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Abstract
Sugar-based surfactants represent a fruitful field of research in the context of sustainable chemistry
since they can be obtained from renewable resources. In this work, new Quantitative Structure
Property Relationships (QSPR) models for the critical micelle concentration (CMC) dedicated to
sugar-based surfactants are proposed in order to reduce testing in a screening perspective. An
important literature compilation allowed the constitution of a dataset of 83 sugar-based surfactants for
which accurate CMC values were found. Then, a series of QSPR models were developed based on
molecular descriptors of the whole molecule, and of the hydrophobic and hydrophilic fragments taken
separately. Different models were considered by including quantum-chemical descriptors with hope to
access physically based models, and by using only simple constitutional descriptors to favor fast and
easy prediction. The best QSPR model was obtained including quantum-chemical descriptors of the
whole molecular structure with a root mean square error (RMSE) of 0.32 (log) evaluated on a
validation set of 27 molecules. A simpler model with good performances was also found (with a
RMSE of 0.36 (log) on the validation set), including only constitutional-based fragment descriptors,
that can be easily computed from the 2-dimension structure of the hydrophilic and hydrophobic
fragments.
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Introduction

Surfactants are amphiphilic molecules, constituted by at least one hydrophilic part (the polar head),
and at least one hydrophobic part (the alkyl chain)1. This particular configuration favors their
self-aggregation into micelles or membranes, and their adsorption at interfaces 1. Amphiphilic
molecules are widely found in nature2, for example as constituents of cell membranes. They are key
components in industrial and customer applications3, such as agrochemicals, paints, inks, hard surface
cleaning, or cosmetics4. Surfactants help to collect valuable materials, such as metals through froth
flotation5 or oil by Enhanced Oil Recovery (EOR) process6. They are also used to solubilize and
crystallize membrane proteins7 enabling their identification and analysis in biological and medical
research8.
Sugar-based surfactants are an important subfamily of surfactants9, characterized by their polar head
constituted by carbohydrates such as glucose10, maltose11 or sucrose12, and their derivatives. For this
reason, sugar-based surfactants can be obtained from renewable resources such as starch13, and are
often biocompatible and easily biodegradable14. So, they are commonly considered as
environmentally-friendly alternatives to conventional petroleum-based non-ionic surfactants15,
particularly regarding soft detergents or personal care products, cosmetics and pharmaceutical
formulations16.
Surfactants can bear electric charge(s) in the polar head. Cationic surfactants bear positive charge(s)
whereas anionic surfactant bear negative charge(s). Non charged surfactants are called non-ionic
surfactants. Charge has tremendous impact on surfactant properties, notably increasing critical micelle
concentration (CMC) by orders of magnitude due to repulsion between charged surfactant polar
heads1. Since most commercially available sugar-based surfactants are non-ionic9, we focused on this
class of sugar-based surfactants.
CMC is a fundamental property of surfactants representing the onset of micelle formation in solution1.
Micelles result from the self-association of surfactant molecules into aggregates in which surfactant
polar heads are oriented towards the aqueous phase, whereas alkyl chains are positioned inside the
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micelle core17 to minimize the contact between hydrophobic moieties and water molecules. Crucial
changes of solution properties occur above the CMC due to the presence of micelles1, such as a near
constant surface tension, and a rapid increase of light scattering intensity. For applications such as
wetting and foaming, which target a low surface tension, increasing surfactant concentration above the
CMC will not induce a further decrease of surface tension, but micelles will act as reservoirs of
additional surfactants. More importantly, the solubility of organic water-insoluble materials such as
lipophilic drugs, dyes or agrochemicals will drastically increase above the CMC due to their
solubilisation in hydrophobic micellar cores, which almost behave as a liquid hydrocarbon phase. For
such reasons, the knowledge of CMC values serves as a valuable guide for evaluating and comparing
the potential of surfactants in various applications, such as detergency and cosmetic formulation where
wetting and foaming ability are optimized3, or drug formulation for which hydrophobic drug
solubilization18 may be an issue. In addition, it has to be noticed that this property is also of interest for
regulatory purposes. Indeed, to comply with REACH regulation19, lipophilicity of substances has to be
characterized by the octanol-water partition coefficient, and for surfactants, this partition coefficient
has to be measured below CMC20. At last, recent works highlighted potential trends between the CMC
and the cytotoxicity of sugar-based surfactants21.
Experimentalists observed, in the case of conventional non-ionic surfactants, that the CMC is
primarily influenced by the alkyl chain, and in particular by its size1, 3, 22. It is also known to increase
notably with branching or unsaturation of the alkyl chain, and slightly with the size of the polar head1.
CMC can be measured by a variety of experimental techniques23. The most commonly used3 is
tensiometry which consists in measuring the surface tension of aqueous solutions of surfactants at
several concentrations, and identifying a break in the curve of surface tension versus concentration
(in log)24. In order to reduce time and cost of experimental screening, the disposal of computational
methods to access early estimations of CMC based on the only knowledge of the surfactant molecular
structure would be of great interest25-27.

