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Abstract
Background
Ionic liquids (ILs) found a variety of applications in today’s chemistry. Since their properties depend on the ions constituting particular ionic liquid, it is possible to synthetize IL with desired specification, dependently on its further function. However, this task is not trivial, since knowledge regarding the influence of particular ion on the property of concern is crucial. Therefore, there is a strong need for new, fast and inexpensive methods supporting the process of ionic liquids’ design, making it possible to predefine IL’s properties even before the synthesis.

Results
We have developed a simple tool (called Ionic Liquid PhysicoChemical predictor: ILPC) that allows for the simultaneous qualitative prediction of four physicochemical properties of ionic liquids: viscosity, n-octanol–water partition coefficient, solubility and enthalpy of fusion. By the means of Principal Component Analysis, we studied 172 ILs and defined distribution trends of those four properties, dependently on the ILs structures. We proved that the qualitative prediction of mentioned properties could be performed on the basis of most simple information we can deliver about ILs, which are their molecular formulas.

Conclusions
Created tool presented in this paper allows fast, pre-synthesis screening of ILs, with the omission of any experimental steps. It can be helpful in the process of designing ILs with preferred properties. We proved that the information encrypted in molecular formula of ionic liquid could be a valuable source of knowledge regarding the IL’s viscosity, n-octanol–water partition coefficient, solubility and enthalpy of fusion. Moreover, we proved that the influence of both ions, constituting the IL, on each of those four properties indicates same, additive trend.[image: A13321_2016_152_Figa_HTML.gif]
Graphical AbstractSchematic representation of ILPC performance - the exact position of the ionic liquid on the linear map is determined by its chemical structure
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Background
Ionic Liquids (ILs) are commonly used in a variety of modern applications, with their popularity continuing to increase. In the past several years, we have witnessed a significant step forward in the field of their application [1–9]. Moreover, the amount of available data regarding ILs properties has increased significantly, as has our understanding of their toxicity and behavior in the environment [10–17]. Nevertheless, the field of ILs properties still requires a lot of research, so that the use of those compounds can be considered thoughtful and safe. In our approach, we try to contribute to the increase of this knowledge by the means of chemometrical analyses.
One of the most important aspects of the phenomenon of widespread ILs’ use is that the properties of these materials can be adjusted to the needs of the specific application. Depending on the specific ions that we choose as the constituents of the IL, we can synthesize a variety of ILs with different characteristics and properties. This is one of the most promising aspects of the chemistry of ILs. However, the ability to adjust their properties for the desired purpose is only possible after a series of experiments determining which structural features are responsible for the selected property. These types of screening tests are very time-consuming and expensive. To overcome this problem, we must develop and apply comprehensive computational tools for quick, cheap and rational assessment of the IL’s properties and risk posed to the environment by novel ILs. It is worth noting that with increasing knowledge of the behavior of ILs, a significant opportunity for theoretical screening studies is currently being created. Blank spots, which are still widely present on the map of our knowledge of ILs, can slowly be filled by observations and pattern analysis, coming from the statistical methods of computational chemistry [18].
The chemometric approach to this matter assumes the analysis of existing data and the use of the results for the systematization of knowledge or even for the prediction of nonexistent data. In our work, we mainly focus on the relationship between the structural features and unique properties of ILs. Using chemometric analysis, we can provide a large amount of useful information, and most importantly, we can identify which aspect of the structure is responsible for the IL property or behavior of interest. In some cases, we can even identify how modification of the structure impacts the property of interest.
In our previous work, we successfully applied a similar approach to determine the relationship between ILs’ structure and their toxicological potential [19]. Our earlier findings allowed us to note several structural features that are crucial for the toxicity of ILs against different organisms. In this work, we have focused on four different physicochemical properties: the viscosity (η), n-octanol–water partition coefficient (KOW), water solubility (S) and enthalpy of fusion (ΔHF), and their relationship with the ILs’ structure.
Ability of predefining ILs properties (both physicochemical and toxicological) can considerably reduce both costs and time of synthetizing new, safe and well performing ionic liquids. Knowledge that can be obtained as a result of theoretical predictions can significantly affect the process of designing new, safer ionic liquids, with properties more accurately corresponding to users needs.
In this work we have attempted to create a simple tool for the determination of IL properties based on their structures (ILPC—Ionic Liquids PhysicoChemical predictor). Information delivered by our tool can be further used in the considerations about particular ILs’ application and safety.

