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Abstract. Chemical multiequilibria systems can be monitored efficiently with the aid of 
spectroscopic techniques. Both hard- and soft-modeling are effective and powerful tools to 
extract chemical information from spectroscopic data. Recently, hybrid approaches that 
combine the flexibility of soft-modeling with the precise solutions provided by hard-modeling 
have been proposed. Here, we tested the performance of these three chemometric approaches 
for the analysis of several simulated data sets. In addition, experimental data recorded during the 
study of the acid–base equilibria of two DNA structures (G-quadruplex and i-motif) 
corresponding to two short sequences of the k-ras oncogene were studied. Finally, we also 
analyzed the interaction of the two DNA sequences with the model ligand TMPyP4. The results 
obtained from the analysis of these data sets may be useful to determine the most appropriate 
use of each approach. Whenever the presence of optically active interferences or unknown drifts 
can be neglected and a chemical model can easily be proposed and fitted, the hard-modeling 
method shows the best performance. If any of these conditions is not fulfilled, a hybrid 
modeling approach may be a better option because all the contributions (chemical and 
unknown) can be modeled and the ambiguities inherent to soft-modeling methods show minor 
effects. 
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Introduction 
 

Analytical instrumentation currently has the capacity to acquire large amounts of data 

rapidly. Traditionally, spectrophotometric monitoring of a chemical process has been carried out 

at just one or, exceptionally, at a few wavelengths. The combination of powerful detectors and 

the greater storage capacity of computers has, in many cases, allowed acquisition of the full 

spectrum of a sample, thus increasing the information registered [1]. Given this evolution, there 

is a demand for data analysis methods that can deal with these large data sets [2].  

Univariate methods are used for this purpose whenever the signal is measured at only 

one wavelength: for example, the absorbance data recorded to characterize the progress of a 



reaction monitored at a single wavelength. In contrast, multivariate data are those recorded 

when the analytical signal is occuring simultaneously in multiple channels. In some cases, the 

analysis of univariate data can provide the desired chemical information. However, this may not 

be true for complex systems. In these cases, monitoring a process at one wavelength is not 

sufficient and ambiguities related to the proposed model, such as the determination of the 

number of species or their stoichiometry in the case of solution equilibria, are common. 

Multivariate resolution methods are powerful tools that can overcome these difficulties [1–3]. 

Multivariate resolution methods can be classified in two main groups. The first 

comprises those that fit the data to a previously proposed model and they are referred to as 

hardmodeling methods [1]. For example, for equilibrium studies, the model includes the 

stoichiometry of the species involved and the fulfillment of the Mass Action Law, together with 

an initial estimation of the equilibrium constants. An optimization process is then started 

whereby the proposed equilibrium constants are refined iteratively until a good fit is obtained 

between the calculated and the empirical data [4–6]. Moreover, the pure spectra for the species 

involved in the equilibria are determined. Hard-modeling methods may provide reliable 

solutions whenever a model can be easily proposed. However, these methods do not perform 

well when modeling interfering species or baseline drifts.  

Some of these difficulties can be overcome using a second group of multivariate 

analysis techniques known as softmodeling methods, i.e., they do not use a chemical or physical 

model [7–9]. These methods seek to recover information without any assumption about the 

underlying model or law that governs the chemical reaction. In fact, soft-modeling approaches 

aim to propose a reliable model from the analysis of empirical data. However, in practice, this is 

difficult to achieve because of the presence of ambiguities (rotational or intensity), implying that 

many sets of equilibrium or kinetic constants and pure spectra can reproduce the initial data set 

with equal fit [8, 10]. As a result of its capacity to apply constraints that contribute to providing 

chemical (physical, biological, …) meaning to the pure mathematical solution, Multivariate 

Curve Resolution by Alternating Least Squares (MCR-ALS) is one of the most widely used 

soft-modeling methods [11–13]. In addition, the application of these constraints helps to 

minimize the effect of the rotational or intensity ambiguities [14–16].  

Finally, in an attempt to combine the main advantages of hard- and soft-modeling 

approaches, recent years have witnessed the development of hybrid methods (or hard-/ soft-

modeling) [17–21]. In this mixed approach, the fulfillment of a hard-modeling constraint 

(kinetic model or Mass Action Law) is enforced during the optimization of a soft-modeling 

method (for instance, MCR-ALS). On the one hand, the hard-modeling constraint minimizes the 

ambiguity associated with the MCR-ALS solutions and provides values for the constants 

associated with the proposed model. On the other hand, the soft-modeling part of the 



optimization allows modeling contributions such as instrumental drifts or interfering species, 

which cannot be included in the model [17]. In this case, only the concentration profiles of those 

species involved in the process are forced to fulfill the proposed model, whereas the other 

components can be modeled using only the soft-modeling constraints. However, this approach 

also presents drawbacks, such as the selection of the model or the initial estimation for the 

values of the kinetic or equilibrium  constants. This hybrid approach has been widely used to fit 

data to kinetic models but has been less used for equilibria studies.  