3

CMC was estimated for some systems by molecular simulation, e. g. molecular dynamics 28 or coarsegraining29, with some success. For example, the CMC of madecassic acid was predicted as 96 μM for
an experimental value of 62 μM28. These approaches, in principle, can be applied to any systems,
including sugar-based surfactants. However, surfactant/solvent systems are complex and therefore
such direct simulation for these systems remain challenging26 through significant computation times
and careful parameterizations for each calculation.
To predict directly CMC from molecular characteristics, some empirical equations have been also
proposed by experimentalists1, 30, 31 by relating log CMC and the number of C atoms in the alkyl chain
(reflecting the size of the hydrophobic part) for homologous series of surfactants, including some
sugar-based ones, but each of these can only be used within homologous series of compounds for
which it was developed. Moreover, such models are limited to surfactants that bear linear/saturated
alkyl chains.
More recently, Quantitative Structure-Property Relationships (QSPR) were also developed to predict
the CMC of surfactants26, 32 . This method already demonstrated its predictive potential for a wide
range of properties27,

33, 34

. QSPR models are mathematical relationships between the molecular

structure, characterized by molecular descriptors, and the target property. Various data mining
methods are used to derive such models35 like Multi-Linear Regressions (MLR)36 or Artificial Neural
Networks37.
Among existing QSPR models for surfactant’s CMC, the ones of Huibers et al.31 and Katritzky et al.38
are worth mentioning. Indeed, they are based on original fragment-based descriptors calculated from
the polar head and the alkyl chain instead of the whole surfactant. Fragment-based descriptors have
been already used for various kinds of properties, like boiling point39 or melting point40 notably due to
their simplicity of interpretation in some properties and versatility41. This approach is especially
meaningful for surfactants regarding their particular structure, in which polar head and alkyl chain
fragments have different impact on amphiphilic properties.
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Although many QSPR models have been proposed for CMC, even for non-ionic surfactants38, none of
them are specifically dedicated to the CMC of sugar-based surfactants. Besides, only a few authors
even considered sugar-based surfactants31, 38, 42-47, and only three of their QSPR models were tested on
a validation set43,

45, 46

. Khayamian et al.43 developed a neural network for the CMCs of non-ionic

surfactants (including sugar-based surfactants) validated with an average relative error of 1.5% but on
only 5 molecules. Roy et al.45 developed a MLR model also for CMCs of non-ionic surfactants, for
which a RMSE of prediction of 0.40 (log) can be calculated for the 28 molecules used for its
validation (with only 3 sugar-based surfactants). To our knowledge, the best model including sugarbased surfactants is the group contribution approach proposed by Mattei et al.46, developed on the
basis of 150 non-ionic surfactants including 40 sugar-based ones. Indeed, they obtained a standard
deviation of 0.17 (log) evaluated on a validation set of 30 non-ionic surfactants (of which 10 were
sugar-based ones). To further assess its predictive power for sugar-based surfactants specifically, we
tested

it

on

the

dataset

of

83

sugar-based

surfactants

used

in

the

present

study

(cf. Computational Details). A RMSE of only 0.93 (log) was found, as shown in Supporting
Information, revealing that more accurate QSPR models could be searched towards reliable
predictions for the particular family of sugar-based surfactants.
In that context, we developed new QSPR models specifically dedicated to the CMC of sugar-based
surfactants. The models are based on different types of descriptors, including quantum chemical
descriptors, in order to access physically meaningful models, or only based on simple topological and
constitutional descriptors to favor easy-to-use models. Moreover, considering the particular structure
of surfactants, both integral descriptors of the whole surfactants and fragment-based descriptors
computed separately for the polar head and the alkyl chain of the surfactant were investigated.
2
2.1

Computational details
Experimental dataset

The performances of QSPR models are critically dependent on the number and quality of the data
employed for its development. For this reason, an important amount of published data on the
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properties of sugar-based surfactants was gathered48 to constitute the largest database on sugar-based
surfactants, to the best of our knowledge, with more than 2500 data for more than 600 sugar-based
surfactants.
Then, a detailed analysis of the CMC data was performed, to extract the most reliable CMCs in order
to constitute the dataset used for the robust development and validation of QSPR models. In particular,
all selected CMCs were measured at a temperature as close as possible to room temperature (i.e.
between 20°C and 25°C), since temperature can strongly influence CMC values49. Moreover,
whenever possible, the Krafft temperatures of the surfactants were checked to be lower than 25°C.
Indeed, surfactants exhibiting Krafft temperatures higher than 25°C are not expected to form micelles
at room temperature due to solubility issues50. The aqueous solutions of the highest purity were also
targeted, since impurities can affect CMC values3.
Even after such selection, it has to be kept in mind that some variabilities can still exist for CMCs
measured by different experimentalists, as shown in table 1. One example was given by Syper et al.51
in which, for dodecyl-D-lactobionamide, the measured CMC of 1.3 mM was compared with a
previously published one of 3.4 mM, that corresponds to a log difference of 0.4.
Finally, the selected dataset was constituted of 83 sugar-based surfactants (Table 2), with various polar
heads (cyclic, acyclic and even mixed), with linear, branched and/or unsaturated alkyl chains, and with
various linkages (ether, thioether, ester, amide and methylamide). Our dataset covers a wide range of
CMC values, from 0.0033 mM to 180 mM. In this study, CMCs were analyzed in
decimal logarithm (in M), as performed by other workers31,

38, 42-47

, since a linear dependency of

log CMC with the length of the alkyl chain was evidenced by experimentalists 1. Finally, the
distribution of log CMC data is close to normality, with data ranging between -5.5 and -0.7 and a
maximum around -2.5 (see Figure 1).

To allow the evaluation of the predictive power of the models, the dataset was divided into two parts.
A training set of 56 surfactants (representing 2/3 of the dataset) was used for the development of the
model and a validation set of 27 surfactants (1/3 of the dataset) was used. To ensure that the
6

surfactants of the validation set are at best in the applicability domain of the model, this partition was
performed by a property-ranged approach. Surfactants were classified by increasing order of log CMC
and the ones of the validation set were regularly selected (e.g. 2nd, 5th, 8th etc.) to represent 1/3 of the
dataset. The similarity of the chemical diversity in both sets was checked based on a Principal
Component Analysis computed from the whole set of calculated descriptors (cf. §2.2), as shown in
Figure 2, and the surfactants of both the training and the validation sets revealed well-distributed in the
global chemical space of the investigated surfactants.
2.2

