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Abstract: Dynamic combinatorial libraries (DCLs) are excellent 

benchmark models to study the stimuli-responsiveness of chemical 

networks. However, increasingly complex systems are difficult to 

analyze with simple data analysis methods, because many variables 

and connections must be considered for their full understanding. 

Here we propose the use of multivariate data analysis methods to 

bisect the evolution of a complex synthetic dynamic library of 

pseudopeptidic macrocycles, containing side chains with charges of 

different sign. Several stimuli (ionic strength, pH and the presence of 

a biogenic polyamine) were applied to the same dynamic chemical 

mixture, and the adaptation of the whole system was characterized 

by HPLC and analyzed with Principal Component Analysis (PCA) 

and Multivariate Curve Resolution-Alternating Least Squares (MCR-

ALS) methods. Both multivariate data analysis chemometric 

approaches are an excellent combination to extract both qualitative 

and semi-quantitative information about the adaptive process of the 

library upon the action of each stimulus. The resolution of the system 

with these chemometric tools proved to be especially useful when 

two inter-connected stimuli were combined in the same dynamic 

system. Our results demonstrate the utility of these two approaches 

for the analysis of complex dynamic chemical systems and open the 

way toward the application of these powerful tools in the emergent 

field of Systems Chemistry. 

Introduction 

Complexity is a fascinating concept that has always attracted the 

scientific community, with important implications in many 

different areas of knowledge.[1] For instance, it is pivotal for the 

understanding of interconnected networks like the cell 

metabolism,[2] the economic markets,[3] the biological 

ecosystems[4] or the social networks.[5] However, the historical 

reductionism of chemists has delayed the advances in the 

research on complexity from the chemical point of view.[1b, 6] 

Only after the recent development of potent and sensitive 

analytical techniques for treating complex mixtures, in 

combination with powerful computational tools, the chemists 

have started to investigate complex chemical networks.[7] This 

has crystallized in a new area of research named Systems 

Chemistry.[8] Remarkably, the understanding of the evolutionary 

patterns in these chemical systems upon the action of 

meaningful stimuli is fundamental in prebiotic chemistry and for 

the understanding of the origin of life.[9] Moreover, the complexity 

itself is interesting, since the network of interconnected species 

can show abilities that are different from the ones exerted by 

their components (the so-called emerging properties).[7, 10]  

Among the different chemical systems described to date, 

dynamic combinatorial libraries represent an appealing network 

for several reasons.[11] The first one is that they operate under 

equilibrium, which allows extracting thermodynamic properties 

(relative stabilities) of the different species from the library 

behavior.[12] On the other hand, since the members of the library 

are connected through reversible reactions, the mixture itself is 

adaptive as a whole, exerting error correction capabilities. [13] 

These features have led to the use of dynamic combinatorial 

libraries (DCLs) for the discovery of new molecules with 

unexpected structures,[14] efficient receptors[11a, 15] and 

catalysts,[16] new materials[17] or even ligands for biomolecules 

as potential drugs.[10a, 18] Therefore, DCLs have found interesting 

applications in different fields of chemical research. On the other 

hand, these mixtures can provide information about molecular 

properties within a chemical network, with important conceptual 

consequences. In this regard, the study of bio-inspired dynamic 

libraries is especially attractive because it allows proposing 

parallelisms with clearly more complex biological networks, 

where relationships are more difficult to establish than in a 

closed and synthetic system.[1b, 6, 10c, 19]  

Within our research interest in constitutional dynamic 

chemistry,[19a, 20] we have recently described a DCL of 

macrocyclic pseudopeptides able to respond to a meaningful 

biological stimulus: the increase of the salt concentration.[21] 

During that study and for the suitable description of the system 

as a whole, we carried out the corresponding dynamic 

deconvolution[22] up to the minimal sub-libraries able to adapt to 

the same trigger. This top-down approach permits a full 

thermodynamic description of the complex system and even the 

design of ad hoc libraries with tailored relationships between the 

components (cooperative or competitive). However, this 

approach is not practical for applying different stimuli over the 

same library, since the experimental dynamic deconvolution 

must be done for each case. Accordingly, here we propose a 

different approximation to the problem. 

In this work, the adaptive behavior of the DCL has been 

studied using statistical and multivariate data analysis 

chemometric methods.[23] These chemometric methods have 

been previously used to analyze DCLs for pattern-based 
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sensing of different analytes, mainly by the groups of Anslyn,[24] 

Severin[25] and Matile,[26] among others.[27] Our approach here is 

conceptually different, since we have used the chemometric 

tools to understand the responses of complex DCLs to several 

triggers. To achieve that, three different stimuli were applied. 

The first one is the ionic strength, which had been 

thermodynamically characterized by us for the same library.[21] 

This allows comparing the conclusions extracted from the two 

alternative approaches. Secondly, the combination of two inter-

dependent stimuli (i.e. pH and ionic strength) was applied as a 

benchmark example of multistimuli-responsive dynamic complex 

system. Finally, an organic polyelectrolyte with biological 

relevance, the spermine alkaloid, was used as a template. 

Preliminary work suggested that this polycationic molecule 

interacts with some of the virtual members of the DCL,[28] and 

this must be reflected in the library properties. Besides, the 

polycationic substrate concomitantly increases the ionic strength 

of the medium and we propose a chemometric approach to 

bisect the two otherwise inseparable stimuli (binding and ionic 

strength increase). 