Here, we compared the performance of these three approaches using simulated and 

experimental data corresponding to a range of solution equilibria. The simulated data sets were 

designed to check the weakness of each method by including optically inactive species or 

interfering species. The experimental data sets were obtained along the study of the solution 

equilibria of two DNA sequences (here named krasG1 and krasC1), which correspond to the 

guanine-rich and cytosine-rich strands of the nuclease-hypersensitive element respectively, 

located at the k-ras oncogene [22, 23]. k-ras is one of the most frequently mutated oncogenes in 

human cancer. It encodes for a guanine nucleotide (GTP/GDP)-binding protein that acts as a 

signal transducer. This protein is anchored to the inner surface of the plasma membrane and 

serves as a molecular switch that transmits signals that influence cell growth and apoptosis to 

the nucleous. The k-ras gene may harbor a number of point mutations that yield a protein with 

an increased capacity to transmit signals for cell proliferation to the nucleus [23]. Several 

strategies have been proposed to address the expression of k-ras. Among these, studies have 

focused on the role of the nucleasehypersensitive site rich in guanines found in the regulatory 

regions of this gene [24, 25]. The krasC1 and krasG1sequences form structures that differ from 

the common Watson and Crick B-DNA. The former [25], which is rich in guanines, forms the 

known G-quadruplex structure stabilized by tetrads of four guanines (Scheme 1) [26, 27] while 

the latter may adopt the i-motif structure; a fourstranded structure that is stable in slightly acidic 

solutions because the protonation of several cytosine bases to form cytosine·cytosine+ bonds is 

compulsory (Scheme 1) [28– 30]. In this regard, the analytical study of the solution equilibria of 

krasG1 and krasC1 sequences may be useful to those researchers working on the control of k-

ras transcription by means of DNA–ligand interactions. 

 

 

Scheme 1 a Sequences studied in this study. Letters in bold indicate those that presumably 

participate in the tetrads which stabilize the G-quadruplex and i-motif structures, respectively. b 

Schematic structure of a Gquadruplex. c G-tetrad base pair. d Schematic structure of an i-motif. 

e Cytosine·cytosine + base pair. f Structural formula of TMPyP4.  

 



 
Materials and methods 
 
Simulated data sets 
 

Eight simulated data sets were generated to test the capacity of the resolution methods 

in diverse conditions. A summary of the data sets analyzed is shown in Table 1. Simulated data 

sets were built following Eq. 1: 
 



Dsim = Csim ST
sim + N 

 
 

where Dsim  is the simulated data matrix, Csim is the matrix of simulated concentration profiles, 

ST
sim is the matrix of the pure simulated spectra of the different species and N is the matrix 

containing random noise added. The level of random noise added was 1% of the maximum 

intensity of the measured signal.  

The concentration profiles and spectra used to build the acid–base simulated data sets 

are shown in Table 1 and Electronic Supplementary Material (Figure S1). In all cases, the 

analytical concentration was 2×10−6 M. Data set D1 simulates the acid–base titration of a H3A 

species in the pH range between 2.0 and 10.0, with the four chemical species optically active. 

Data set D2 is similar to D1 but, in this case, an interfering optically active species is present at 

pH values higher than 7. Data set D3 simulates the acid–base titration of H3A species, the 

species HA− being optically inactive. Finally, data set D4 is similar to D3 but contains an 

additional interfering optically active species at pH values higher than 7. All these data sets have 

81 rows (spectra at different pH values) and 481 columns (number of wavelengths). 

The concentration profiles and spectra used to build the data sets simulating the DNA–

ligand interaction are shown in Table 1 and Electronic Supplementary Material (Figure S2). 

Data set D7 simulates the titration of a species D (initial concentration 0.1 M) with a ligand 

(concentration ranging from 0.0 to 0.5 M). This set contains 51 spectra simulated at steps of 

ligand concentration of 0.01 M. The model is defined by a equilibrium constant that governs the 

formation of a 1:1 (D:L) species. Data set D8 simulates the formation of two interaction species 

DL and DL2. Data set D9 is similar to D8, the only difference being that species D is optically 

inactive. Finally, data set D10 is similar to D7 but contains an optically active interfering 

species at the end of the mole-ratio experiment. 

 

Experimental data sets 

Acid–base titrations were monitored by adjusting the pH of solutions containing the 

krasG1 or krasC1 sequences. This adjustment was performed by adding small volumes of HCl 

or NaOH stock solutions and spectra were recorded in a pH stepwise fashion. The titration of 

krasG1 (D5) was carried out over the pH range 2.13–8.52 at approximately 0.1 pH intervals. At 

each pH, a full spectrum was registered from 220 to 360 nm (see Electronic Supplementary 

Material Figure S4a), thus generating a data matrix of 61 rows (values of pH) and 141 columns 

(wavelengths). The titration of krasC1 (D6) was done over the pH range 2.79–8.99 and, in this 

case, the matrix analyzed had 66 rows and 141 columns (see Electronic Supplementary Material 

Figure S4c).  

 



 
Mole-ratio experiments to study the DNA–ligand interaction were performed by adding 

small volumes of oligonucleotide stock solution to an initial ligand solution. The spectrum was 

recorded 10 min after each addition of oligonucleotide. Experimental conditions were as 

follows: 25 °C, pH 7.1 for mole-ratio studies with krasG1 (data set D11) or pH 5.0 with krasC1 

(data set D12), and 150 mM ionic strength (adjusted with KCl). Experiments were carried out at 

CTMPyP4:CDNA ratios ranging from approximately 0 to 2. At each CTMPyP4:CDNA ratio a 

full spectrum was registered from 220 to 700 nm. This procedure generated a data set of 25 



rows (molar ratios) and 481 columns (wavelengths) for D11 and 21 rows and 481 columns for 

D12 (see Electronic Supplementary Material Figure S5a and S5c).  