Results and discussion
In order to develop a tool capable of predicting IL’s physicochemical properties, we conducted a series of pre steps essential for the tool’s development. Initial stages included data collecting as well as translating the structural features of ionic liquids into the simple and mathematically expressible form. Than, we performed a series of PCA analyses, which were in fact the most crucial for the ILPC performance. The workflow is presented on the scheme (Fig. 1).[image: A13321_2016_152_Fig1_HTML.gif]
Fig. 1Schematic workflow




                     
The main idea of ILPC predictor is bases on the ability of quick and efficient analysis of ILs’ properties, depending on their structural diversity. Finding the relationship between those two factors is therefore crucial for the tool’s development. Employing PCA technique seemed to be a promising way of reducing the informational excess with simultaneous definition of structural features responsible for IL’s physicochemical properties.
The first step of our work was to explore the “chemical space” of structurally diversified ILs (Table 1) and to identify the structural features of anions and cations that are responsible for the observed physical/chemical properties: η, KOW, S and ΔHF. Then, based on the identified relationships, we developed a practical tool for estimating IL properties based on their structure.Table 1Physicochemical properties investigated in this study; each column contains the number of data points collected for each ILs’ class along with the overall sum of data points


	 	Viscosity (cPa)
	KOW (−)
	Solubility (g/L)
	Enthalpy of fusion (kJ/mol)

	Imidazolium
	20
	20
	6
	7

	Ammonium
	24
	7
	1
	4

	Phosphonium
	46
	0
	0
	0

	Pyridinium
	23
	1
	8
	13

	Pyrrolidinium
	5
	0
	1
	1

	Sulfonium
	8
	0
	3
	5

	Sum
	126
	28
	19
	30




                     
We decided to include ILs from an array of common structural sub-groups (e.g., imidazolium, ammonium, phosphonium, pyridinium, pyrrolidinium, sulfonium) for each analysis because we wanted to ensure the global relevance of our results. This means that the model should describe the general behavior of ILs rather than the behavior of specific IL sub-groups. Moreover, having a wider set of diversified compounds increases the probability of identifying significant trends in the properties that might be structure-dependent.
How are the studied ILs distributed in the space of their structural descriptors?
We started by exploring the distribution of the studied ILs in the multidimensional space of their chemical features, described by molecular descriptors. Molecular descriptors are used to numerically express various aspects of cation and anion structures (e.g., numbers of atoms, bonds, substituents, molecular size, shape, etc.). As such, every IL is described by a series of molecular descriptors. These data can be compiled within a table, in which rows represent particular ILs and columns represent descriptors. The same can be presented as a scatter plot, in which every single point represents one ionic liquid and the values of molecular descriptors are the Cartesian coordinates along the particular dimensions (descriptors). Ionic liquids that possess similar structures are located close to each other and may form small groups or so-called “clusters.”
First, we performed a series of PCA analyses for the entire set of 172 ILs with the entire range of cation descriptors and anion descriptors (1462 for each ion), to find the most diversified distribution of ILs. However, the results were not satisfactory, so we decided to reduce the descriptors set. Therefore, we performed further PCA analyses for each of 19 groups of descriptors from Table 2 (using both cation and anion descriptors). The constitutional indices (82 descriptors) gave the best results for all studied ILs (Fig. 2:I), diversifying them into easily interpretable clusters (see the following paragraph) identified with use of Hierarchical Cluster Analysis (see the Additional file 1 for the detailed results). We expected such diversification to be very useful in the further analysis of ILPC results, as all the clusters had unique and noticeable characters (see the following paragraph).Table 2Groups and numbers of calculated descriptors for each ion [58]


	Group
	Number of cation descriptors
	Number of anion descriptors
	Total

	Constitutional indices
	41
	41
	82

	Ring descriptors
	18
	18
	36

	Topological indices
	69
	69
	138

	Walk and path counts
	44
	44
	88

	Information indices
	46
	46
	92

	2D autocorrelations
	149
	149
	298

	Burden eigenvalues
	64
	64
	128

	Geometrical descriptors
	26
	26
	52

	RDF descriptors
	150
	150
	300

	3D MoRSE descriptors
	160
	160
	320

	WHIM descriptors
	82
	82
	164

	GATEWAY descriptors
	208
	208
	416

	Randic molecular profiles
	41
	41
	82

	Functional group counts
	26
	26
	52

	Atom-centered fragments
	36
	36
	72

	Atom-type E-state indices
	36
	36
	72

	CATS 2D
	62
	62
	124

	2D atom pairs
	193
	193
	386

	3D atom pairs
	11
	11
	22

	Sum
	1462
	1462
	2924




                           [image: A13321_2016_152_Fig2_HTML.gif]
Fig. 2Three scatter plots representing 172 ILs in the space of two PCs. I Structural similarities among ILs in the space of constitutional indices. II Clusters of ILs determined within the space of constitutional descriptors. III Scheme of the structure/size of ILs in particular clusters within the space of two PCs




                        
At this stage, we attempted to determine for which group of descriptors (and by that we mean for which particular structural properties) the distribution of ILs on the PC scatter plot is in good accordance with the distribution of the physicochemical property values (marked as colored dots; see the methodology paragraph for details). In this case, constitutional indices also provided very good results for all studied properties (Fig. 2:I). This group of descriptors turned out to be the most useful for the purpose of ILPC tool development, both in terms of diversifying ionic liquids and underlying the correlation of their structure and properties. Thus, we continued our analysis by taking only this set of results into account.