Results and Discussion 

Design and generation of the complex dynamic chemical 

system 

For the study of the effect of different stimuli, we used a 

previously described dynamic mixture of pseudopeptidic 

macrocycles (Scheme 1).[21] This was generated by the 

combination of six pseudopeptidic building blocks (BBs) bearing 

two thiols for the formation of the corresponding disulfides, 

which represent a well-known dynamic covalent bond in 

aqueous media.[29] The dynamic mixture was mainly composed 

by 21 macrocyclic dimers and the minor presence of some 

trimers (as confirmed by ESI-MS). For simplicity, we will focus 

our discussion on the main dimeric members of the library. The 

adaptive properties of the system sourced from the peptide-like 

information contained in the two amino acids present in each BB. 

To get responsiveness to ionic species (medium or substrates) 

and to the pH value, we used BBs with carboxylic acids (from 

Asp (1a) and Glu (1b)) or amine groups (from Orn (1e) and Lys 

(1f)), as well as innocent polar side chains (Ser (1c) and Asn 

(1d)). Thus, different protonation degrees of some of the side 

chains would implement different electrostatic charges in the 

library members. As in our previous work, we have classified the 

members of the library (macrocyclic dimers) into six different 

families attending to their charge at neutral pH (Scheme 1). 

Thus, we distinguished the tetra-charged dimers containing four 

anionic carboxylates (F-,-) or four cationic ammonium groups 

(F+,+), the neutral species formed by either neutral BBs (F0,0) or a 

combination of positive and negative ones (F+,-) and those 

combining a dicharged BB with a neutral one (F+,0 and F0,-). 

Besides, these families were readily separated during the 

chromatographic analysis by HPLC (see Figure 1). Thus, this 

chemical system contains species that are sensitive to changes 

in the pH or to the presence of charged molecules or ions. The 

corresponding sensitivity must be expressed in the library 

composition and, therefore, we aimed to monitor its changes 

upon applying different stimuli. 

 

Scheme 1. Chemical structures of the corresponding BBs (1a-f) and 

schematic representation of the dynamic mixture generated by the disulfide 

formation in solution, rendering the corresponding six different families 

classified by their charge at neutral pH. 

 

Figure 1. Effect of the salt content on the pseudopeptidic macrocycles mixture 

of the DCL. HPLC traces of the DCL of pseudopeptidic macrocycles at 0 M 

NaCl (lower trace) and at 1 M NaCl (upper trace). 

Chemometric analysis of the DCLs 

The application of several stimuli to a complex system requires a 

good analytical tool to rapidly and efficiently determine their 

effect. This is not an easy task when multi-stimuli complex 

dynamic networks are studied. Here we have applied 

chemometric approaches to the problem, namely Principal 

Component Analysis (PCA)[30] and Multivariate Curve 

Resolution-Alternating Least Squares (MCR-ALS)[31]. The PCA 

analysis has served to perform a preliminary estimation of the 

most important effectors that explain the variance of the library 

adaptation to the stimuli by locating the different samples in a 

orthogonal vector subspace defined by the principal components 

(see experimental section for mathematical details). Thus, the 

scores plot would give information about the location of the 

samples in this vector subspace, while the representation of the 

loadings in this vector subspace will indicate the relative 

influence of the stimulus of each member of the DCL in the 

corresponding principal components. PCA analysis was carried 
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out using the peak areas regarding each one of the six 

macrocycle families. In addition, data were auto-scaled prior 

PCA analysis. 

On the other hand, although PCA provides a meaningful 

interpretation of the adaptive behavior of the DCL, it provides a 

minor semi-quantitative abstract picture. This can be improved 

using the MCR-ALS method, which describes the original 

dataset by means of a set of components via maximizing the 

total explained variance using more natural constraints than in 

PCA, like non-negativity instead of orthogonality constraints. 

Accordingly, the MCR-ALS method produces more feasible 

(from a physicochemical point of view) and interpretable 

solutions. In our specific case, the components resolved by 

MCR will represent the different states of the library associated 

to the absence or the presence of the stimuli. Thus, each state is 

defining the singular library composition that reflects a particular 

responsiveness of the species to the effector. Besides, the 

contribution of each state in every sample is also resolved in the 

scores obtained by MCR-ALS, which illustrates the semi-

quantitative evolution of the system through the action of the 

stimulus. For the MCR-ALS analysis, we used the raw HPLC 

traces (after simple manipulation, see experimental section) that 

allow chromatographic resolution of the species within each 

state of the DCLs. The transition between states of the library 

can be easily determined by the difference between the 

respective loadings obtained by MCR-ALS. 

 

Ionic strength as an environmental stimulus 

The nature of the side chains of the pseudopeptidic 

macrocycles of the DCL makes the dynamic system prone to 

adapt to the presence of salt, by electrostatic reasons. This has 

important biological implications in terms of evolutionary patterns 

and it has been previously discussed within the field of dynamic 

constitutional chemistry.[19a] To study the effect of the salt 

content in our library, we prepared mixtures of the BBs (0.5 mM 

each) in 40 mM aqueous bis(2-hydroxyethyl)-

aminotris(hydroxymethyl)methane (bis-Tris buffer, pH 6.5) with 

25% (v/v) DMSO.[32] The disulfide formation and exchange was 

performed in different media containing 0, 0.5, 1.0, and 2.0 M 

NaCl, respectively. Two independent batches of reactions were 

prepared (labelled as a-b) to test the ability of the method in 

checking the reproducibility of the process. A total of 8 samples 

(4 concentrations, 2 batches) were measured by HPLC (see 

methods). The resulting DCL data set containing the 8 

corresponding chromatograms will be referred hereafter as the 

HPLCNaCl data set. Figure 1 shows the HPLC traces of an 

equilibrated library in the absence and in the presence of NaCl 

(1 M in the figure). The simple visual inspection of the changes 

observed in the chromatograms showed a big impact of the salt 

on the library composition. As already mentioned, we have 

previously observed this effect and we were able to analyze the 

different equilibria implicated in the process by dynamic 

deconvolution.[21] Here we aimed to use chemometric tools to 

extract information of the process, without the need of running 

additional reactions with simplified sub-libraries. 