 

Reagents  

Thirty-two base-long oligonucleotides with sequences 5’-AGG GCG GTG TGG GAA 

GAG GGA AGA GGG GGA GG -3’ (krasG1) and 5’-CCT CCC CCT CTT CCC TCT TCC 

CAC ACC GCC CT-3’ (krasC1) were prepared on a 1 μmol scale using standard 2-cyanoethyl 

phosphoramidites (Cruachem Ltd.). Oligonucleotide synthesis was accomplished with an 

automatic DNA synthesizer (Applied Biosystems Mod. 392). Sequences were deprotected using 

standard protocols (concentrated ammonia, 55 °C, and overnight). After deprotection, 

oligonucleotides were purified using purification cartridges in accordance with the 

manufacturer's instructions. Finally, purified oligonucleotides were desalted using Sephadex G-

25 columns to eliminate any residual salts. The length and homogeneity of these 

oligonucleotides was verified by 8 M urea PAGE using Stain-All and reverse phase HPLC 

using X-Terra columns. DNA strand concentration was determined by absorbance 

measurements at 90 °C (260 nm) using calculated extinction coefficients (366,300 and 241,200 

for krasG1 and krasC1, respectively), and the nearest-neighbor method [31]. Before each 

experiment, the DNA solutions were previously heated to 90 °C for 10 min and allowed to reach 

room temperature. 5,10,15,20-Tetrakis-(N-methyl-4-pyridyl)- 21,23H-porphyrin tetratosylate 

(TMPyP4) was purchased from Porphyrin Systems Gbr (Lübeck, Germany) and used without 

further purification. Stock solution of porphyrin was prepared in water, stored at −20 °C and 

diluted to working concentration immediately before use. An extinction coefficient value of 

226,000 (424 nm) was used in the calculation of the concentration. KCl, KH2PO4, K2HPO4, 

HAcO, HCl, and NaOH (a.r.) were purchased from Panreac (Spain). MilliQ® water was used in 

all experiments. 

 

Apparatus 

 

Absorbance spectra were recorded on an Agilent HP8453 diode array 

spectrophotometer. The temperature was controlled via an 89090A Agilent Peltier device. A 

Hellma quartz cell (1.0 path length and 3,000 μl volume) was used. pH values were measured 

with an Orion SA 720 pH/ISE meter and micro-combination pH electrode (Thermo). All 

experiments were carried out without removing the measurement cell from the cell holder, 

thereby taking advantage of the stirrer incorporated to the Peltier device and minimizing the 

experimental error. 

 

Data analysis 



 

Data obtained from the spectroscopic monitoring of a process are grouped in a data 

matrix D whose m rows are the number of spectra recorded during the process and whose n 

columns are the total number of wavelengths measured [2]. In general, the goal of all the 

resolution methods is the decomposition of the data matrix D following Eq. 2: 

 

D =  CST  + E   (2) 

 

where C is a m × k  matrix, ST is a k × n matrix, and E is a m × n matrix. k is the number of 

factors directly related to the chemical species present during the process, i.e., k corresponds to 

the optically active species. Therefore, columns of C describe the concentration profiles for the 

k different species during the process. Rows of ST matrix describe the pure spectra for each of 

these k components. Finally, E is the matrix of residuals not explained by the multiplication of 

C and ST. However, the solution of Eq. 2 for C and ST is ambiguous if no additional information 

is available. In other words, there is a rotational and/or scale (intensity) freedom in the solutions 

of Eq. 2. Therefore, additional information is required to obtain a reliable solution. The 

mathematical procedures to decompose D can be split into two groups, namely hard- and soft 

modeling methods. The first involves those approaches that fit the data to a previously proposed 

model while the second group involves those methods that do not apply these models along the 

calculation.  

 

Hard-modeling methods  

 

In the case of hard-modeling methods, a model is applied to guide the decomposition of 

matrix D following Eq. 2. As an example, in the case of acid–base equilibria, the model 

includes the fulfillment of the Mass Action Law and the stoichiometry of the species formed, as 

well as initial trial values for the equilibrium constants [5, 17, 32]. These values are used to 

build an initial estimation of the concentration profiles included in C. Once this estimation is 

obtained, a least squares fit is performed to obtain the pure spectra in ST that best match the 

concentration profiles in C and the data in D. A residual matrix E is then calculated from the 

difference between the data in D and the reproduced data matrix. The optimization procedure 

continues by tuning the stoichiometry of the proposed species until a desired level of residuals E 

is reached. A more detailed explanation of the mathematical basis of the algorithms used in 

these calculations can be found in Maeder and Zuberbühler [4]. 