How are ILs distributed in the space of constitutional descriptors? The general results of PCA
While developing the ILPC, we focused on the fact that all the findings concerning ILs’ distribution on the linear map should be easily interpretable, in order to provide better understanding of the observed phenomenon of structure property relationship. Therefore, the next step was to interpret the particular PCs while trying to classify the studied ILs based on their structural similarities using constitutional descriptors (82 indices in total). A plot showing the distribution of all 172 ILs in the space of the first two PCs is presented in Fig. 2:I. The first PC (PC1) explains 52.85 % of the variation described by the original set of variables, whereas the second PC (PC2) explains 37.24 %. Thus, as a result of the PC analysis, we reduced the space of the original 82 variables describing ILs to only 2, preserving 90.09 % of the initial variation.
As described in the Methodology section, a PC is a linear combination of the original variables, which have different contributions to the PC’s final form. According to Malinowski’s rule, if the absolute value of the correlation between the original variable and the PC (normalized loading) exceeds 0.7, this variable is considered to have a significant influence on the form of the PC. In this manner, one can give a physical interpretation of the PC. The contribution of each variable describing a particular PC in this work is presented in Fig. 3.[image: A13321_2016_152_Fig3_HTML.gif]
Fig. 3Correlation coefficients between a particular constitutional descriptor and either PC1 or PC2. Values marked in blue are significant in particular PCs and determined the physical interpretation of these PC. * The correlation coefficient could not be calculated because the values of the molecular descriptors were constant




                        
Along with the loading values, we determined the descriptors that have the most influence on the first PC. There were nine descriptors referring to cations and anions (SeC, SeA, SpC, SpA, SiC, SiA, nATC, nATA, nBTC, nBTA, RBNC, RBNA, nHC, nHA, nCC, nCA, nCsp3C and nCsp3A), two descriptors referring to cations (MWC and RBFC) and one referring to anions (H %A). All correlation coefficients are positive; therefore, the value of PC1 increases with an increase in the descriptors’ values.
In general, the results indicate that first principal component (PC1) represents the size of the ions in the liquid. It is best seen in case of cation’s descriptors, in which we observe a high correlation between the PC1 and mass defining MWC (molecular weight) descriptor. The descriptors nATC/nATA (the total number of atoms), nBTC/nBTA (the total number of bonds), RBNC/RBNA (the total number of rotatable bonds), nHC/nHA (the total number of hydrogen atoms) and nCC/nCA (the total number of carbon atoms) are also closely related to the size of the particles. Additionally, RBNC/RBNA descriptors along with RBFC descriptor (rotatable bonds fraction) also indicate the level of saturation in the particles. The descriptors SeC, SeA, SpC, SpA, SiC and SiA describe the cumulative electronegativity, polarizability and ionization potential of the atoms that constitute the molecules. They are also directly related to ionic size. In addition, these descriptors differentiate ions with similar size, distinguishing them by their constituent atoms. PC1 values are higher for ions consisting of atoms that have higher polarizability, electronegativity and ionization potential. Since nCC/nCA and nHC/nHA descriptors also have a large contribution to the form of PC1, we can conclude that PC1 value will be higher for ILs consisting of organic ions. In case of anions, it is also proven by the contribution of H %A (percentage of H atoms) descriptor. The last descriptors with a significant impact on the PC1 form are nCsp3C and nCsp3A (the total number of carbon atoms of sp3 hybridization, for both cations and anions). Thus, PC1 will be higher for saturated compounds than for unsaturated or ring-containing compounds.
In contrast, the second principal component (PC2) includes only anionic descriptors: MWA, the molecular weight; nSKA, the number of non-H atoms; nBOA, the number of non-H bonds; SCBOA, the sum of conventional bonds (H-depleted); nDBA, number of double bonds; nOA, the number of oxygen atoms; nSA, the number of sulfur atoms; nFA, the number of fluorine atoms; and nHetA, the number of heteroatoms. They all describe the size of ions, excluding hydrogen atoms from the description. Therefore, it is readily apparent that ILs with a high content of non-hydrogen atoms, with particular emphasis on oxygen, sulfur and fluorine, also indicate higher values ​​of PC2. In case of PC2, cations were not recognized as having a major influence on its values.
While analyzing the scatter plot, it can be seen that within the space of constitutional indices, the ILs form distinct, separate clusters, what was also confirmed by HCA results. We have marked the clusters as different shapes (Fig. 2:II, III). We compared liquids from different clusters with each other by their structure. It was observed that the ILs possesses several common features, which give each cluster a unique character. Our observations were in good accordance with our previous interpretation of the PC’s meaning. The descriptions of the formed clusters are as follows: cluster A: contains all the ILs consisting of relatively small cations (such as imidazolium, pyridinium, pyrrolidinium) and halogen ions; cluster B: cations of similar size to cations from cluster A but with larger anions (tetrafluoroborate, hexafluorophosphate, ions containing sulfur); cluster C: ILs with cations similar to those from clusters A and B, all containing bis(trifluoromethylsulfonyl)imide (TFSI) as an anion; cluster D: ILs with large cations, mostly ammonium and phosphonium, with long alkyl chains attached and in which anions are mostly amino acids, although some are also similar to those of cluster B; cluster E: ILs with large phosphonium cations with long alkyl chains and large amino acid anions; and cluster F: ILs with large cations and halogens as anions.