Molecular descriptors

The molecular structures of the 83 studied sugar-based surfactants of the dataset were optimized from
Density Functional Theory (DFT) at B3LYP/6-31+G(d,p) level after preliminary conformation
analyses to identify the best (most stable) conformation to calculate descriptors. Frequency
calculations were performed at the same level of theory to ensure each conformation corresponds to a
local minimum in the potential energy surface.
Moreover, the structures of the 34 hydrophilic (polar heads) and 20 hydrophobic (alkyl chains)
fragments constituting the 83 molecules of the dataset were also optimized and checked by frequency
calculations at B3LYP/6-31+G(d,p) level after, when necessary, specific conformation analyses. The
separation between the polar head and the alkyl chain was set before the first heteroatom, as illustrated
in Figure 3. Then, the fragments were hydrogen-saturated. The Gaussian0952 suite of programs was
used for all these calculations.
It has to be noted that 26 out of the 83 sugar-based surfactants of our dataset are in the form of
enantiomeric53, diastereomeric54, or anomeric55, 56 mixtures in aqueous solution. Enantiomeric mixtures
comprise surfactants with D and L sugar alcohol polar heads. Diastereomeric mixtures originate from
surfactants with ramified alkyl chains, with one chiral carbon at the ramification. Finally, anomeric
mixtures consist in surfactants with polar heads containing a free anomeric alcohol. In all such
isomeric mixtures, the isomers were considered as different conformations of the same compound.
The geometries of all relevant isomers were optimized and the most stable one was finally retained.
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Based on these quantum chemical structures, more than 300 constitutional, topological, geometrical
and quantum-chemical descriptors were computed using CODESSA software57 for each surfactant and
each fragment. Additional descriptors were also obtained directly from the quantum-chemical
calculations. Descriptors arising from conceptual DFT58, 59 (electronegativity, hardness, softness and
electrophilicity index) were calculated from the energies of the Highest Occupied Molecular Orbital
(EHOMO) and the Lowest Unoccupied Molecular Orbital (ELUMO). Moreover, the partial charge of the
polar head and of the first hydrocarbon fragment of the alkyl chain (CH2 or CH here) were also
calculated based on Mulliken60 and Natural Populations Analyses61 (as implemented into Gaussian09
software), to take into account the possibility of electron withdrawing from polar head to alkyl chain
in surfactants as proposed by Huibers62.
2.3

Model development and validation

All QSPR models were built from the training set based on Multi Linear Regressions (MLR) in the
general form of eq. 1:

log CMC  a0   ai Di

(1)

i

where Di is the descriptor i, and a i is the regression coefficient of Di , and a0 is the intercept.
To avoid building overfitted models, which have no predictive power 63, the Best Multi-Linear
Regression (BMLR) approach was used as implemented in CODESSA program57. This variable
selection method, which has been described in detail and successfully used in previous works 64, 65,
generates a list of models with an increasing numbers of descriptors, from which the final model is
chosen by the user. Here, the final model was chosen as the best compromise between correlation and
number of descriptors, again to avoid against any over-parameterization.
To evaluate the performances of each model, robustness and ability of the model to predict properties
for molecules that were not used in the parameterisation were tested66. The goodness of fit was
measured by the determination coefficient (R²), the mean absolute error (MAE) and the root mean
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square error (RMSE) between predicted and experimental values for the training set. Moreover,
Student’s t-test at a confidence level of 95% was performed to check the relevance of each descriptor
into the regression.
Leave-one-out (LOO) and leave-many-out (LMO) cross-validations were used to measure the
robustness of the model, i.e. the dependence of the fitting of the model to any molecule(s) of the
training set via the Q²CV, Q²3CV, Q²7CV and Q²10CV coefficients (for LOO, 3-fold, 7-fold and
10-fold cross-validations, respectively). Robust models are expected to present high Q² values, close to
R² and one close to each other. To ensure that models did not issue from chance correlations, a
Y-scrambling test67 was realized on the training set. Random permutations of experimental property
values were performed (500 iterations) and new models were refitted. To evaluate the impact of
randomization, average (R²YS) and standard deviation (SDYS) in the R² of the new models were
calculated. Low R²YS are expected to avoid chance correlation. Rücker67 proposed that R²YS should be
superior to 2.3 SDYS for a model to be considered as not issued from chance correlations. The
difference between the maximal randomized R² and the actual R² of the new models, ΔR²YS,max, was
also checked as proposed by Nicolotti et al.68.
Then, the model was applied for the validation set to evaluate its predictive power. The coefficient of
determination R²EXT, the mean absolute error MAEEXT and the root mean square error RMSEEXT were
calculated. In addition, series of validation metrics were used: Q²F169, Q²F270, Q²F371, CCC72, 73, r² m

74

and Δr²m74 (see Supporting Information, Table S3, for detailed formulas). Based on these validation
metrics, the thresholds values proposed by Chirico et al.75 (presented in Table 3) were used to estimate
the reliability of a QSPR model.
It has to be kept in mind that a QSPR model is only expected to provide good predictions for
molecules which are similar to those used to develop the model. So, the applicability domain76,77 (AD)
of each model has been defined considering the range of values of the calculated descriptors and the
experimental property in the training set. At last, all validation metrics presented above were
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calculated again considering only the molecules within the applicability domain. This is accounted for
by the IN subscript (R²IN, MAEIN, RMSEIN, Q²F1,IN, Q²F2,IN, Q²F3,IN, CCCIN, r² m
3

IN,

Δr²m,IN).