 

Soft-modeling methods 

 



Soft-modeling methods do not use a model in the calculation [8]. Several methods solve 

Eq. 2 iteratively by a least squares algorithm that calculates concentration C and pure spectra ST 

matrices, optimally fitting the experimental data matrix D using the proposed number k of 

species. MCR-ALS is one of these soft-modeling methods and has been extensively applied to 

the analysis of different types of data. A detailed description of this approach can be found 

therein [11, 13, 33]. The iterative optimization requires initial estimations of either C or ST, 

which can be obtained from pure variable detection or local rank analysis methods. In this 

study, we used an initial estimation of the spectra profiles by applying a pure variable approach 

based on the SIMPLISMA method [34]. When an initial estimation of ST is considered, the next 

step is the estimation of the C matrix. During this calculation, some constraints can be applied 

to give a meaning (physical, chemical, biological…) to the pure spectra and/or concentration 

profiles mathematically calculated [12]. Examples of these constraints are the non-negativity, 

unimodality of the profiles, and concentration closure (for closed systems). Finally, residuals 

(E) are calculated from the C and ST matrices obtained and the process is repeated until a 

convergence criterion is fulfilled. As shown, the resolution process in MCR does not use a 

model, and only a few constraints are applied along the alternating least squares optimization to 

give a meaning to the final solutions. However, there is still not full confidence in the reliability 

of the results, especially for systems showing a high degree of spectral and/or concentration 

overlap, which causes the ambiguities discussed above to strongly influence the results 

obtained. 

A number of different strategies can be used to minimize the effect of the ambiguities, 

such as the application of constraints (especially selectivity constraints) or the simultaneous 

analysis of several experiments. 

 

Hybrid-modeling methods 

 

In order to overcome the ambiguities inherent to soft-modeling methods and the rigidity 

characteristic of hard-modeling ones, intermediate or hybrid approaches attempt to combine the 

best of each approach. One of these hybrid methods is based on the previously developed soft- 

modeling MCR-ALS approach. Now, a hard-modeling related constraint (for instance, an 

equilibrium [18] or kinetic model [17]) must be fulfilled along the ALS optimization. This 

constraint is applied by selecting the appropriate concentration profiles in C, i.e., those involved 

in the chemical process, as an input for a non-linear hard-modeling fitting. This procedure 

allows the minimization of the ambiguities of the related concentration and spectra profiles and, 

consequently, an improvement in the quality of the results obtained together with the recovery 

of the model parameters, such as equilibrium or rate constants. In addition, the soft-modeling 

part of the algorithm allows the modeling of any interfering optically species or component, 



such as baseline drift. A detailed description of the implementation of the constraint and the 

non-linear fitting algorithms that can be used during the hard-modeling optimization can be 

found in the literature [9, 17, 18, 35]. This hybrid method also requires an initial estimation of 

either C or ST profiles and, in all cases, the same initial estimations as in the pure soft-modeling 

resolution are used. 

The quality of the results obtained with the three different methods was quantified from 

the concentration and spectral profiles resolved. Hence, we calculated a dissimilarity parameter 

from the comparison of the simulated and calculated profiles [36]. This parameter corresponds 

to the sine of the angle between the two compared profiles, ranging its magnitude from 0 (when 

the profiles compared are equal) to 1 (when the profiles compared differ completely). 

In all cases, Matlab® R2008a [37] was used in the calculations. Soft- and hybrid-

modeling calculations were performed using the MCR-ALS programs [13, 14, 18] while those 

for hard-modeling were done using the Equispec program [32]. 

 

Results and discussion 

 

The results obtained with the methods are separated on the basis of the chemical equilibria 

studied. 

 

Simulated data sets corresponding to acid–base equilibria 

The concentration profiles and spectra resolved for the four simulated data sets are 

presented in Fig. 1 and the values obtained for the equilibrium constants are shown in Table 2. 

On the basis of these results, the behavior of the three resolution approaches can be compared.  

First, we examined the simplest case, in which all species were optically active and 

there were no interfering species (D1). Analysis with a hard-modeling method proposed a 

model with four species, and pKa values of 2.5, 6.0, and 9.0. The soft-modeling resolution was 

done using non-negativity constraints for concentration and spectra profiles and a closure 

constraint (the sum of the concentrations at each point must be lower or equal to 2× 10−6 M). 

Finally, analysis with the hybrid method using the non-negativity constraints and the hard-

modeling constraint defined by a model with a total concentration of 2×10−6 M, four species and 

pKa values of 2.5, 6.0, and 9.0.  

The concentration profiles and spectra calculated with the hard-modeling method and 

with the hybrid method were almost identical to the spectra used in the simulation of the data 

(Fig. 1a and b, and Tables 2 and Electronic Supplementary Material Table S1). The dissimilarity 

values for this data set using the hard or hybrid-modeling methods were near 0, thereby 

indicating a good correlation with the simulated profiles. The solutions obtained by the pure 

soft-modeling method showed a slightly different behavior. In this case, more substantial 



differences between simulated and calculated profiles were observed. In addition, we studied the 

impact of the rotational ambiguities in this simplest case. As a result of the simplicity of the data 

(without interferences and with good resolution conditions), the effects of the ambiguities can 

be considered negligible except for the more basic species (see Electronic Supplementary 

Material Figure S3). 

 

Fig. 1 Results from the analysis of the acid–base simulated data sets. a Resolved concentration and b 
spectra profiles for data set D1. c Resolved concentration and d spectra profiles for data set D2. e 
Resolved concentration and f spectra profiles for data set D3. g Resolved concentration and h spectra 
profiles for data set D4. Solid lines simulated profiles of spectroscopically active species, circle lines 
simulated profiles of spectroscopically inactive species, dashed lines hard modeling profiles, dotted lines 
soft-modeling profiles, dash-dot lines hybrid-modeling profiles. 
 