PCA results: As shown in the corresponding PCA scores and 

loadings plots (PCA, Figure 2A and 2B, respectively), the first 

two principal components (PCs) already captured the 97.69% of 

the explained variance. This revealed that the salt-dependent 

adaptive process of this apparently rather complex dynamic 

library can be explained by two components (patterns) 

describing the major changes produced by ionic strength. The 

scores on the first principal component (PC1, already explains 

the 83.66% of the data variance) mostly show changes 

produced by increasing the salt concentration (Figure 2A). In this 

PC1, scores of samples without NaCl have negative values (left), 

whereas an increase of NaCl concentration produces the scores 

of the samples progress to positive values (right). Also in Figure 

2A, scores distribution of samples on the second component 

(PC2, 14.03% of the explained variance) could be attributed to 

sample batch differences unrelated to the salt effect (see below). 

In other words, with PCA, it is possible to separate the variances 

linked to the salt concentration effect (in PC1) from the variance 

related to the batch effect (PC2). 

 

Figure 2. (A) Plot of the sample scores projected on the two first components 

obtained by PCA analysis of HPLC peak areas of the six macrocycle families 

in DCLs at different salt contents (HPLCNaCl data set). (B) Plot of the variable 

loadings projected on the two first components obtained by PCA analysis of 

the HPLCNaCl data set. 
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Regarding the variations of the loadings in the plot of Figure 2B, 

the increase of salt concentration favors the formation of dimers 

containing one neutral and one di-charged species (F+,0 and F0,-) 

and, specially, the corresponding tetra-charged macrocycles 

(F+,+ and F-,-), whereas neutral dimers (F0,0 and F+,-) are 

disfavored. This behavior can be interpreted from the loadings 

distribution in the plot of Figure 2B, since neutral dimers are 

represented by negative PC1 loadings, whereas the other four 

dimer families are linked to positive PC1 loadings. Since tetra-

charged dimers are linked to higher loadings than di-charged 

dimers, they are preferentially amplified by the salt.  

Interestingly, by studying more in detail the loadings of the 

macrocycle family in Figure 2B, we observed that PC1 loadings 

for each of the pairs F+,+ and F-,-  (tetra-charged), F+,0 and F0,- (di-

charged), and F+,- and F0,0 coincided, indicating that the effect of 

salt triggers the same adaptive response regardless of the type 

of the charge (positive or negative). We must keep in mind that 

this statement refers to auto-scaled values, and not to 

concentrations or fold-changes. In auto-scaling, the measured 

areas are corrected by the mean concentration of each dimer 

family and divided by their standard deviation. Thus, when auto-

scaling, dimer families with different relative abundances can 

present the same adaptive response. This is the case for the 

neutral species (F+,- and F0,0), although they are not equally 

favored in terms of entropy and electrostatic interactions (F+,- is 

found in the range of 20-40%, whereas F0,0 is found in the range 

of 2-3%). 

In addition, since positively charged F+,+ and F+,0 are located 

in the positive side of PC2 loadings and negatively charged F-,- 

and F0,- are located in the negative side of PC2 loadings (Figure 

2B), it implies that samples prepared during the first batch 

(subset a), associated to positive PC2 scores (Figure 2A), 

contained slightly higher amounts of positive BBs (1e and 1f) 

than the other batch (subset b). An experimental explanation for 

these differences relies on the fact that 1e and 1f were isolated 

as highly hygroscopic TFA salts leading to some inaccuracy in 

weighting these BBs for different batches of reactions. These 

results were deduced from the only application of PCA. In 

contrast they were not so obvious from the direct analysis of the 

raw dataset. In fact, in the raw data, differences between 

batches were ~1.5%, which could have been overlooked.  

In order to distinguish whether the dynamics related to salt 

effect observed in PC1 are a consequence of the specific ion 

composition or just due to the ionic strength, we prepared an 

additional set of libraries maintaining the ionic strength 

(equivalent to 1 M NaCl) but varying the salt composition. The 

different salts consisted of both monovalent and divalent ions 

(NaCl, MgCl2, MgSO4 and Na2SO4). To increase the sample pool, 

salts were combined in different proportions (see Supplementary 

Table S1), rendering the same ionic strength as 1 M NaCl. As 

shown in the PCA plot in Figure S1, no sample differences 

related to salt composition were observed. In addition, variations 

of peak areas of these samples were within the range of the 

standard deviation observed for untreated samples. Therefore, 

we concluded that there are no significant differences in the DCL 

compositions for the evaluated ions, suggesting that the 

observed behavior is due to the ionic strength and not to specific 

interactions between the inorganic ions and the charged side 

chains of the pseudopeptides. 