Results

Six new QSPR models were developed in this study. Three of them include integral descriptors based
on all types of descriptors, limited to topological and constitutional descriptors, or only on
constitutional descriptors to favor simple models. The three others are based on fragment descriptors
on the same scheme, to take into account the specificities of surfactants. All details on the developed
models are available in Supporting Information, including equations, performances, ADs, and
descriptor definitions.
3.1
3.1.1

Models based on integral descriptors
Model with all descriptors

From the 326 integral descriptors calculated for the whole surfactant molecule, a four-parameter
model (eq. 2) was found as the best compromise between correlation and number of descriptors among
15 equations sorted out by the BMLR method.

log CMC  1.81 AIC  3.7 2 ACIC  4.0 102  0.21Te  1.1

(2)

with 1AIC the Average Information Content of order 1 (t-test = -4.4), 2ACIC the Average
Complementary Information Content of order 2 (t-test = -16.6), η the hardness59, (t-test = 9.6), and Te
the topographic electronic index calculated from all atomic pairs using Zefirov’s partial charge
model78 (t-test = 9.0).
The model is characterized by a high goodness of fit (R² = 0.93, RMSE = 0.31 (log)) and robustness
(Q²CV = Q²10CV = Q²3CV = 0.91, Q²7CV = 0.90). The criterion of Rücker67 for Y-scrambling validation is
fulfilled: R² - R²YS = 0.85 > 2.3SDYS = 0.12. A high ΔR²YS,max of 0.69 also confirms that the model is
not issued from chance correlation. The model also reveals a very good predictivity, satisfying
Chirico’s75 criteria (R²IN = 0.91, RMSEIN = 0.32 (log), Q²F1,IN = 0.90, Q²F2,IN = 0.90, Q²F3,IN = 0.92,
10

CCCIN = 0.94, r² m

IN

= 0.76, Δrm²IN = 0.10) in its applicability domain (with 26 out of 27 molecules of

the validation set in AD), as shown in Figure 4. The only surfactant out of AD is hexyl-D1

maltonamide, because its AIC value is slightly too high. With a large polar head (2 sugar residues)
and a small alkyl chain (only 6 C atoms), its log CMC was still well predicted, as illustrated in Figure
1

4, probably because its AIC value is not far from the AD range (2.92 vs. AD range of [1.78;2.85]).
3.1.2

Topological/Constitutional descriptors

When limiting the analysis to the 74 constitutional and topological descriptors, a four-parameter model
(eq. 3) was also found as the best compromise between correlation and number of descriptors.

log CMC  3.7 0 AIC  3.5 2 ACIC  1.6nO  0.7nS  8.5

(3)

with 0AIC the Average Information Content of order 0 (t-test = -6.4), 2ACIC the Average
Complementary Information Content of order 2 (t-test = -16.7), nO the number of O atoms
(t-test = 6.8), and nS the number of S atoms (t-test = -4.1).
A good correlation was found (R² = 0.87, RMSE = 0.41 (log)), and the model appears as robust
(Q²CV = 0.84, Q²10CV = Q²7CV = 0.83, Q²3CV = 0.84) as the quantum-chemical based model (eq. 2). The
Y-scrambling demonstrates that it does not originate from chance correlation according to Rücker’s
criteria: R² - R²YS = 0.79 > 2.3SDYS = 0.11.
Although slightly lower than for eq. 2, the predictivity of this model revealed nevertheless also good
(R²IN = 0.89, RMSEIN = 0.37 (log), Q²F1,IN = Q²F2,IN = 0.87, Q²F3,IN = 0.89, CCCIN = 0.93, r² m

IN

= 0.73,

Δrm²IN = 0.12), on 24 out of 27 molecules of the validation set that belong to AD. All molecules out of
AD

(S-Hexyl-5-Thio-D-Arabinonolactone,

S-Hexyl-5-Thio-D-Xylonolactone

and

0

Hexyl-D-Maltonamide) have slightly too high AIC values (1.71, 1.71 and 1.68, respectively, with
respect to an AD range of [1.17;1.67]). Nevertheless, good predictions were obtained for all three outof-AD surfactants, with errors between 0.2 and 0.5 (log) since they keep close from the AD. Again, all
Chirico criteria were fulfilled.
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3.1.3

Model with constitutional descriptors

The four-parameter model in eq. 4 was chosen among the six equations sorted out by the BMLR
method when focusing on the only 36 constitutional descriptors.

log CMC  62nrel ,C  7.1102 nH  0.8nS  0.6nrings  17.4

(4)

with nrel,C the relative number of C atoms (t-test = -8.9), nH the number of H atoms (t-test = -8.3), nS the
number of S atoms (t-test = -4.2), and nrings the number of rings (t-test = 5.2).
R² = 0.82 and RMSE = 0.47 (log) were obtained for this very simple model. It also proved robust
(Q²CV = Q²10CV = Q²7CV = 0.79, Q²3CV = 0.78) and the Y-scrambling ensured that the model was not
issued from chance correlation with low values of R² for the models obtained after randomization
according to the criteria of Rücker with R² - R²YS = 0.75 > 2.3 SDYS = 0.12.
The predictive power of the model has proved to be good in terms of most of the validation metrics
(R²EXT = R²IN = 0.78, Q²F1 = 0.76, Q²F2 = 0.76, Q²F3 = 0.78, and CCC = 0.85), and all molecules of the
validation set are in its applicability domain. However, Roy’s metrics stand below Chirico’s criteria

r² m = 0.55 < 0.65, Δrm² = 0.23 > 0.20).
Although the predictive performances of this model revealed better than Mattei’s model46 (RMSEEXT
of 0.92 (log)) , eq. 4 keeps higher than more complex models (eqs. 2 and 3) with
RMSEEXT = RMSEIN = 0.52 (log).
3.2
3.2.1

Fragment descriptors
Models with all types of descriptors

A total of 627 descriptors were obtained when combining the descriptors of the polar and hydrophobic
fragments. Based on this large set of descriptors, a first three-parameter model (eq. 5) was obtained,
selected as the best compromise between correlation and number of descriptors among the 10
equations sorted out by the BMLR method.
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log CMC  5.7 102h  2.10 102 TMSAc  7.4 103 2 ICh  8.2

