, the
loadings for each CD were plotted against the original variables (i.e.
wavenumber and temperature) for both data blocks in Fig. S14 in the
Supplementary Material. In the ATR-FTIR block, CD1 loadings show two
predominant contributions in the OH stretching region centered
approximately at 3500 and 3170 cm ™}, which are consistent with the
modifications in hydrogen bonding networks induced by the addition of
cosolutes. CD2 and CD3 loadings show smaller but distinct variations
between 1450 and 1700 cm ™! (OH bending, esters and amide signals
from amino acids impurities) as well in the fingerprint region around
1200-1000 cm . In the DTG block, CD2 and CD3 loadings reveal strong
signals in the 80-130 °C range, which correspond to water evaporation
processes and reflect sample specific dehydration profiles. These find-
ings are consistent with the results obtained from the individual datasets
and demonstrate how the ComDim algorithm can effectively identify
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4. Conclusions

This study investigated the influence of kosmotropic and chaotropic
cosolutes on the hydration and thermal behavior of guar gum aqueous
dispersions by integrating ATR-FTIR spectroscopy and thermogravi-
metric analysis with multivariate and data fusion methods. The results
showed that ion-specific effects induce remarkable variations in both the
hydrogen-bonding environment and the dehydration behavior of the
galactomannan system, confirming the strong coupling between coso-
lute nature, water structuring, and polysaccharide hydration.

The ATR-FTIR analysis revealed systematic variations in the OH
stretching region associated with changes in hydrogen-bonded water
populations, while DTG profiles highlighted differences in the thermal
stability of hydration water. In both cases, PCA allowed for a rapid
unsupervised clustering of the samples in agreement with their position
along the Hofmeister series, and identified specific spectral regions and
temperature ranges as key discriminative features.

The subsequent application of the ComDim algorithm to the fused
ATR-FTIR/DTG dataset further enhanced sample differentiation by
identifying shared and complementary features across the experimental
techniques. The ComDim score plots showed an improved clustering and
a clearer separation between kosmotropic, chaotropic and “borderline”
samples, while the analysis of saliences and loadings elucidated the
dominant contributions of each data block to the extracted dimensions.

Overall, the combined use of spectroscopic, thermogravimetric, and
multiblock chemometric approaches provided an integrated interpre-
tation of ion-dependent perturbations within the guar gum-water
network. Beyond the specific case of guar gum dispersions, the proposed
strategy may also be extended in future studies to other polysaccharides,
alternative solvents and, more in general, to complex macromolecular
systems in which solvent-mediated interactions play a critical role.

Glossary

ATR-FTIR Attenuated Total Reflectance-Fourier Transform Infrared
CCSWA Common Components and Specific Weights Analysis

complementary sources of variation across techniques, enabling a more CD Common Dimension
comprehensive understanding of the Hofmeister effects in CoG Center of Gravity
polysaccharide-based systems. ComDim Common Dimension Algorithm
DTG Derivative Thermogravimetry
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Fig. 5. Left: 3D ComDim score plot for the GG dispersions obtained from the ATR-FTIR and DTG fused dataset, along with the 95% confidence ellipsoids estimated
for the kosmotropic (red) and chaotropic (blue) species. Right: ComDim saliences' plot for each common dimension. (For interpretation of the references to colour in
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GG Guar Gum

HB Hydrogen Bond

PC Principal Component

PCA Principal Component Analysis
TGA Thermogravimetric Analysis
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