MCR-ALS results: When MCR-ALS was directly applied to the 

HPLCNaCl data set, the explained data variance was 99.14 % 

with two components (or states of the library). The bar plot of the 

MCR-ALS states contributions (Figure 3A) showed that the first 

state (blue) must be related to the untreated condition, while the 

addition of NaCl produces the growth of a second salty state 

(red) that disturbs the equilibrium of the untreated sample. With 

just 0.5 M NaCl, the salty state contribution is already ~50%, and 

it increases linearly with the salt added. The batch differences 

observed in the PCA appear also here since the sample subset 

b contains a ~5-10% more contribution of state 2 than the subset 

a, pointing out again that these differences are not related to the 

amount of salt but to batch differences. 
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Figure 3. (A) Bar plots of the scores of the two states resolved by MCR-ALS 

analysis of the HPLCNaCl data set. (B) Loading profiles of the two states 

resolved by MCR-ALS. (C) Difference between the loading profiles of the two 

states resolved by MCR-ALS. (D) Schematic representation of the 

amplification of the families of macrocycles due to the salt effect 

(larger/smaller size symbols represent an increase/decrease of the 

concentration in the mixture). 

MCR-ALS loadings of the library states are given in Figure 3B 

(Table S2) and its corresponding difference (state 2 – state 1) in 

Figure 3C. They show that the main changes produced during 

the salt addition can be found in the F+,+, F-,- and F+,- families. 

Thus, the F+,+ and F-,- families were amplified by the salt addition, 

mainly at the expense of the F+,- species. In quantitative terms, 

the biggest amplification was found for the F-,- family (21-fold). 

This rather large increase correlates with the more-in-depth 

thermodynamic analysis of this DCL upon the action of the same 

stimulus, which showed a more efficient salt adaptation of the 

tetra-anionic species.[21] Very remarkably, the plot shown in 

Figure 3C is a good visual representation of the salt adaptive 

process itself, since it reflects the favored and disfavored 

species upon the action of the salt in a semi-quantitative way. 

This plot highlights the utility of MCR-ALS analysis for 

characterizing adaptive processes in dynamic chemical 

networks. The relative amplification of the families of species 

has been schematized in Figure 3D where the larger cartoons 

correspond to a larger effect of the salt. 

 

The combined effect of the ionic strength and the pH of the 

medium 

With the aim to increase the complexity of our dynamic 

system, we also considered a set of experiments where two 

interconnected stimuli are applied. This scenario is more 

challenging, since we expect to bisect the effect of 

interdependent triggers in a relatively complex dynamic network. 

To do that, we set up a series of experiments as a proof of 

concept. We decided to combine two mutually dependent 

environmental factors, such as the ionic strength and the pH of 

the medium. As shown in a previous section, the DCL is able to 

adapt its constitution to the presence of salt, due to the 

electrostatic shielding of attractive and repulsive interactions. 

This process must be influenced by the overall charge of the 

species within the library and, thus, a change in the pH leading 

to partial protonation/deprotonation of the corresponding side 

chains should have an impact on the system. Accordingly, we 

planned to generate and analyze the DCL at two different salt 

contents (0 and 1 M NaCl) and two different pH values (4.8 and 

6.5). We also tried the corresponding experiments at pH 9.0, 

although the formation of over-oxidized species precluded their 

accurate analysis. Replicates were introduced to increase the 

pool of samples. The resulting DCL chromatographic data set 

obtained at different pH and salt content will be referred 

hereafter as the HPLCpH_NaCl data set. 

PCA results: As expected, the PCA of this set of samples 

showed that the final composition of the library depends on both 

the ionic strength and the pH (Figure 4A). The effect of [NaCl] is 

clearly defined by PC1 (71.60% of the explained variance). The 

salt produces a major formation of tetra-charged dimers and a 

detriment of neutral dimers (Figure 4B). Besides, samples that 

contain 1 M NaCl (squares in Figure 4A) appear to be more 

clustered (regardless of the pH value) than the ones without 

NaCl (triangles in Figure 4A), implying that the effect of pH is 

lower at high salt concentration. 

 

Figure 4. (A) Plot of the sample scores projected on the two first components 

obtained by PCA analysis of the DCL compositions obtained at different pH 

and salt content (HPLCpH_NaCl data set). (B) Plot of the variable loadings 

projected on the two first components obtained by PCA analysis of the 

HPLCpH_NaCl data set. 

The second principal component shown in Figure 4A (PC2, 

21.46% of the explained variance) describes sample variations 

due to changes in pH. More acidic samples (red symbols in 

Figure 4A) contain more F+,0 and F0,0 species (Figure 4B), 

whereas neutral, more basic (green symbols in Figure 4A) 

samples contain more F-,0 and F+,- species instead (Figure 4B). 

This trend can be also rationalized by electrostatic reasons, 

since the more acidic pH produces the partial protonation of the 

carboxylic side chains, reducing the electrostatic interactions of 

macrocycles containing either Glu or Asp amino acids. 

