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The bimolecular nucleophilic substitution is one of the fundamental reactions in organic 

chemistry, yet there is still knowledge to be gained on the role  of the nucleophile and the substrate. 

A statistical treatment of over five hundred DFT-computed barriers for bimolecular nucleophilic 

substitution at methyl derivatives (SN2@C) leads to the identification of the numerical descriptors 

that best represent the entering and leaving ability of 23 different nucleophiles. The treatment is 
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2

based on a Singular Value Decomposition (SVD) of a matrix of computed energy barriers. The 

current work represents the extension to a problem of reactivity of the hidden descriptor 

methodology that we had previously developed for the thermodynamic problem of bond 

dissociation energies in transition metal complexes. Analysis of the results shows that a single 

descriptor is sufficient. Remarkably, this hidden descriptor has different values for entering and 

leaving abilities and, contrary to expectation, does not correlate especially well with frontier 

molecular orbitals descriptors. In contrast, it correlates with other thermodynamic and geometric 

parameters. This statistical procedure can be in principle extended to additional chemical 

fragments and other reactions.

Introduction  

Machine learning,1,2 big data,3,4 deep learning5,6 are becoming household terms in modern 

chemistry, and for good reason. The combination of data-led approaches and statistics-based 

methods is being applied with increasing success to a variety of chemical problems such as 

prediction of homolytic bond dissociation enthalpies (BDE),7 estimation of barriers for 

nucleophilic aromatic substitution (SNAr),8  and the optimization of selectivity through improved 
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design of phosphoric acid derivative catalysts for the coupling of imines and thiols.9 Our group 

has also proposed a model to estimate the nucleophilicity of the C-H bond of alkanes from the 

values of a set of six topological descriptors.10

 A variety of mathematical approaches are being applied for the treatment of data, from linear 

regression algorithms11–13 and principal component analysis (PCA)14 to methods closer to artificial 

intelligence such as neural networks15 or random forest treatments.16,17 Practically all of the 

treatments rely on the use of descriptors. The basic idea is to discover a mathematical relationship, 

between the property of interest and the descriptors, and use it to predict the value of the property 

from those of the descriptors, which are in principle easier to measure. What is a descriptor? A 

descriptor is a mathematical object that encodes chemical information of a compound. And a wide 

array of descriptors has been used, from geometrical parameters18 to electronic features19. The 

underlying assumption is often that if a sufficiently large number of descriptor sets is tested, there 

will be one, or a combination of them, which gives a good reproduction of a desired property. 

We decided a few years ago to attempt a different twist to the problem, and we applied the 

statistical treatment itself to the identification of the optimal descriptors through the analysis of a 

relatively large number of computed DFT results. In this way, the hidden descriptor (HD) method 
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4

was developed as a tool to find the best possible descriptors for a given problem,20 as opposed to 

the standard sets of conventional descriptors that are usually applied. This technique, based on a 

Singular Value Decomposition (SVD), was applied to the heterolytic bond dissociation energy 

(BDE) of ligands from transition metal complexes. The strategy resulted in the discovery that the 

binding properties of a given metal fragment or ligand can be described by a vector of five 

components. This treatment allowed us a better understanding of the thermodynamics of inorganic 

compounds in solution.

The same HD methodology is transferred to this work, but now we go one step forward analyzing 

reactivity through the energy barriers (ΔG‡) of an organic reaction, bimoleclar nucleophilic 

substitution at sp3 carbon centers (SN2@C). This is one of the best known elementary reactions in 

organic chemistry, and its mechanism, summarized in Figure 1, is well understood.  A lone pair of 

the entering group (EG) interacts with the empty σ* antibonding orbital of the leaving group (LG), 

which is polarized toward the carbon. This leads to an inversion of configuration at the central 

carbon. The profile of the reaction may have pre- or post-transition state adducts (Add1, Add2) 

depending on the nature of EG, LG and the solvent, as shown in purple in Figure 1. This mechanistic 

view has been in part shaped by computational chemistry, as the SN2 reaction was the topic of early 
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5

applications of Hartree-Fock based methods21,22 and the benchmarking of density functional theory 

(DFT) application to organic reactivity.23,24 Specific aspects of the SN2 reaction have remained the 

subject of computational studies throughout the years.25–28 In this context, the contribution from 

Bickelhaupt and co-workers has led to a better fundamental understanding of the process through 

the application different techniques, such as the activation strain model, to the analysis of trends 

involving different nucleophiles, substituents and central atoms.29 

Figure 1. Top: general reaction scheme for SN2 reactions. EG is the entering group, LG the leaving 

group, and Add1 and Add2 the reactant and product adducts, respectively. Bottom: Free energy 
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6

profile of a typical SN2@C in polar solvent (blue line), and in apolar solvent (purple line), where 

R are the reactants, TS the transition state, and P the product.

The current contribution intends to complement the previous work on fundamental aspects of 

the SN2@C reaction by analyzing trends within a wider range of nucleophiles than what had 

previously explored. We will accomplish it through the application of a statistical method, the 

hidden descriptor methodology, to reaction. For that purpose, we computed a set of 529 energy 

barriers of the SN2@C reactions in two different solvents: dichloromethane and water. 