 
 

 
 



The results from the analysis of D2 are shown in Fig. 1c and d. In this case, hard-modeling was 

carried out as in the analysis of D1 because the interfering species cannot be modeled. In 

contrast, soft-modeling was carried out for five species (detected by singular value 

decomposition, SVD [38]) and applying the non-negativity and closure (only for the four 

species involved in the equilibria) constraints. Finally, the hybrid analysis was performed for the 

five species in which only four participated in the model. The soft-modeling approach did not 

fully resolve the most basic and the interfering species, a finding that was also denoted in 

dissimilarity values (Electronic Supplementary Material Table S1). The results from the 

analysis of D2 differed depending on the analytical method (hard or hybrid) applied. Hard-

modeling provided a solution (with correct pKa values) without taking into account the presence 

of the interference. Consequently, the resolved spectra differed from the simulated ones, in spite 

of the observation that the concentration profiles calculated were acceptable. Regarding hybrid-

modeling, although the profiles of the most basic and the interfering species were both fully 

resolved, the possibility of modeling the interfering species allowed a better calculation of the 

concentration and spectra profiles for the four species and for the interference.  

Data set D3 was similar to D1 but with the property that the third species was not 

optically active. Therefore, the hard model was modified to take into account that this species 

did not absorb while the rest of the conditions remained unaltered. In the case of the soft-

modeling approach, SVD detected only three species and therefore the resolution procedure was 

done for this number of species. Finally, for the hybrid approach, the resolution was performed 

for the three optically active species. However, the postulation of the model with the four 

species (only three will show a spectrum) also allowed the modeling of the optically non-active 

species and recovery of the pKa values. The results obtained showed a great concordance 

between the three approaches used (Fig. 1e and f). As in the previously described data sets, the 

results from the soft-modeling approach differed slightly from those obtained with the other two 

methods. Hence, the second and third pKa values were not accurately determined because the 

concentration profile of the third species (non-optically active) was not correctly calculated. In 

the case of hard-modeling and hybrid-modeling, the concentration and spectra profiles 

calculated were practically identical to the simulated ones, despite the fact that the dissimilarity 

values were slightly worse in the case of the latter approach.  

Finally, data set D4 included the three optically active species (as in D3) and one 

interfering optically active species (as in D2). Consequently, the hard-modeling approach used a 

similar model to that described for the analysis of D3 but did not consider the interfering 

species. SVD detected four species corresponding to the three optically active chemical species 

and the interfering species. Therefore, the soft-modeling resolution was carried out using four 

species and applying a closure constraint (equal to 2×10−6M) only for three of the four species 

detected. Finally, the hybrid approach was performed also for four species, of which only three 



were included in the hard model. The results obtained are shown in Fig. 1g and h. Hard-

modeling showed a good recovery of the concentration profiles with correct pKa values. 

However, the spectral profiles were poorly calculated, especially that corresponding to the most 

basic species because it was clearly modified by the spectral profile of the interfering species. 

The concentration profiles calculated by the soft-modeling approach showed good correlation 

with the simulated ones, despite the fact that the interfering species was not correctly modeled. 

This observation is also reflected in the pure spectra calculated in which this interfering species 

showed an absorption band at approximately 400 nm. This band was assumed to be an artifact 

of the optimization procedure. The resolved spectra of this interfering species showed a high 

amount of noise, a finding that indicates uncertainty in the resolved profile. Again, this 

resolution allowed a reliable calculation only of pKa1 because it was not possible to correctly 

calculate the concentration profile of the optically inactive species. Finally, the hybrid approach 

provided a combination of the results obtained by the other two methods. Hybrid-modeling 

allowed the accurate calculation of the pKa values because the concentration profile of an 

optically inactive species in the hard model was recovered. Furthermore, the soft-modeling part 

of the algorithm allowed the modeling of the behavior of the interfering species, thereby notably 

improving the resolution of the other species. In addition, the application of the hard model also 

improved the resolution of the interference because its spectrum was better resolved without the 

band at 400 nm and there was a non-appreciable amount of noise (Fig. 1h).  

The results from the analysis of these data sets are useful to determine the circumstances 

in which each approach should be applied. In the case of simple systems (without baseline drifts 

or interfering species), the best results are obtained by hard-modeling. However, when some of 

these conditions are not fulfilled, the results from the hybrid-modeling method are the most 

reliable. 

 

 Data sets recorded along the experimental acid–base study of krasG1 and krasC1  

The first experimental example corresponds to the pH titration of the krasG1 sequence. 

This sequence is composed by the nucleosides guanosine (pKa values equal to 1.6 and 9.2), 

thymidine (pKa value around 9.7), adenosine (pKa value around 3.5), and cytidine (pKa value 

around 4.5) [39]. On the basis of the pKa values of guanosines, dramatic modifications in the G-

quadruplex structure of the oligonucleotide over the pH range studied were not expected 

because of protonation or deprotonation of guanine bases in the tetrad (Scheme 1) [40]. 

However, the presence of adenosines and cytidines (which are not involved in the stability of 

tetrads because they are present at the loops) may produce acid–base equilibria without 

disrupting the G-quadruplex structure.  



The results (concentration and spectra profiles) for the three resolution approaches are 

shown in Fig. 2. First, data set D5 was analyzed by means of the MCR-ALS soft-modeling 

method. This approach was chosen because does not require the proposal of a model and the 

resolution could provide knowledge useful to define the model needed in the hard- or hybrid-

modeling methods. Analysis with SVD indicated the presence of three main optically active 

species. The concentration profiles calculated by MCR-ALS showed a major species at pH 7, 

which was assigned to the G-quadruplex structure in which all the bases were in their neutral 

form. At pH values lower than 7, a new species appeared, the formation of which peaked at 

around pH 4.5. According to the pH-transition midpoint, this species was related to the 

protonation of cytidine. Finally, at strongly acidic conditions, a third species appeared. This 

species was related to the protonation of the adenosine of the sequence (the pH-transition 

midpoint was around 3.5). 