(5)

with ηh the hardness of the polar head (t-test = 9.3), TMSAc the total molecular surface area of the
alkyl chain (t-test = -23.7) and 2ICh is the Information content (order 2) of the polar head (t-test = 8.6).
An excellent fitting of the training set data was obtained, (R² = 0.93, RMSE = 0.30 (log)) and the
model appears to be robust (Q²CV = 0.92, Q²10CV = Q²7CV = 0.91, Q²3CV = 0.90) and not issued from
chance correlation as evidenced by Y-scrambling (R² - R²YS = 0.85 > 2.3SDYS = 0.08).
Although being slightly lower than the QSPR model for integral-based descriptors of all types
(RMSEIN = 0.32 (log) for this model, eq. 2), eq. 5 also has a high predictive ability (R²IN = 0.88,
RMSEIN = 0.36 (log), Q²F1,IN = 0.88, Q²F2,IN = 0.88, Q²F3,IN = 0.90, CCCIN = 0.93, r² m

IN

= 0.79,

Δrm²IN = 0.11), in agreement with Chirico’s75 criteria. Only one surfactant, Hexyl-D-Maltonamide, was
found to be out of AD as defined by the experimental log CMC (calculated log CMC of -0.66 vs.
AD range of [-5.48;-0.74]).
3.2.2

Topological/Constitutional descriptors

A simpler model was again reached using only the 150 topological and constitutional fragment
descriptors. A two-parameter model (eq. 6) was derived from the BMLR method.

log CMC  19nrel ,S,h  2.6 102 2CICc  0.2

(6)

with nrel,S,h the relative number of S atoms in the polar head (t-test = -6.2) and 2CICc the
Complementary Information Content of order 2 of the alkyl chain (t-test = -18.4).
Good correlation (R² = 0.87, RMSE = 0.41 (log)) and robustness (Q²LOO = 0.84, Q²10CV = Q²7CV = 0.85,
Q²3CV = 0.86) characterize this model. The Y-scrambling test ensures that the model was not obtained
by chance correlation: R² - R²YS = 0.83 > 2.3SDYS = 0.08.
This model exhibits a satisfying predictivity (R²IN = 0.89, RMSEIN = 0.36 (log), Q²F1 = Q²F2 = 0.88,
Q²F3 = 0.90, CCC = 0.94, <rm²> = 0.81, Δrm² = 0.10) in its applicability domain, with all molecules of
the validation set included. Once again, it fulfils Chirico’s criteria. The predictivity of the
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fragment-based model including constitutional and topological descriptors is identical to the
corresponding integral-based model (RMSEIN = 0.36 (log)).
3.2.3

Constitutional descriptors

At last, focusing on the 72 fragment constitutional descriptors, a three-parameter model (eq. 7) was
found.

log CMC  20nrel ,S ,h  2.7 102 M w,c  6 101 nrel,single,c  64.8

(7)

with nrel,S,h the relative number of S atoms in the polar head (t-test = -6.5), Mw,c the molecular weight
of the alkyl chain (t-test = -16.1) and nrel,single,c the relative number of single bonds in the alkyl chain
(t-test = -4.1).
This model is well-fitted with the training set surfactants (R² = 0.86, RMSE = 0.41 (log)), and presents
a good robustness (Q²CV = Q²10CV = Q²3CV = 0.84, Q²7CV = 0.85). The Y-scrambling confirms that it is
not issued from chance correlation: R² - R²YS = 0.81 > 2.3SDYS = 0.10.
Eq. 7 demonstrates similar predictive performances than other fragment-based models, as shown in
Figure 5 (R²EXT = 0.88, RMSEEXT = 0.36 (log), Q²F1 = Q²F2 = 0.88, Q²F3 = 0.90, CCC = 0.94,
<rm²> = 0.79, Δrm² = 0.11) and its applicability domain includes all the molecules of the validation set.
Therefore, this model is particularly appealing since it is based on very simple descriptors and remains
reliable enough for good-quality and fast estimation of CMC of sugar-based surfactants in the
perspective of molecular screening or discovery, notably for formulation specialists.
4
4.1

Discussion
Molecular descriptors

Different categories of descriptors are identified among those included into the new QSPR models of
this study that relate to observed experimental trends of CMC. Some descriptors are related to the size
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of the alkyl chain, to the size of the polar head, to the presence of a sulfur linkage and to the saturation
of the alkyl chain.
The size of the alkyl chain is encoded by three descriptors (Mw,c, TMSAc, 2CICc). The molecular
weight of the alkyl chain Mw,c and the total molecular surface area of the alkyl chain (TMSAc) are
proportional to alkyl chain size. At last, the topological descriptor Complementary Information
Content of order 2 in the alkyl chain, 2CICc, is also mainly influenced by the alkyl chain length since it
increases with the number of atoms. These descriptors are the most significant ones in all the models
regarding the t-test. The size of the alkyl chain relates to the hydrophobic effect79, which drives the
micellisation/adsorption behavior of conventional surfactants. Hydrophobic effect is defined as the
entropy loss induced by the water structuration around alkyl chains. When increasing surfactant
concentration, the alkyl chains tend to avoid contact with water either by adsorbing at water interfaces
or by forming micelles. The micelle formation onset, represented by the CMC, is likely to happen at
lower concentrations for larger alkyl chains because of a higher hydrophobic effect. For their relation
to alkyl chain size, and their high statistical significance, these four descriptors are meaningful
regarding CMC property.
Three of the new models also contain descriptors related to the size of the polar head (nO, nrings and
2