MCR-ALS results: When MCR-ALS was applied to the 

HPLCpH_NaCl data set (Figure 5 and Table S2), two states of the 

library were used and the explained data variance was 97.43 %. 
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The main trend due to the salt effect was again the amplification 

of F+,+ and F-,- macrocyclic dimers of the library and the decrease 

of the concentration of F+,- species as previously observed in the 

PCA plots (Figure 4). Although the effect of the pH is not directly 

observed in the profiles of these two states, its contribution 

cannot be overlooked. In fact, as shown in Figure 5A, the 

amount of treated state was ~25% without salt at pH 4.8, but 

~15% without salt at pH 6.5. This means that, in the absence of 

salt, the change in the pH from 6.5 to 4.8 produced a two-fold 

difference in the contribution of the treated state, which is quite 

remarkable. On the other hand, at 1 M NaCl, the state 

contributions at different pH were practically identical (~75% 

contribution of the red state). Therefore, the effect of salt is 

much stronger than the pH effect, being the latter apparently 

negligible at 1 M NaCl. This result implies that a highly saline 

medium efficiently shields the charged side chains, making the 

electrostatic interactions (either attractive in F+,- or repulsive in 

F+,+ and F-,-) less important. Under these circumstances, the 

protonation/deprotonation of the corresponding side chains 

would not affect the relative population of the different species 

and, thus, the pH of the medium would exert a very minor effect. 

 

Figure 5. (A) Bar plots of the scores of the two states resolved by MCR-ALS 

analysis of the HPLCpH_NaCl data set. (B) Loading profiles of the two states 

resolved by MCR-ALS. (C) Difference between the loading profiles of the two 

states resolved by MCR-ALS. 

Summarizing, the combination of PCA and MCR-ALS analyses 

to the multi-stimuli responsive DCL rendered several important 

conclusions. First of all, chemometric data analysis allowed the 

grading of the two stimuli, clearly showing that the salt effect 

dominates over the pH effect. This can be rationalized by 

considering that the differences in the protonation degree are 

not so important at these two values of pH. More interestingly, 

the clustering of the samples in the PCA and the careful 

interpretation of the MCR-ALS results showed that a highly 

saline medium compensates the effect of the different 

protonation degrees of the members of the library. 

 

Spermine polycation as a stimulus 

The addition of a template to a dynamic system can disturb 

the overall equilibrium composition if one or several members of 

the library interact with that template. This has been used to 

detect very efficient non-natural receptors for interesting 

guests.[11a] One of these biologically relevant guests is the 

biogenic polyamine spermine, which exists as polycationic 

species in aqueous solution at neutral or slightly acidic pH. 

Actually, spermine has been already used to amplify members 

from a DCL of compounds bearing several carboxylate 

functions.[33] More specifically, previous work in our group 

suggested that the homodimer formed by two BBs derived from 

Glu (1b2) is able to bind spermine in aqueous medium at pH 

6.5.[28] This macrocycle is a virtual member of the current DCL 

(along with two similar ones, like 1a2 and 1a-1b), and we 

wondered if this interaction could be also manifested in the 

composition of a more complex library. 

To study the effect of spermine in our chemical system, we 

generated the DCL at the same conditions (0.5 mM in each BB, 

40 mM bis-Tris buffer, 25% DMSO in water, pH 6.5) but in the 

presence of increasing amounts of spermine from 0 to 100 mM 

(Figure 6). The stock solution of the spermine used for this 

titration experiment was pre-adjusted to pH 6.5 with HCl and 

thus, it contains the protonated form of the polyamine and the 

corresponding chloride counterions. We anticipated that the 

effect of the polyamine should be higher than the simple effect of 

the ionic strength and, accordingly, the experiments were carried 

out starting with low concentrations of the polyamine. 
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Figure 6. Stacked HPLC traces of the DCL of the pseudopeptidic macrocycles 

at increasing concentrations of spermine (HPLCspermine). 

PCA results: In general, the response of the DCL to increasing 

concentrations of this more elaborated polyelectrolyte was 

similar to that observed with increasing amounts of salt (Figure 

6): the presence of spermine produced an increase of fully 

charged macrocyclic dimers formation (F+,+ and F-,-). However, 

as observed in the PCA scores and loadings plots of Figure 7, 

this response is not linearly changing as in the case of 

increasing salt concentrations. In the PCA analysis of Figure 7, 

98.06% of the data variance was explained using two principal 

components. The first principal component (PC1, 88.43% of the 

explained variance) shows a pattern similar to the NaCl case. In 

contrast, PC2 (9.63% of the explained variance) is associated to 

a minor underlying adaptive pattern, which has its maximum 

contribution at 5 mM spermine, but decreases when more 

spermine is added (Figure 7A). The fact that loadings 

distribution on Figure 7B was different to the ones at increasing 

NaCl concentrations (Figure 2B) points out again that the 

charged dimers formation are not equally favored in the 

presence of spermine as in presence of the NaCl salt. A 

reasonable explanation to this behavior should be due to 

specific supramolecular interactions (either repulsive or 

attractive) of some of the members of the library with the 

polycationic spermine molecule. Thus, in this case, not only the 

ionic strength was playing an important role but also the 

presence of the spermine structure as a template. 

 

Figure 7. Plot of the sample scores (A) and of the loadings (B) projected on 

the two first components obtained by PCA analysis of the HPLCspermine data set. 

MCR-ALS results: When MCR-ALS was applied to the same 

dataset to investigate the influence of increasing spermine 

concentrations on the DCL distribution (HPLCspermine), two 

components (states) were used to have an explained data 

variance of 97.18 % (Figure S2). As in the PCA score plot 

analysis (Figure 7A), a two-stage gradual change process (from 

0 to 5 mM, and from 5 to 100 mM) was observed depending on 

spermine concentration in the MCR-ALS analysis (Figure S2A). 