 

Fig. 2 Results from the analysis of the acid–base experimental data sets. a Resolved concentration and b 
spectra profiles for the krasG1 data set (D5). c Resolved concentration and d spectra profiles for the 
krasC1 data set (D6). dashed lines hard-modeling profiles, dotted lines soft-modeling profiles, dash-dot 
lines hybrid-modeling profiles. 
 

 
 

Using the information obtained with the soft-modeling analysis, we performed the 

resolution using the pure hardmodeling method. Thus, a model with three species was proposed 

that correctly fitted the data. We also tested other models with more and fewer species and/or 

distinct stoichiometries but these did not significantly improve the fit. Finally, we analyzed the 

data using the hybrid-modeling approach and the results were consistent with those obtained 

using a model with three species. This similarity can be seen in the resolved profiles of Fig. 2 



and in the recovered pKa values shown in Table 3. The results obtained by the hard- and hybrid-

modeling methods were similar. In contrast, those results obtained by the soft-modeling method 

shower greater differences especially regarding the resolved concentration profiles (Fig. 2a). 

However, in all cases, our results were qualitatively consistent with those obtained previously 

for one of the two G-quadruplex structures present in the c-kit oncogene [41]. 

The second system studied here corresponded to the pH titration of krasC1, a sequence 

comprising mostly cytidine and thymidine. In accordance with the prior knowledge of similar 

sequences [42–46], the variation of pH was expected to be relevant because the DNA structure 

forms as a result of the half-protonation of cytidine (Scheme 1).  

Analysis with SVD indicated the presence of three main optically active species. The 

distribution diagram calculated with MCR-ALS (Fig. 2c) showed two pH-midpoint transitions 

located around 3.8 and 6.4. A steep slope was observed for the concentration profiles around the 

transition at pH 6.4. This slope can be associated with a cooperative effect, in which the 

protonation of a cytosine base to yield the cytosine·cytosine+ base pair strongly promotes the 

protonation of neighboring bases [47, 48]. 

 

 
The resolution using the hard-modeling method differed slightly from that described for 

krasG1. In this case, the models applied for the analysis of acid–base data corresponding to 

monomers (those which consider the uptake of one proton in each acid–base equilibrium) failed. 

The model that best fitted the experimental data was that which considered the presence of up to 

four species (Table 3, Electronic Supplementary Material Figure S4). The major acid–base 

species in neutral solution was explained as the neutral krasC1 sequence, where all bases were 

deprotonated. At pH below 7, a new species appeared. We attributed this species to an i-motif 

structure. The sharp absorbance change over the pH range 6 to 7 was successfully modeled 

when the uptake of protons was set to 3. This value differed considerably from that observed for 

monomers and was clearly related to a cooperative transition [47–49]. A gentle transition was 

observed with a pH transition midpoint around 4.9, which was successfully modeled when the 

uptake of protons was set to 1. This value was equal to that used when modeling acid–base 



equilibria for monomers, and it reflects an acid–base equilibria lacking cooperative effects [50]. 

Therefore, we propose that this transition is caused by the protonation of cytosine bases located 

at the loops (pKa around 4.5), and that are not involved in cytosine·cytosine+ base pairs. 

Therefore, the overall i-motif structure was maintained. The presence of several i-motif 

structures over a pH range has been described previously for similar sequences [51, 52]. Finally, 

at around pH 3, the i-motif evolved to a new species, most of the bases of which are possibly 

protonated.  

The results obtained with the hybrid-modeling approach showed an intermediate 

behavior with respect to those of the other two approaches. Hence, the resolution was carried 

out for the three species detected by SVD and, therefore, a model with three species was 

proposed. The resolved concentration profiles of the intermediate species appeared detected by 

the hard-modeling method (see Fig. 2c).  

The three approaches fitted the data in a similar fashion. The pKa values obtained for the 

hard- and hybrid-modeling methods showed a similar associated error (see Table 3). In this data 

set (D6), only the concentration and spectral profiles for the most basic species were concordant 

between the three methods. The other spectral and concentration profiles resolved showed 

significant differences between methods. This observation indicates that, more information is 

required to establish the most reliable outcome with certainty.  

 

Data sets simulating a ligand–DNA interaction 

 

The concentration profiles calculated and pure spectra are shown in Fig. 3 and the 

values obtained for the equilibrium constants are summarized in Table 4. From these results, the 

behavior of the three resolution approaches can be compared.  

The hard-modeling analysis of data set D7 was carried out by proposing a model with 

three species (D, L, and DL) with an initial estimation of the equilibrium constant of 1,000. The 

softmodeling resolution was performed using the non-negativity and closure constraints. 

Finally, we applied the hybrid-modeling method using the non-negativity and the hard-

modeling constraintswith the same model previously described for the pure hard-modeling 

approach.  