ICh). Eq. 3 contains the number of O atoms, nO, and eq. 4 contains the number of rings, nrings. As the

sugar-based surfactants considered in this study are constituted by multiple alcohol functional groups,
and rings are only on their polar heads, these descriptors relate to the size of the polar head. Eq. 6
contains the second-order information content for the polar head, 2ICh, which increases with the total
number of atoms in the polar head. So, 2ICh also increases with the size of the polar head. Polar head
size was experimentally identified as impacting CMC1, 3. Thus, presence of such descriptors in QSPR
equations for CMC is not surprising.
Four out of the six developed QSPR models include the number or relative number of S atoms. In all
these models, the associated regression coefficient is negative, which means that the presence of S
may decrease the CMC. Among the surfactants of the dataset, the S atom is always a linking atom
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between the polar head and the alkyl chain and appears in 17 surfactants out of 83. So, it can be
thought that such a S linkage represents a particular feature, in agreement with experimental literature
suggesting that S linkage increases the hydrophobic character of sugar-based surfactants80.
To further study the specific character of S-linked surfactants, we analyzed partial charges on the
linker and along the chain, as in a previous study81, for a series of surfactants by only changing their
linkages (-O-, -(C=O)-O-, -(C=O)-NH-, -O-(C=O)-, -NH-(C=O)-, -(C=O)-N(Me)-, -N(Me)-(C=O)-)
on octyl-β-D-thioglucoside, a S-linked surfactant (structures of the modeled surfactants are provided
in Supporting Information, Figure S1). All linkages in the dataset were represented in the 8 modeled
structures. As shown in Figure 6, octyl-β-D-thioglucoside exhibits a particular feature. Indeed, its -Slinker presents a positive partial charge of +0.2 whereas all other linkers present a negative one
(between -0.2 to -0.6). Some of the tested surfactants (with –O-, -(C=O)-O-, -(C=O)-NH-, -(C=O)NMe- linkages) have +0.2 to +0.3 in partial charge for the first CH2 and near 0 for the other CH2 of the
alkyl chain, whereas for -O-(C=O)-, -NH-(C=O)-, -N(Me)-(C=O)- and -S- linkages, very low partial
charge is already observed on the first CH2 (-0.1 to 0.0). This may make the first CH2 more
hydrophobic and therefore lower CMCs might be anticipated for such compounds, which is confirmed
at least for -S- linked surfactant octyl-β-D-thioglucoside (CMC = 8,5 mM vs. 20 mM for
octyl-β-D-glucoside, see Table 2).
Moreover, the plot of experimental log CMC versus 2CICc (the main descriptor from the best QSPR
model containing S related descriptors according to t-test, eq. 6) confirms that S-linked surfactants
constitute a particular subfamily of sugar-based surfactants (see Figure 7). This pushed us to consider
developing a new local model for the 66 non-S linked surfactants only based on 2CICc, but no
improvement was obtained from it (R²EXT = 0.92), since R²EXT = 0.92 was also calculated for non-S
linked surfactants of the global model (eq. 6).

At last, it is also worth mentioning that the relative number of single bonds in the alkyl chain, nrel,single,c,
appears in one of our models (eq. 7) with a negative regression coefficient. This implies that
unsaturated alkyl chains should have higher CMCs. This is supported by general considerations about
16

surfactants and originates from a less hydrophobic character of unsaturated alkyl chains1, 3. Therefore,
this descriptor is also physically meaningful.
4.2

Performance of the developed QSPR models

From a general point of view, the new QSPR models developed for the CMC of sugar-based
surfactants revealed good performances with both the descriptors of the whole molecule and the ones
using fragment-based approach, as shown in Table 4. In particular, they provide an improvement with
respect to the best developed model identified in literature, i. e. the model of Mattei46, with RMSEIN of
0.32-0.52 (log) for our models compared to 1.11 (log) for the model of Mattei on the same validation
set (for consistent comparison), see Supporting Information. For most of the models (eqs. 2,3 and 5-7),
RMSEIN is between 0.32 and 0.37 (log), which is relevant regarding experimental variance found in
literature as shown in Experimental dataset section.
The quality of the developed QSPR models appears to improve when topological and
quantum-chemical descriptors are included in the case of integral descriptors. Indeed, the RMSEIN
lowers from 0.52 to 0.37, from the model containing only constitutional descriptors to the model
including topological descriptors, and to 0.32 for the model including quantum-chemical descriptors.
In the case of fragment-based descriptors, same good results were yielded for all models, with a
RMSEIN of 0.36 regardless of the level of complexity of the model even for the one based on
constitutional descriptors only. It seems that the integral all types descriptors can well describe polar
head and alkyl chain fragments specificities, as suggested by similar predictive powers obtained when
considering topological and/or quantum-chemical descriptors in integral-based (eqs. 2, 3) and
fragment-based (eqs. 5, 6) models. Besides, same good predictivity has been obtained with the three
fragment-based models, indicating that specificities of such surfactants may be also quite wellencoded by simple constitutional descriptors through the fragment-based approach, which gives them
a special interest.
Overall, the best model is the model based on integral descriptors including quantum-chemical ones,
with RMSEIN of only 0.32 (log). This model (eq. 2) is recommended to access the best CMC
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prediction of sugar-based surfactants but it requires preliminary quantum chemical calculations. To
access faster and easier predictions, the fragment-based QSPR model including only constitutional
descriptors (eq. 7) also reached good performances, with RMSEIN = 0.36 (log). This model may turn
out to be a particularly powerful tool for high-throughput molecular screening and design of new
surfactants based on CMC performances.
5