Exploration of the physicochemical properties of ILs
We followed the detailed description of the PCA results with an approach in which each value of the specific physicochemical properties was a colored dot on the plot of PC1 vs. PC2 (Fig. 4:I–IV, where each color corresponds to the standardized values of the tested property, Fig. 4:V). This methodology was intended to demonstrate the change in the value of a property in the area of structural changes. For a detailed description of this method, please refer to the Methodology section. The findings yielded by this approach (represented in Fig. 4:I–IV) along with the simple theoretical explanation are described below. These general conclusions are also a key to interpret the results obtained with the ILPC. All the remarks are helpful with the understanding of the ILPC final performance.[image: A13321_2016_152_Fig4_HTML.gif]
Fig. 4Scatter plots representing 17 ILs in the space of PC1 and PC2. Colored dots represent the values of the analyzed property: I viscosity, II KOW, III solubility in water, IV enthalpy of fusion, V scheme of color ranges used to represent the standardized physicochemical properties of ILs




                        
Exploration of ILs’ viscosity in the space of constitutional descriptors
Viscosity (Fig. 4:I) is the physicochemical property for which we had the widest set of literature data available. Therefore, the trends in this plot are the most readily visible. Previous reports suggest that the viscosity of an IL is strongly connected to its intermolecular forces, which depend mainly on hydrogen bond formation [20]. Unfortunately, this type of intermolecular relation is not covered by our set of molecular descriptors. However, the results (trends of the viscosity values) that we observed were very satisfying. Our first observation is that the viscosity rises with increasing PC1 values and decreasing PC2 values. From this information, we infer that larger cations and anions with more saturated and longer alkyl chains create more viscous ILs. Larger alkyl chains have strong affinity for each other and are more likely to create hydrogen bonds. Although constitutional indices were used as molecular descriptors, we do not directly refer to intermolecular forces; instead, we treat their relation to cation size as a simplified but reasonable explanation. Our results are also in good accordance with previous experimental findings, suggesting that long alkyl chains increase IL viscosity due to significantly increased steric hindrance [21–23]. In addition, it has been previously reported that the TFSI anion also reduces the viscosity of ILs [23]. This finding was confirmed by our results, in which cluster C (TFSI-containing ILs) appears to exhibit the lowest viscosity.
The IL’s assignment to the particular cluster can also be a useful indicator suggesting its viscosity value. ILs that belong to the clusters A, B or C are more likely to indicate lower viscosity values than ILs from clusters D, E or F.

Exploration of ILs’ KOW in the space of constitutional descriptors
The n-octanol–water partition coefficient (KOW) (Fig. 4:II) was the second physicochemical property that we tested in this work. This property, which is defined as the ratio of a compound’s solubility in polar and nonpolar solvents, is directly connected to the solvation process. In general, solvation depends mostly on intermolecular forces, such as electrostatic and van der Waals forces or hydrogen bond formation [24].
As in the previous case (viscosity), our descriptors do not directly describe the ability of particles to interact with each other; therefore, no information regarding the intermolecular forces that arise in the IL are delivered by constitutional indices. However, we can try to relate the descriptors from our set to the more complex properties of the molecules, thereby indirectly describe ionic interactions. As previously noted, PC1 is strongly connected to the number of carbon atoms in sp3 hybridization and the number of hydrogen atoms in both ions. This suggests that the value of PC1 is higher for molecules that contain long, saturated alkyl chains. The presence of alkyl chains as substituents in the ions suggests that they will have greater hydrophobic characteristics and therefore indicates stronger attraction to nonpolar solvents, such as n-octanol, due to electrostatic forces. Increasing the length of the alkyl chains also reduces any disproportionality of charge distribution in the molecule. As a result, ion solvation by the polar solvent’s particles will be weakened, reducing the solubility of the ILs in polar solvents.
Although the range of KOW values collected from the literature was smaller than the values obtained for the viscosity, a noticeable trend can nonetheless still be seen in the changes. We observed that values of KOW changes proportionally to the values of PC1. For increasing cation/anion size, the corresponding polarity decreases (the charge is less influent, i.e., more delocalized); in addition, the cation/anion possesses greater hydrophobic characteristics, so the value of KOW increases. Our conclusions are in good accordance with previous findings [25–27].