Hard- and hybrid-modeling methods provided similar results (Table 4 and Fig. 3); an 

observation that was also confirmed by the dissimilarity values (Electronic Supplementary 

Material Table S2). In contrast, the results obtained with the soft-modeling method differed 

significantly and the concentration profiles for the free ligand and for the interaction species 

were not correctly recovered. This finding is reflected in the high dissimilarity values calculated 

for the concentration profile of the interaction species and for the spectra of the ligand (resolved 



as a mixture of the spectra of the free ligand and the interaction species) and in the equilibrium 

constant recovered from the concentration profiles (Table 4). 

The concentration and spectra profiles calculated for D8 are shown in Fig. 3c and d. Hard- and 

hybrid modeling methods showed a good resolution, while that obtained with the soft-modeling 

method was poor (especially for the ligand and the DL2 species). The values calculated for the 

equilibrium constants were similar except in the case of the soft-modeling approach. 

 
 
Fig. 3 Results from the analysis of the data sets simulating complexation equilibria. a Resolved 
concentration and b spectra profiles for data set D7. c Resolved concentration and d spectra profiles for 
data set D8. e Resolved concentration and f spectra profiles for data set D9. g Resolved concentration and 
h spectra profiles for data set D10. solid lines simulated profiles of spectroscopically active species, circle 
lines simulated profiles of spectroscopically inactive species, dashed lines hard-modeling profiles, dotted 
lines soft-modeling profiles, dash-dot lines hybrid-modeling profiles. 



 
 
 

The hard-modeling of the D9 data set was carried out using the same model as in D8 but 

indicating that the D species does not absorb. The soft-modeling analysis was performed for the 

three species detected in the SVD analysis and the resolution using the hybrid approach was 

also done for these three species but postulating a hard model with four species (D, L, DL, and 

DL2). The concentration and spectra profiles recovered are shown in Fig. 3e and f. These results 

were similar to those obtained in the analysis of the D8 data set. Only the pure soft-modeling 

method did not achieve a proper resolution of the data. This was due to the ambiguity in the 

resolution of the L and DL2 at higher concentration ratios under the constraints applied. In this 

case, the presence of an optically inactive species did not seem to hinder the goodness of the 

resolution by the hard- and hybrid-modeling methods. 

Finally, the results obtained for the most difficult data set D10 are shown (Fig. 3g and 

h). A similar model to that used for D7 was applied in the hard-modeling (three species: D, L, 

and DL) because the interfering species could not be explicitly included in the model. The soft-

modeling approach was performed for four species (detected by SVD) and applying the same 

constraints as before. In the case of hybrid-modeling, only three of the four species considered 

were included in the model. Once again, the soft-modeling approach failed to properly resolve 

the data despite partial recovery of the interfering species. In contrast, the results obtained by 

the hard- and hybrid-modeling methods were clearly differentiated. The formed failed in the 

resolution of the data as can be seen in the value obtained for the equilibrium constant (2,898 

M−1) in relation to the theoretical value (2,000 M−1). In addition, neither did the resolved spectra 

profiles coincide with those used in the simulation (see Fig. 3h and Electronic Supplementary 

Material Table S2). However, the hybrid approach showed satisfactory performance because the 

hard-modeling constraint allowed the proper resolution of the ligand–DNA interaction process 

(as in the analysis ofD7) and the interfering species was modeled by the ALS optimization 

under the non-negativity constraints. However, we observed a difference in the intensity of the 



profiles recovered for the interfering species and the profiles used for the simulation. This 

difference is attributed to the difficulties to define natural constraints that fulfill the interfering 

species (only non-negativity constraint for both concentration and spectral profiles was applied).  

On the basis of the analysis of these simulated data sets, we wish to draw attention to 

several aspects. First, special mention is given to the difficulties observed for the soft-modeling 

method to achieve a good resolution of the data difficulties arise because the optimization 

algorithm tends to obtain pure species at the beginning and end of the experiment. However, 

this difficulty of the soft-modeling resolution can be easily overcome by applying more 

constraints (for instance, selectivity constraints that ensure that the concentration of the complex 

does not decrease at high ligand concentrations or the addition of information such as the pure 

spectrum of the ligand). Furthermore, we have shown that the hard- and hybrid-modeling 

methods behave similarly when the complexity of the system is not high. In this case, the results 

are totally comparable. However, when the complexity increases (for instance with the presence 

of an interfering species) the results obtained by the hybrid approach are significantly better 

when modeling the known chemical process with the hard model and the unknown variance 

with the soft model. 

 

Experimental data sets corresponding to DNA–ligand interaction equilibria 

 

Finally, two experimental data sets were analyzed in which the interaction of the krasG1 

and krasC1 sequences with the model ligand TMPyP4 was studied. In both cases, the 

experiments were carried out at pH values in which the oligonucleotide showed an organized 

structure: pH 7 for krasG1 sequence and pH 5 for krasC1. In both cases, the interaction between 

the porphyrin and the oligonucleotide was denoted by a red shift of the Soret band of TMPyP4 

(see Fig. 4a and b). First, the interaction of TMPyP4 with krasG1 was studied by means of the 

soft-modeling method. SVD detected three main species and the ALS optimization allowed the 

calculation of their concentration and spectra profiles (Fig. 4). These three species were 

assigned to the krasG1 oligonucleotide (whose spectrum showed a band centered around 250 

nm and an increase in its concentration upon the experiment), the free TMPyP4 (whose 

spectrum showed a Soret band at 422 nm and a decrease in its concentration profile), and the 

interaction species (whose spectrum shows a characteristic peak at 440 nm and a concentration 

profile that shows a increase at the beginning of the experiment). Although the soft-modeling 

method allowed clear identification of the species, it is difficult to ensure the stoichiometry of 

the complex. 