Despite this different pattern in the contribution of the two states, 

the underlying tendencies extracted from the HPLC profiles 

(Figures S2B) were rather similar to the ones discussed for the 

previously investigated NaCl effect. Thus, the presence of 

spermine amplifies the presence of tetra-charged species at the 

expense of the neutral zwitterionic ones. This could be explained 

by the higher electrostatic interactions of spermine with the 

macrocycles of the F-,- family, with the concomitant 

rearrangement of the others members of the mixture. However, 

the observed non-linear trend was somehow intriguing and we 

deemed to get additional information on this regard. 

 

Separation of ionic strength and supramolecular interaction 

effects with MCR-ALS: The addition of spermine to the DCL 
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can produce two effects on the library. On one hand, the 

putative supramolecular interactions with some of the 

pseudopeptidic macrocycles would stabilize the members that 

interact with the spermine more efficiently. On the other hand, 

the increase of the concentration of this substrate would 

concomitantly increase the ionic strength of the medium, since 

spermine is a polycationic molecule (together with the 

corresponding chloride anions). As the library of pseudopeptidic 

macrocycles is responsive to the ionic strength, the observed 

adaptation of the mixture must be due to the combined response 

to the two stimuli. However, these two dependent stimuli are not 

orthogonal, but linearly correlated and thus experimentally 

inseparable. Accordingly, their separation was investigated by 

chemometric approaches. In order to do that, the two sets of 

samples previously analyzed individually (HPLCNaCl and 

HPLCspermine) were simultaneously analyzed by MCR-ALS. This 

system was resolved using now three components as shown in 

Figure 8 (Table S2). During the MCR-ALS analysis, samples at 

different salt concentrations (without spermine) were forced to 

be resolved with only two components (states of the DCL): one 

related to non-salt, state 1 in blue, and one related to high salt 

concentrations, state 2 in red. The third state was included only 

for the analysis of the HPLCspermine dataset. With this constraint 

in the HPLCNaCl subset, and by allowing the states 1 and 2 to be 

in common with the HPLCspermine dataset, the exclusive effect 

produced by spermine can be better distinguished from the 

effect of just increasing the ionic strength. This effect is 

described by the state that is specific for the HPLCspermine dataset 

(component 3 in green). The explained variance for this 

combined data set was 97.53%, which was reasonably good 

compared to those given above for the two data sets analyzed 

individually  

As shown in Figure 8A, the evolution of samples containing 

increasing amounts of spermine was satisfactorily resolved 

when three states were used. Two of them are similar to those 

obtained when HPLCNaCl was analyzed (one related to no salt, in 

blue, and another dominant at higher ionic strength values, in 

red). A third state was distinguished only for spermine samples 

(green in Figure 8A) which already appeared at very low 

concentrations of spermine (0.1 mM). In this case the state 

associated to the increase of the ionic strength did not appear 

until the concentration of spermine was 5mM. First of all, this 

would explain the non-linear behavior observed in the PCA 

score plot of Figure 7A, where the sample containing 5 mM 

spermine showed the maximum contribution to PC2. Secondly, 

the specific contribution of the third state (green) in the range 

0.1-1.0 mM spermine is not related to the increase of the ionic 

strength. Besides, since this is effective at such low 

concentrations, it should correspond to a relatively strong 

supramolecular specific interaction. Thus, we assigned the 

green state to the binding of spermine to some of the members 

of the library. For samples containing spermine concentrations 

higher than 5 mM, both the specific binding (green) state and the 

non-specific ionic strength (red) state are participating in the 

DCL composition, being the relative contribution of the red one 

more important at higher spermine concentrations, as expected. 

 

 

Figure 8. (A) Bar plots of the scores of the three states resolved by MCR-ALS analysis of the HPLCNaCl+HPLCspermine data set. (B) Loading profiles of the three 

components resolved by MCR-ALS analysis of the HPLCNaCl+HPLCspermine data set. 
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We also aimed to get more precise information about the 

adaptive process by using the plots of the difference between 

states at chromatographic resolution. The differences between 

state 2 (high ionic strength DCL) and state 1 (untreated DCL) 

are depicted in Figure 9A (black trace). The evolution of the 

members of the library is very similar to the one observed for the 

MCR-ALS analysis of the exclusive effect of the salt (Figure 3C) 

as clearly shown by overlaying the corresponding trace (blue 

trace in Figure 9A).  

 

Figure 9. (A) Differences of state 2 (high ionic strength DCL) minus state 1 

(untreated DCL) for the HPLCNaCl + HPLCspermine combined dataset (black 

trace) and the HPLCNaCl dataset (blue trace). (B) Differences of state 3 

(spermine bound DCL) minus state 1 (untreated DCL) for the HPLCNaCl + 

HPLCspermine combined dataset. The main differences with (A) are highlighted 

with dashed regions. (C) Cartoon representation of the effect of the spermine 

polycation binding on the DCL (larger/smaller size symbols represent an 

increase/decrease of the concentration in the mixture). 