Exploration of ILs’ solubility in the space of constitutional descriptors
Third analysis was conducted to assess the ILs’ water solubility (Fig. 4:III). As expected, the trend observed for changes in aqueous solubility is opposite to that of KOW. Although the availability of experimental values for this property was rather small, the trends that we observed were very explicit. As in the previous case (KOW), PC1 was found to differentiate the ILs by solubility. Additionally, the influence of PC2 is also noticeable. Solubility is basically governed by the same phenomenon that KOW coefficient is. As mentioned before, the dissolution process is mostly connected to electrostatic forces, van der Waals forces and hydrogen bond formation. Smaller ions are usually less hydrophobic than long ones; therefore, polar solvents, such as water, can better dissolve small-molecule ILs. This trend is very well described by PC1. In addition, based on theoretical calculations, Zhou et al. [28] grouped anions constituting ILs by their contribution to IL solubility in water. In our analysis, the solubility trend described by PC2 (which defines the structures of the anions) is very similar to the findings presented by these authors. The smallest values of water solubility were found for ILs in cluster A (the lowest values of PC2, ILs containing halogen atoms) through cluster B (middle PC2 values, average sized anions containing nitrogen and sulfur) to cluster C (highest values of PC2, only TFSI anions). Also in this case, our simplified approach to structural description yielded satisfying results for the physicochemical property analysis.

Exploration of ILs’ enthalpy of fusion in the space of constitutional descriptors
The enthalpy of fusion (Fig. 4:IV) is a property that describes how much energy is needed to transform a solid-state compound into a liquid state. Similar to every other property taken into account in this study, it is directly related to the intermolecular relations between ions constituting ILs. The value of ΔHF is normally considered to be the effect of molecular packing in crystals [29] or hydrogen bond formation [30]. Due to the reasons discussed earlier (the specific nature of the descriptors used here), we can only provide a simplified explanation of the trends observed in our data set. We found that ionic liquids consisting of larger, more complex ions were recognized to have higher values of ΔHF. This time, the trends were mostly dependent on the values of PC2, which describes anion size. On the linear map, ILs with the highest values of ΔHF are located in cluster C, while those with the smallest values of ΔHF are located in cluster A.
The size of the anion in a particular IL is usually smaller than that of the cation. Because changes in anion size appear to follow the trend of ΔHF change, this may suggest that with decreasing dissimilarity among ion sizes, the distribution of each ion within the IL becomes more organized, while the energy required for transformation into an irregular manner of liquid phase increases. This could also be connected to the IL’s decreasing ability to create hydrogen bonds under such conditions, as observed in Zhou et al. [28].