 
Fig. 4 Results from the analysis of the mole-ratio experiments. A Resolved concentration and b spectra 
profiles for the krasG1:TMPyP4 data set (D11). Inset detail of the resolved spectra of the free TMPyP4 



ligand (green line) and the DNA:TMPyP4 complex (red line) c) Resolved concentration and d spectra 
profiles for the krasC1:TMPyP4 data set (D12). Inset: Detail of the resolved spectra of the free TMPyP4 
ligand (green line) and the DNA:TMPyP4 complex (red line). Legend: (dashed lines) hard-modeling 
profiles, (dotted lines) soft-modeling profiles, (dash-dot lines) hybrid-modeling profiles. 
 

 
 
 

We performed hard-modeling defining a model involving three species: DNA, ligand, 

and one interaction species. Several stoichiometries for the interaction species were tested. 

Finally, the best results were obtained when a 1:3 (DNA:TMPyP4) stoichiometry was proposed 

(see Electronic Supplementary Material Figure S5b to observe the fitting of the calculated data 

to the experimental data at 445 nm). The calculated value for the logarithm of the overall 

equilibrium constant was 19.1 ± 0.3M−3. The resolved spectral profiles (Fig. 4b) also showed 

the experimentally observed red shift in the maximum of absorbance of TMPyP4, characteristic 

of the interaction between an oligonucleotide and the porphyrin [53–55]. Finally, the hybrid 

approach, with a logarithm of the equilibrium constant of 18.9±0.4 M−3, provided results similar 

(Fig. 4a and b) to those obtained by the hard-modeling method.  

Our results are consistent with those of previous studies found in the literature. Thus, 

Cogoi and Xodo [24, 25] examined this interaction between krasG1 and TMPyP4 and 

concluded that there are several types of possible interactions by end-stacking to the external G-

tetrads and electrostatically to the bases of the larger loops. This conclusion was confirmed later 

by Arora and Maiti, who identified three possible interaction sites in similar G-quadruplex 

structures [53]. Therefore, the large magnitude of the red shift that we observed in the Soret 

region (from 422 nm of the free TMPyP4 to 441 nm of the complex, see inset in Fig. 4b) 

indicates a strong interaction between the G-quadruplex structure and the porphyrin. It can be 

concluded that, in this case, the interaction observed is not only electrostatic but there is also a 

stacking phenomena between TMPyP4 and krasG1.  



Finally, we report on the results of the interaction between krasC1 and TMPyP4. In this 

case, only three species were detected by means of SVD and, therefore, the soft-modeling 

resolution allowed the calculation of a set of concentration and spectral profiles, which were 

related to krasC1, TMPyP4, and the interaction species (Fig. 4c and d). Again the spectra profile 

recovered for the interaction species showed a clear red shift in the Soret region, thus reflecting 

the interaction between the oligonucleotide and the porphyrin (although the magnitude of this 

shift was smaller than for krasG1 case). In addition, the concentration profile of the complex 

krasC1: TMPyP4 showed a less steep slope than for the krasG1: TMPyP4 complex. This 
observation may reflect a smaller number of porphyrin molecules in the interaction species. This 

hypothesis was also confirmed in the absorbance profile at 445 nm (Electronic Supplementary 

Material Figure S4d), which had a less pronounced profile than that for the interaction between 

krasG1 and TMPyP4.  

Thus, a hard-modeling analysis defining a model with three species and a stoichiometry 

for the interaction species equal to 1:1 (krasC1:TMPyP4) was performed. The calculated 

logarithm of equilibrium constant was 7.0  ±  0.2 M−1. The resolved spectra were similar to 

those obtained with the soft-modeling method. Similar results were obtained with the hybrid-

modeling method (logarithm of the equilibrium constant of 6.9 ± 0.3M−1). 

These results are also concordant with previous studies reported in the literature [51, 52, 

56, 57]. Those studies also observed the interaction between the i-motif structure and the 

TMPyP4 porphyrin. The inset of Fig. 4d shows that the magnitude of the red shift caused by the 

formation of the complex between the krasC1 and TMPyP4 is significantly smaller than in 

krasG1 (12 nm for krasC1 and 19 nm for krasG1). This difference may be associated with the 

type of the interaction between the i-motif structure and the porphyrin, which in this case, could 

only be electrostatic. However, this type of structure is not as widely studied as the previous G-

quadruplex structure. Consequently, few studies have addressed the possible stoichiometries of 

the complexes formed. 

 

Conclusions 

 

Here, we compared the performance of three chemometric tools to study the equilibria 

of biomolecules in solution, specifically, acid–base and ligand–DNA interaction equilibria. In 

both cases, the application of pure soft- and pure hard-modeling methods were found to be 

complementary. However, on the basis of our results, we propose that a hybrid approach, which 

allows exploitation of the advantages of both soft- and hard-modeling, is more efficient that the 

separate use of these approaches. Thus, like a soft-modeling method, the hybrid approach shows 

flexibility in the analysis (for instance, modeling an unknown interference or a complex baseline 



drift) while also allowing the proposal of a chemical model for the species involved in the 

equilibrium, as does a pure hard-modeling method. 
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