This plot supports that the effect of the ionic strength has 

been efficiently resolved in both analysis. The differences 

between state 3 (spermine bound DCL) and state 1 (untreated 

DCL) would show the evolution of the dynamic system 

exclusively due to the supramolecular interactions with spermine 

(Figure 9B). Remarkably, the trends are very different to the 

ones observed due to the increase of the ionic strength. Thus 

the most striking change is observed in the decrease of F0,0 and, 

specially, F0,- families. This can be solely explained by the 

selective amplification of the F-,- family, which sequesters the 

anionic building blocks from the mixture. Thus, all the positively 

charged species F+,+ and F0,+ are just opportunistically amplified 

in this case. The unsymmetrical behavior of the evolution of F0,+ 

(amplified) and F0,- (reduced) further supports that the spermine 

specifically amplifies the F-,- species, most likely by the binding 

through electrostatic and H-bonding interactions. This scenario 

has been schematically depicted in the cartoons shown in Figure 

9C.  

Overall, this data analysis shows that the effect of increasing 

concentrations of spermine is more elaborated than the simple 

increase of the ionic strength. Thus, we have identified the 

supramolecular interactions of spermine with the homo- and 

heterodimers derived from Asp and Glu, which are tetra-anionic 

at this pH and interact more strongly with spermine.  

Conclusions 

Multivariate data analysis approaches are commonly used for 

analyzing complex data systems in several areas of scientific 

research, such as environmental science, analytical chemistry 

and ecology among others. Here we have demonstrated the 

power of these chemometric data analysis methods for 

unraveling compositional changes in relatively complex dynamic 

combinatorial libraries. As a proof of concept, we have used a 

dynamic mixture of macrocyclic pseudopeptides bearing 

differently charged side chains and thus, prone to respond to 

ionic stimuli. The effects of the ionic strength have been clearly 

characterized both qualitatively (PCA) and semi-quantitatively 

(MCR-ALS), showing trends in very good agreement with the 

more time-consuming thermodynamic characterization, 

previously performed by dynamic deconvolution. The more 

challenging analysis of the evolution of the complex system 

upon the action of two interdependent stimuli has been also 

unraveled with the chemometric methods, bisecting the 

influence of ionic strength and pH on the library composition. 

Additionally, both PCA and MCR-ALS reflected the differences 

in the dynamic adaptation produced by a cationic polyelectrolyte 

such as spermine, suggesting that there are specific 

supramolecular interactions between the polyamine and some 

members of the library. The effect of this binding can be cleared 

from the concomitant increase of the ionic strength also 

produced by the spermine polycation by using the MCR-ALS 

analysis. Overall, we have shown that these chemometric 

analyses are extremely useful for the high throughput screening 

of many different stimuli in relatively complex chemical systems. 

They show to be especially useful when several stimuli are 

applied either in a linearly independent/orthogonal way (pH and 

ionic strength) or in a linearly dependent fashion (binding to a 

charged substrate and ionic strength). Moreover, although we 

applied our study to a dynamic mixture operating under 

equilibrium, we envision that similar protocols could be used for 

out-of-equilibrium systems, which can be more interesting in 

terms of Systems Chemistry studies and toward future 

applications of molecular networks. One of these applications 

would be within the field of molecular sensors based on dynamic 
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networks, where the chemometric tools will be specially 

powerfull not only for pattern recognition but also for the 

understanding of the systems at the molecular level. 

Experimental Section 

The pseudopeptidic building blocks 1a-f were prepared as previously 

reported.[21, 28] The corresponding dynamic combinatorial libraries were 

generated following slight variations from the described procedure,[21] 

adapting the conditions to the implementation of the given stimulus (see 

below). 

Generation of the DCLs upon the action of the different stimuli 

The DCLs were prepared by dilution of 12 mM individual stocks of 1a-f 

prepared in DMSO. Four DCLs studies were performed: the study of the 

salt effect (study 1), the study of the influence of different inorganic salts 

(study 2), the study of the influence of pH & salt (study 3), and the study 

of the influence of spermine concentration (study 4). For these studies, 

the reaction mixtures were prepared by dilution of a stock mixture of the 

corresponding BBs, ensuring no differences in concentration between the 

libraries of the same batch. The DCLs of the complex system generated 

from the mixture of 1a-f were performed at 0.5 mM of each BB in a 40 

mM BIS-Tris buffer (pH 6.5) with 25% DMSO in the presence of 0.0-2.0 

M NaCl (study 1). Likewise, solutions for the different inorganic salts 

were prepared in BIS-Tris buffer (pH 6.5) to achieve a final ionic strength 

equivalent to 1.0 M NaCl. Thus, 0.33 M final concentrations of CaCl2, 

MgCl2 or Na2SO4 were used and 0.25 M MgSO4 was employed (study 2). 

Reactions at pH 4.8 were carried out using formate buffer (study 3). For 

reactions containing spermine a stock solution of spermine (133 mM) in 

BIS-Tris buffer was adjusted to pH 6.5 with 4 M HCl (study 4). Dilutions 

from the stock solutions were employed to achieve the final 

concentrations described.  

HPLC analysis 

Once the oxidation of the free thiols was complete (typically after 24 

hours at room temperature) the reaction mixtures were analyzed by 

HPLC. The HPLC samples were prepared by adding 45 μL of the 

reaction mixture to 75 μL of a solution of 89% H2O, 10% CH3CN and 1% 

TFA. For the chromatographic analysis of the DCLs we utilized a 

reversed-phase kromaphase C18 (25 x 0.46 cm, 5μm) column. (CH3CN + 

20 mM HCOOH and H2O + 20 mM HCOOH) mixtures at 1 mL/min were 

used as mobile phase and the monitoring wavelength was set at 254 nm. 