Further exploration of the trends with use of the theoretically derived data
During the initial stage of our work, we dealt with modest data accessibility for three out of four properties of our interest (KOW, S and ΔHF). In order to verify, if our findings based on the limited amount of experimental data are correct, we additionally performed a further analysis basing on the computationally derived information about IL’s properties.
We employed three QSPR models in order to fulfill the lacking information. For the KOW prediction, we employed the model previously developed and published by our team [31]. Solubility predictions (here expressed as a mole fraction) were based on the model developed by Freire et al. [25]. The third model—allowing for ΔHF predictions for ILs, was developed as a part of this work due to the lack of similar models in the literature (see Supporting Material for details concerning QSPR models). In case of KOW and ΔHF, we verified the reliability of predictions by analyzing the tested ILs relation with model’s applicability domain—AD (which is a theoretical space containing compounds for which the predictions are most plausible). We were however unable to determine solubility model’s AD. To overcome this problem we decided to verify the model’s performance differently. We compared the results from solubility predictions with all the predictions obtained for KOW, assuming that the modeled values should indicate opposite trends. Knowing that both QSPR models were developed for different set of ILs and with use of different set of molecular descriptors, opposite trends would confirm well performance of both models for the entire dataset. The results were indeed satisfactory; therefore we used all data predicted by KOW model and S model to the further analysis.
Figure 5:I–IV shows the results of trends analysis performed on the enhanced data set. In both cases of KOW and S, the trends identified on the basis of the experimental results are in the agreement with trends identified on the computationally derived data (Fig. 5:II, III). Both the KOW and the S value’s changes are proportional to the values of the PC1. Moreover, they exhibit opposite correlation with PC1, as expected. PCA performed on the experimental data of solubility also indicated a visible trend of change with respect to PC2. In the case of analysis performed on computational data, this trend cannot be easily noticed. This is because the area of the plot covered by ILs with experimental data available (clusters A, B and C) is now covered by ILs with data classified mostly to the same range and having the same color on the plot. For the ILs with PC1 values higher than about 0, the mentioned trend seems to be opposite. This is the area covered by ILs containing big cations. We think that the influence of cation is dominating for those ILs and therefore ILs from clusters D, E and F are not in the agreement with the PC2 dependent trend noticed for experimental data. The trend of KOW change is more noticeably dependent on PC2 for the experimental data (opposite to solubility trend as expected) but not really noticeable for computational data. In the second case, each values range (marked as a separate color) seems to cover an entire range of PC2 values. This may indicate that cation’s influence on KOW is bigger than on solubility, and therefore property’s dependence on PC2 (that describes mostly anion’s size) is not visible for KOW. For the last property (ΔHF—Fig. 5:IV), the trend was slightly different than in our previous findings however still revealed dependence of the of the ΔHF values on the IL’s assignment to a specific data cluster. Basing on those results we can conclude that among ILs, those from cluster C are more likely to have a higher ΔHF value. It also seems that ILs with halogen as an anion never reaches relatively high ΔHF values. Therefore this is less likely for ILs form cluster A or F to indicate high enthalpy of fusion. ILs from cluster B, D or E has both low and high ΔHF values of and it is difficult to find a trend for them. Nevertheless, although we did not confirm previous findings we still consider the information we extracted as valuable only with the smaller certainty.[image: A13321_2016_152_Fig5_HTML.gif]
Fig. 5Scatter plots representing 172 ILs in the space of PC1 and PC2 based on the enhanced set of data. Colored dots represent the values of the analyzed property: I viscosity, II KOW, III solubility in water, IV enthalpy of fusion




                           

Exploration of the physicochemical properties of ILs: a summary
Most of the results reported here are in good agreement with our expectations based on theoretical knowledge [21–23, 25, 26, 28], but the main achievement is that these observations are now related to a simple measure, the size of the ions of an IL. The various aspects of an IL structure that are known to influence its properties are now simplified to one common measure. As a result, after exploring the trends for each of the four physicochemical properties, it was possible to present the findings in the corporate plot shown in Fig. 6. The fact that all these physicochemical properties yielded satisfying results (noticeable trends) for the same set of descriptors has created additional opportunities: as seen in Fig. 6, it is possible to perform only one analysis to summarize four different physicochemical properties of the studied ILs.[image: A13321_2016_152_Fig6_HTML.gif]
Fig. 6Diagram representing changes observed in the physicochemical properties of the ILs, within the space of two PCs




                           


Ionic Liquid PhysicoChemical (ILPC) predictor: a tool for the initial screening of IL properties
All chemometric methods are tools for providing additional information that otherwise is concealed under unnecessary and unwanted “informational noise”. Uncovering initially unnoticeable facts, as well as simplifying the dimensionality of the problem, is what chemometrics are primarily used for, we were finally managed to develop the ILPC tool. As mentioned before, it is designed to provide additional specific information about ILs based on the simplest information we can extract from the structure of the IL.
The ILPC predictor we present is a simple tool for predefining the physicochemical properties of an IL. Based on the molecular formula of the ions constituting ILs, one can calculate the set of constitutional descriptors. This is the first advantage of using ILPC: because 0D constitutional descriptors are easy to obtain, there is no need for the user to have precise knowledge of the calculation used for molecular indices. Such descriptors can thereafter be used to present the tested IL in the space of the 1st versus the 2nd PC on an ILPC scatter plot, which is the main deliverable of the proposed tool. Figure 7 provides an example of the ILPC’s performance. Using this paper as an interpretation guideline, one can define the properties of the tested IL and then classify it into one of the 6 structural clusters, qualitatively answering questions regarding its expected properties, such as the viscosity, n-octanol–water partition coefficient, solubility and enthalpy of fusion. Moreover, one can use this tool to compare ILs with each other. Basically, 10 slots are available for the comparison of different ILs, although the tool’s options can be extended to cover any number that the user requires. The methodological procedure that should be followed when using this tool is very simple (see the Additional file 1 for details).[image: A13321_2016_152_Fig7_HTML.gif]
Fig. 7An example of ILPC performance