Conclusion

A series of new QSPR models were developed and validated to predict the CMC of sugar-based
surfactants in order to facilitate the screening and design of such surfactants and formulations that
include them, notably in view of replacing petroleum-based surfactants. Different models were
developed upon the kinds of descriptors used: calculated for the whole molecule (as classically done)
or for hydrophilic/hydrophobic fragments to better account the specificity of surfactants, including
quantum-chemical and topological descriptors or only constitutional descriptors to reach easy-to-use
models. The new developed models encode simple experimentally observed trends like the decrease of
CMC with the increase of alkyl chain length. In particular, a CMC-decreasing role of the sulfur
linkage was revealed by several models. Whatever the model, good performances were reached, with
most RMSEIN between 0.32 and 0.37 (log). These performances compared favorably with
RMSE = 1.11 (log) obtained for the best identified model applicable to sugar-based surfactants,
Mattei’s model, when tested on the same validation set. The most reliable developed model includes
quantum-chemical and topological descriptors computed for the whole molecule with a RMSE IN of
0.32 (log). A simpler fragment-based model was also obtained using only constitutional descriptors
with a RMSEIN of 0.36 (log). This simple fragment-based approach is very easy to use based on the
only knowledge of the 2D structure of the surfactants. Both models offer good alternative tools to the
systematic experimental characterizations in particular at R&D level as they allow accessing to CMC
estimates of new surfactants even before synthesis, or to enforce the evaluation of partition
coefficients of surfactants in the context of REACH regulation. To the end, the structure-CMC trends
evidenced in these QSPR models can even help to identify new high potential surfactant structures.
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Specifically, our analyses suggest that, beyond bearing long alkyl chains, sugar-based surfactants with
small polar heads, saturated alkyl chains and sulfur linkages are expected to have lower CMCs.
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Table 1. Different CMC values gathered in literature for the same surfactants.
surfactant
octyl-β-D-glucoside

nonanoyl-N-methylglucamine
dodecyl-D-lactobionamide
6-O-dodecanoylsucrose

CMC (mM)
17
20
24
34
16
21
24
1.3
3.4
0.25
0.34
0.46

reference
82
14
83
84
85
86
87
51
51
88
89
90
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Table 2. Dataset of experimental CMC used for the development and validation of QSPR models.
T
(°C)
25

log CMC
(M)
-2.2

set(a)