The gradient program used was: 10 min at 2% CH3CN in H2O, then linear 

gradient from 2% to 40% CH3CN over 62 min (both CH3CN and H2O 

containing 20 mM HCOOH). 

Chemometric analysis 

Data pretreatment: First, elution profiles were imported to Matlab 

environment (The Mathworks Inc. Natick, MA, USA). For every sample, 

one vector of absorbance intensities measured at the wavelength of 254 

nm with as many variables as measured elution times was generated. In 

order to create a matrix of absorbance intensity vectors, elution times 

were interpolated. A I-by-J matrix (42 samples and 1,100 elution times) 

was generated. Regions where macrocycles did not elute were excluded 

from the analysis. Baseline correction was performed using the 

Automatic Weighted Least Squares algorithm from the PLS toolbox 8.0.2 

(Eigenvector Research Inc., Wenatchee, WA, USA). Chromatograms 

from samples of study 1 (salt effect) and of study 4 (spermine) were 

aligned at the same time axis with the icoshift algorithm[34]. Samples of 

study 2 (inorganic salts) and study 3 (the combined effect of pH and salt) 

were aligned separately using the same algorithm. Thus, three resulting 

data matrices (one per alignment) were obtained. Each chromatogram 

was normalized to its total area. The three resulting matrices contain as 

many rows as samples, and J = 600 measured elution times per sample 

(in columns). In addition, for each data matrix, integration of the individual 

peak areas relative to the 6 possible families of macrocyclic dimers (F+,+, 

F+,0, F0,0, F+,-, F0,- and F-,-) was performed by the sum of the peak 

intensities that define each given family of dimers. With the resulting 

integrals, peak area data matrices with as many rows as samples, and of 

J=6 variables (one variable per peak integral or family, in columns) were 

created. 

Principal Component Analysis: Principal Component Analysis (PCA)[30] 

was applied to the auto-scaled peak area data matrices. The goal of this 

analysis was to provide an initial qualitative observation of the 

reassembling patterns (composition changes) of the differently charged 

macrocycle dimers of the DCL and to determine which macrocycle 

families were more influenced by the triggering factors (salinity, ionic 

strength, ionic charge, spermine concentration, and pH). PCA produces a 

reduced number of new orthogonal variables (or principal components, 

PCs), built from linear combination of the original variables, which keep 

most of the original data variance. This compression is achieved by 

means of a bilinear decomposition of the raw data into two factor 

matrices: the matrix of scores and the matrix of loadings. The scores give 

information about how the data samples are distributed in the new 

orthogonal space defined by the PCs. By visualizing the sample scores 

using scatter plots it is possible to elucidate the similarities among 

samples (i.e. closer samples will have similar scores, and hence, similar 

variances within the studied set of samples). The loadings give 

information about what is the contribution of the original variables in the 

new orthogonal space defined by the PCs. PCA was performed using the 

PLS toolbox 8.0.2 under Matlab environment. 

Multivariate Curve Resolution by Alternating Least Squares: In order 

to resolve the main composition changes and patterns of the DCL 

triggered by the changes in different experimental conditions (ionic 

strength, salt, pH, spermine, etc.), the chromatographic data sets 

obtained in these experiments were examined by the Multivariate Curve 

Resolution by Alternating Least Squares (MCR-ALS) method[31b] using 

the MCR-ALS GUI 2.0[35] under Matlab environment. MCR-ALS is a 

chemometric data analysis method which decomposes a given data 

matrix in the product of two factor matrices using the following bilinear 

model (Eqn.1):  

X = GFT + E         (Eqn.1) 

Here the data matrix X (I, J) contains the set of I chromatograms with J 

elution times obtained in the analysis of the DCL mixtures at the different 

conditions (ionic strength, salt, pH, spermine). In this particular case, 

MCR-ALS gives two factor matrices, FT (N, J) and G (I, N). The 

chromatographic profiles (row vectors) in FT reveal the changes in the 

composition of the different library components associated to the stimuli 

(states of the library), since every peak in FT can be related to one 

member of the library. On the other hand, G shows the relative 

contribution of these changes in the chromatographic profiles for every 

sample. N represents the number of components (or states) used in the 

decomposition generated in the MCR-ALS analysis. N can be initially 

estimated by using a singular value decomposition (SVD).[36]. E matrix 

(size I, J) contains the residual information not explained by the model 

using the N considered components. The estimation of G and FT factor 

matrices was performed by means of an alternating least squares 

optimization (ALS) under constraints. In this work, for the analysis of 
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individual datasets corresponding to the investigation of the changes 

produced by one of the factors (ionic strength, pH, spermine), non-

negativity constraints were applied on both G and FT factor matrices as 

well as a closure constraint on G matrix that fixes a constant mass 

balance[31a] in the sum of the DCL contributions on every sample. On the 

other hand, for the simultaneous MCR-ALS analysis of the combined 

HPLCNaCl+HPLCspermine data set, non-negativity constraints on both G and 

FT factor matrices and a selectivity constraint were imposed. This 

selectivity constraint was used to separate the contribution related to the 

presence of spermine (which is not present in samples treated only with 

NaCl). Thus, the combined dataset was set to be modelled with three 

components, where two of them were common for the two subsets, and 

the third one related to the possible spermine supramolecular interaction 

only has non-zero values in the HPLCspermine dataset. The quality of the 

MCR-ALS model was measured by evaluating by the percent of 

explained variance (R2).[35] 
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