                        
ILPC can be very useful in the IL design process. With no need of experimental characterisation of particular IL to predict its properties by ILPC, one can select several sets of different ionic combinations and then choose the IL with the properties closest to those desired. In addition, Fig. 6 contains names of descriptors having the major influence on PCs’ values. One can use this information as a guideline, indicating which particular feature of IL should be kept on high/low level in order to create an IL characterized by desired properties. This particular use of ILPC is the most important because it allows for greater experimentalist awareness in the synthesis of ILs.
The complete guidelines for the use of ILCP are given in the Additional file 1. The SM also contains all the measures needed for the ILCP tool to perform properly.


Conclusions
In this work, we have presented a tool for qualitative assessment of the physicochemical properties of ILs that relies only on the chemical formulas of the ions. The applied approach showed that there are clear trends for the varying values of different physicochemical properties (i.e., the viscosity, n-octanol–water partition coefficient, solubility and enthalpy of fusion) depending on the size of the ions, their degree of saturation, their nature (organic/inorganic) and the contents of the various elements in the anions (other than H, mostly sulfur and fluorine). We created a linear map that presents the mutual relationship within a wide range of ILs while maintaining a very high degree of variation (90.09 %). Additionally, our findings concerning the structure-properties relationship based on the experimental data were also confirmed by analysis performed with use of the computationally derived data.
Although the obtained results mainly confirmed our theoretical presumptions, they also made possible the deduction that in the case of these four characteristics, the impact of the ions is additive rather than opposite (PC1 and PC2 were positively correlated with the descriptors). In addition, the graphical presentation of such results can better expose the relationship between different groups of ILs, while systematizing knowledge about their properties.
The most important feature of the tool is that it is possible to carry out the analysis without carrying out experiments or even synthesizing the target IL. The only required information is the chemical formula of the two ions constituting the IL. Moreover, the ILPC predictor allows for simultaneous comparisons of a greater number of ILs with each other, so if one tries to obtain a liquid with the assumed characteristics, then the entire set can be analyzed, allowing the investigator to choose the IL that will best suit the particular needs of the application. The main obstacle standing in the way of ILPC improvement is the lack of satisfying amounts of experimental data describing IL properties. In the future, modification of the current version of ILPC is planned as the availability of new data increases. New data will be included in the analysis; thus, the obtained trends will be described as a function of the particular characteristics of the structure and will become increasingly more accurate and reliable. With the development of these tools, we hope to eventually move from qualitative descriptions of selected properties to their quantitative description.

Methods
Experimental data
The data used in our work were drawn from the database developed in an earlier stage of our project (http://​db.​qsar.​eu.​org) [32]. This database was created based on experimental data available in the literature and other open-access databases. It contains information about different IL properties, both physicochemical and toxicological. When filling the database, only high-quality experimental data were utilized (results for a series of ILs that have been obtained under the same conditions and with the use of the same protocol). In addition, all entries in our database were evaluated according to the Klimish scale to determine their reliability [33]. To each entry, we assigned a different range (from 1, highest reliability, to 4, lowest reliability). The data used in this work had a quality no lower than 3.
In this study, we used a set of 172 ILs, consisting of six different types of cations (namely, imidazolium, ammonium, phosphonium, pyridinium, pyrrolidinium and sulfonium; see Fig. 8) and 38 different anions (halogens, fluor-based, sulfur-based, amino acid-like, etc.; list of ions constituting all tested ILs can be found in the Additional file 1). We focused on four different physicochemical properties: the viscosity [η], n-octanol–water partition coefficient [log KOW], solubility [S] and enthalpy of fusion [ΔHF]. The number of data points for each IL sub-group is presented in Table 1. A complete list of all 172 ILs investigated in this study can be found in the Additional file 1.[image: A13321_2016_152_Fig8_HTML.gif]
Fig. 8Schematic structures representing cations of each IL sub-group tested in this work: a imidazolium, b ammonium, c phosphonium, d pyridinium, e pyrrolidinium, and f sulfonium




                        