reference

Octyl-D,L-Glycerol

CMC
(mM)
5.8

T

10

Octyl Glycol

4.9

25

-2.3

T

10

molecule

Octyl-β-D-Glucoside

20

25

-1.7

T

14

Octyl-α-D-Mannoside

6.0

25

-2.2

T

14

Octyl-β-D-Galactoside

16

25

-1.8

T

14

Decyl-α-D-Mannoside

0.25

25

-3.6

T

14

Decyl-β-D-Galactoside

0.70

25

-3.1

V

14

Dodecyl-α-D-Mannoside

0.05

25

-4.3

T

14

Dodecyl-β-D-Galactoside

0.20

25

-3.7

T

14

1-O-Butyl-D,L-Xylitol

58

25

-1.2

T

53

1-O-Pentyl-D,L-Xylitol

38

25

-1.4

T

53

1-O-Hexyl-D,L-Xylitol

9.4

25

-2.0

T

53

1-O-Heptyl-D,L-Xylitol

9.2

25

-2.0

V

53

1-O-Octyl-D,L-Xylitol

6.7

25

-2.2

T

53

1-O-Nonyl-D,L-Xylitol

2.1

25

-2.7

T

53

1-O-Pentanoyl-D,L-Xylitol

120

25

-0.9

T

53

1-O-Hexanoyl-D,L-Xylitol

58

25

-1.2

V

53

1-O-Heptanoyl-D,L-Xylitol

10

25

-2.0

T

53

1-O-Octanoyl-D,L-Xylitol

18

25

-1.7

T

53

1-O-Nonanoyl-D,L-Xylitol

4.4

25

-2.4

V

53

1-O-Decanoyl-D,L-Xylitol

1.8

25

-2.7

T

53

S-Butyl-1-Thio-D,L-Xylitol

180

25

-0.7

T

53

S-Pentyl-1-Thio-D,L-Xylitol

46

25

-1.3

T

53

S-Hexyl 1-Thio-L-Xylitol

12

20

-1.9

T

91

S-Octyl 1-Thio-L-Xylitol

1.2

20

-2.9

T

91

S-Decyl 1-Thio-L-Xylitol

0.40

20

-3.4

T

91

S-Hexyl 1-Thio-D-Lyxitol

18

20

-1.7

V

91

S-Octyl 1-Thio-D-Lyxitol

1.8

20

-2.7

V

91

S-Hexyl 1-Thio-L-Ribitol

10.2

20

-2.0

T

91

S-Octyl 1-Thio-L-Ribitol

0.38

20

-3.4

V

91

S-Hexyl 5-Thio-D-Arabinonolactone

6.7

20

-2.2

V

91

S-Octyl 5-Thio-D-Arabinonolactone

0.48

20

-3.3

T

91

S-Decyl 5-Thio-D-Arabinonolactone

0.033

20

-4.5

T

91

S-Hexyl 5-Thio-D-Xylonolactone

5.0

20

-2.3

V

91

S-Octyl 5-Thio-D-Xylonolactone

0.53

20

-3.3

T

91

S-Decyl 5-Thio-D-Xylonolactone

0.023

20

-4.6

T

91

1-Butylhexyl-β-D-Glucoside

15

25

-1.8

T

54

1-Propylheptyl-β-D-Glucoside

12

25

-1.9

V

54

1-Ethyloctyl-β-D-Glucoside

8.5

25

-2.1

T

54

1-Methylnonyl-β-D-Glucoside

4.5

25

-2.3

T

54

Octanoyl-β-D-Galactosylamine

45

25

-1.3

V

92

Octanoyl-β-D-Glucosylamine

70

25

-1.2

T

92

3,7-Dimethyloctyl-β-D-Glucoside

4.0

25

-2.4

T

93

26

3,7-Dimethyloctyl-β-D-Maltoside

5.3

25

-2.3

T

93

3,7-Dimethyloctyl-β-D-Maltotrioside

5.0

25

-2.3

T

93

2-Amino-2-Deoxy-Octyl-β-D-Glucoside

23

25

-1.6

T

94

2-Amino-2-Deoxy-Nonyl-β-D-Glucoside

7.0

25

-2.2

T

94

N-Decyl-N-Methyl Gluconamide

1.3

25

-2.9

V

95

N-Dodecyl-N-Methyl Gluconamide

0.14

20

-3.8

V

95

N-Tetradecyl-N-Methyl Gluconamide

0.024

20

-4.6

V

95

N-Oleyl-N-Methyl Gluconamide

0.032

20

-4.5

T

95

N-Decyl-N-Methyl Lactobionamide

2.3

20

-2.6

V

95

N-Dodecyl-N-Methyl Lactobionamide

0.25

20

-3.6

T

95

N-Tetradecyl-N-Methyl Lactobionamide

0.036

20

-4.4

V

95

N-Hexadecyl-N-Methyl Lactobionamide

0.0093

20

-5.0

V

95

N-Octadecyl-N-Methyl Lactobionamide

0.0033

20

-5.5

T

95

N-Oleyl-N-Methyl Lactobionamide

0.054

20

-4.3

V

95

Dodecanoyl-N-Methylglyceramine

0.23

25

-3.6

V

96

Dodecanoyl-N-Methylxylamine

0.36

25

-3.4

T

96

Octanoyl-N-Methylglucamine

69

25

-1.2

T

86

Nonanoyl-N-Methylglucamine

21

25

-1.7

V

86

Decanoyl-N-Methylglucamine

6.7

25

-2.2

T

86

Decyl-β-D-Maltoside

2.0

25

-2.7

T

97

Decyl-β-D-Glucoside

2.0

25

-2.7

V

97

Dodecyl-β-D-Maltoside

0.17

22

-3.8

T

98

Oleyl-β-D-Maltoside

0.02

25

-4.7

T

99

Oleyl-β-D-Maltotrioside

0.042

25

-4.4

T

99

[N-(Oleoyl)-2 -Ethylamino]-β-D-Maltoside

0.09

25

-4.0

T

99

Hexyl-D-Maltonamide

83

25

-1.1

V

100

Octyl-D-Maltonamide

5.7

25

-2.2

V

100

Decyl-D-Maltonamide

1.3

25

-2.9

T

100

Dodecyl-D-Maltonamide

0.31

25

-3.5

V

100

Decyl-D-Lactobionamide

1.3

25

-2.9

T

51

6'-O-Dodecanoylmaltose

0.33

22

-3.5

T

55

N-Decanoyl-N-Methyl Lactitolamine

3.3

25

-2.5

T

101

N-Dodecanoyl-N-Methyl Lactitolamine

0.45

25

-3.3

T

101

N-Tetradecanoyl-N-Methyl Lactitolamine

0.068

25

-4.2

T

101

Nonyl-β-D-Glucoside

6.9

20

-2.2

V

102

6-O-[(Hexyloctyl)-3-Propylsulfide)ethanoyl]-D-Mannose

0.0063

25

-5.2

T

56

6-O-Dodecanoylsucrose

0.46

20

-3.3

V

90

6-O-Dodecanoylraffinose

0.95

20

-3.0

T

90

6-O-Dodecanoylstachyose

2.3

20

-2.6

T

90

8.5

25

-2.0

V

103

Octyl-β-D-Thioglucoside

(a) T: training set, V:validation set
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Table 3. Validation thresholds, in accordance with Chirico et al.75
validation metric
R²EXT
Q²F1
Q²F2
Q²F3
CCC

r² m
Δr²m

Chirico thresholds75
>0.70
>0.70
>0.70
>0.70
>0.85
>0.65
<0.20
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Table 4. Performances of the new QSPR models compared to the one of Mattei46.
model

ndesc

descriptors

integral/all types (eq. 2)

4

2

integral/constitutional and
topological (eq. 3)
integral/constitutional (eq. 4)

4

2

ACIC , , Te , 1 AIC

0.93

RMSE
(log)
0.31

ACIC , nO , 0 AIC , nS

0.87

0.41

0.89

0.37

3

4

nrel ,C , nH , nrings , nS

0.82

0.47

0.78

0.52

0

fragments/all types (eq. 5)

3

TMSAc , h , 2 ICh

0.93

0.30

0.88

0.36

1

fragments/constitutional and
topological (eq. 6)
fragments/constitutional (eq. 7)

2

CICc , nrel ,S,h

0.87

0.41

0.89

0.36

0

3

M w,c , nrel ,S ,h , nrel,single,c

0.86

0.41

0.88

0.36

0

Mattei et al.46

-

group contributions

-

-

0.44a
(0.50)b

1.11a
(0.93)b

-

2

R²

R²IN

nout

0.91

RMSEIN
(log)
0.32

a) calculated for the validation set (27 molecules); b) calculated for the whole dataset (83 molecules); n desc: number of
descriptors; nout: number of molecules out of AD of the model.
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1

Figure 1. Distribution of log CMC from the dataset presented in Table 2.

30

Figure 2. Repartition of the molecules belonging to the training (circles) and the validation (triangles)
sets in the chemical space of the whole dataset as defined by Principal Component Analysis based on
953 descriptors

31

Figure 3. Definition of polar heads and alkyl chains in this study, exemplified for octyl-β-D-glucoside,
a) representation of octyl-β-D-glucoside, b) fragments modeled for octyl-β-D-glucoside.

32

Figure 4. Plot of experimental vs. calculated values for the model based on integral descriptors of all
types (eq. 2)

33

Figure 5. Plot of experimental vs. calculated values for the model based on constitutional fragment
descriptors (eq. 7).
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Figure 6. Partial charges from the linkage along the alkyl chain for sugar-based surfactants with
different linkages.
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Figure 7. Correlation between Complementary Information Content (order 2) for the alkyl chain
fragment and log CMC, separately for S-linked and non S-linked surfactants.
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