Optimization of IL’s structures
Our approach assumed the sufficient performance of PCA, which is described in detail in the next paragraph. It is important to note that similar to any other mathematical technique, PCA can only be performed on numerical data. To analyze structural similarities/differences between each IL and compare these findings with different properties of interest, we first had to translate their structures into numerical values. This type of translation is widely used in many theoretical studies [34–38]. It involves the calculation of so-called “molecular descriptors”.
Each molecular descriptor is a solution of a mathematical formula, in which information about the molecule’s properties (such as molecular weight, coordinates of atoms in space, structural conformation, etc.) are used as variables. Each descriptor is unique and provides different information about the molecule.
First, we created a virtual representation of both the cations and anions in every IL (of 172 total) using the MOLDEN [39] software. The files containing the 3D representations of molecules were thereafter subjected to an optimization process. The optimization process is a crucial step for calculating classes of 3D and 4D descriptors because they are based on the spatial distribution of atoms in the molecule [40]. This approach also grants repeatability to the calculations, reducing the random differences between virtual structures developed by different experimentalists or by using different programs. In this step, quantum–mechanical calculations were performed to find the spatial conformation with the lowest internal energy of the molecule. The structures of the cations and anions were optimized separately for each IL. We ran all our optimization calculations in MOPAC2012 [41] software, using the PM7 semi-empirical method [42]. Thereafter, we used DRAGON [43] software to calculate different sets of molecular descriptors. Basing on the optimized structures from the previous step, we obtained 2924 different descriptors for each IL.

Principal component analysis
Principal Component Analysis is a very popular mathematical technique, most commonly used to reduce the dimensionality of an analyzed dataset. Here, we present the general idea of PCA. Further information about this technique can be found elsewhere [44–47].
Principal Component Analysis is based on the observation that some of the features (in our case, molecular descriptors) that describe samples/cases (in our case, ILs) are correlated with each other, and according to that fact, those features carry the same information about the samples. In the initial data matrix, we can treat each feature as a separate vector, adding the same amount of information to the overall description of the samples. This amount of information is expressed as variance, and it is equal to 1 for each initial feature. By performing PCA, we can mathematically develop new, artificial features called Principal Components (PCs), which are eigenvectors of the covariance matrix, calculated from the original data matrix. In this manner, we can treat PCs as compositions containing some fragments of all initial features or, in the other words, a mixture of initial features in different proportions. The biggest advantage of PCA is that the first PC always contains the greatest amount of information (variance) that can possibly be described by one feature in the analyzed data matrix. Each subsequent PC contains the greatest amount of information not explained by the previous PC. Thus, (I) the variance of PCs can extend to a value greater than 1 (more information than any initial feature), and (II) PCs are arranged by descending variance values.
In this work, we used the PCA approach to group the studied ILs based on their structural similarity and to then identify which aspect of the structure is actually responsible for a given IL physicochemical property, as well as how its modification impacts this property. To achieve an effective presentation of IL structure in the descriptor space, we chose only the first and second PCs (score plot), in accordance with the demonstrative criterion [48]. Taking only the first two PCs for further analysis, we reduced the number of features, taking care to preserve as much information as possible. The physical interpretation of PC1 and PC2 was defined using Malinowski’s rule [49]. Within the space of the first and second PCs, we were able to create clusters of objects (ILs) (we assume that the ILs located close to each other in the projection were structurally similar). For our calculations, we used MATLAB (R2013b 8.2.0.701) software [50].

Hierarchical cluster analysis
HCA is a grouping method, which allows arranging the tested objects into clusters, basing on the mathematically derived distances between them. Selecting appropriate distance measure and clustering technique define the exact purpose of analysis. In our work we performed HCA on ILs represented on the linear maps, in order to provide some detailed information concerning their distribution. We used Euclidean distance and Ward’s clustering method. For calculations, we used MATLAB (R2013b 8.2.0.701) software [50].

Physicochemical properties representation
To perform the analysis, we transferred the collected physicochemical data into a range scale, in which the ranges corresponded to the standardized values of the tested property. Then, we assigned colors to the ranges (Fig. 4:V) and, after that, colored markers representing particular ILs on the PCA-derived score plots. This arbitrary operation was applied in order to help identifying the trends in the data distribution. Structurally driven grouping of ILs having the same distribution as the tested property (the same color markers) proves the dependence between the structure and physicochemical property.

QSPR modeling
Collected and evaluated experimental data for enthalpy of fusion (ΔHF) of 30 ILs were split into the training (to develop the QSPR model) and validation (to examine the model’s ability to predict ΔHF for compounds other than those used for the calibration) sets [51]. A table summarizing the splitting procedure can be found in the electronic Additional file 1. The search for the optimal descriptor’s combination for QSPR modeling was carried out by applying the genetic algorithm, implemented in the QSARINS software [52, 53]. The multiple linear regression (MLR) was employed as the method of modeling. The model was developed according to the golden standards and recommendations of the Organization for Economic Co-operation and Development (OECD) [54–57]. According to those principles we have calculated the measures of goodness-of-fit, robustness and predictive ability of the developed model as well as defined the applicability domain (AD). The detailed information of the model’s parameters are presented in the Additional file 1.
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