Furthermore, we searched correlations between the derived hidden descriptors and conventional 

chemical descriptors.

 

Method for DFT calculations

DFT calculations were performed using the Gaussian 16 program.30 The geometries were 

optimized with B3LYP-D3,31,32 where empirical dispersion was added by means of Grimme 

dispersion correction.33 The 6-311+G(d)34–36 was used for all the elements except for Br and I, 

where an ECP37 together with the LANL2DZdp38 basis set was employed. Solvent effects were 

introduced using the continuous solvent model SMD39 for water and dichloromethane. Harmonic 
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7

vibrational frequencies were computed on optimized geometries with the default temperature 

(298.15K) and 1 atm of pressure. All the reported energies correspond to the free energies in 

solution and in kcal mol-1. A data set collection of computational results is available in the ioChem-

BD repository.40 

Hidden descriptor method 

Figure 2 depicts the procedure that we followed as a data workflow. It consists of these steps: 

(1) design of the data set of reactions to compute, (2) geometry optimization and frequency 

calculations for every reaction, (3) construction of the energy barrier matrix, (4) execution of a 

Python code to carry out a SVD, (5) validation of the procedure and selection of the optimal 

number of descriptors, (6) qualitative analysis of the hidden descriptor results, and (7) correlation 

between the hidden descriptors and a set of conventional chemical descriptors.
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8

Figure 2. Workflow of the protocol for obtaining hidden descriptors in SN2@C reaction. 

The first step in the treatment is the building of a matrix of free energy barriers. We chose series 

of twenty three different nucleophiles (listed below) and we computed the barriers for all 

combinations between them as entering and leaving groups from a methyl center. For each solvent 

considered, this produced a square matrix with twenty-three rows (one for each entering group) 

and twenty-three columns (one for each leaving group).

We wrote some in-house Python scripts (supplied in the SI) to perform a SVD41,42 analysis over 

the ΔG‡ matrix following the scheme presented in the Figure 3. The resulting decomposition gave 

rise to three different matrices related to: i) the entering group (EG) (red matrix in Fig. 3), ii)  the 
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weight, defined as the contribution of each hidden descriptor (W) (black matrix in Fig. 3), and iii) 

the leaving group (LGT) (blue matrix in Fig. 3). The central matrix (in black) is diagonal. 

Figure 3. Schematic representation of the hidden descriptor procedure. 

In the upper half of Figure 3, the initial Singular Value Decomposition into the product of three 

matrices is represented. This matrix product is rigorously equal to the initial matrix, albeit more 

numbers are needed. The interest of the procedure is in the truncation of the matrices (dimensional 

reduction), as shown in the lower half of Figure 3. The decomposition is hierarchical, the largest 

weight corresponds to the upper left corner of the black matrix (left part of red matrix, upper part 

of blue matrix). When we use only one element (one descriptor) from the black matrix, the 

decomposition warrants that we will obtain the best possible reproduction of the full matrix with 

a single descriptor. And this descriptor will have associated a single number from the W matrix, 

one column vector from the EG matrix and one row vector from the LGT matrix. Each of the 
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elements for these vectors representing a particular nucleophile, either as entering group or as 

leaving group. The product of the truncated matrices will not reproduce exactly the initial matrix, 

and the difference between the prediction matrix and the initial one will give an estimation of the 

validity of the number of necessary descriptors. In our previous study for the case of the BDEs in 

transition metal complexes we found that five descriptors were necessary for a proper 

reproduction20.

Results and discussion

Choice of nucleophiles

A fair election of the chemical species is critical for the application of any data-driven approach. 

Herein, 23 nucleophiles were evaluated, both as entering groups and leaving groups. They were: 

F-, Cl-, Br-, I-, HO-, MeO-, EtO-, HOO-, HC(=O)OO-, TsO-, TfO-, HS-, MeS-, EtS-, HSe-, H2N-, 

CHOHN-, (CH3)3N, H2P-, H2As-, H5C6
-, F3C-, NC-. This set was chosen after inspection of previous 

studies of this reaction.43–45 We are aware that the group undergoing the nucleophilic substitution 

plays a role,24  however, for the sake of simplicity, we only considered the methyl group as the 
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11

centre of the reaction. We combined all the entering and leaving groups resulting in a total of 529 

reactions.

Matrix of free energy barriers

We located the minima and transition states at the potential energy surface (PES) of the SN2@C 

reactions employing two solvents: water and dichloromethane (DCM), whose dielectric constants 

(ε) are quite different, 78.35 and 8.93, respectively. The calculations model the solvent using a 

continuum model; thus, explicit solvent molecules are not considered. We are aware that in water 

hydrogen bonds between solvent and solute may be important but this is out of the scope of the 

current study as we aim to study the effect of a generic highly polar solvent. 

As mentioned in the Introduction, there are two possible origins for the calculation of free energy 

barriers. We can measure them from the separate reactants (R) or from the adduct (Add), and this 

yields two different values: ΔG‡
R-TS or ΔG‡

Add-TS. The barrier ought to be measured from the lowest 

energy point, thus only the highest of these two computed energy differences will correspond to 

the true barrier. This is not known a priori, so we carried out a preliminary study with 17 

nucleophiles, reported in the Supporting Information. The conclusion was that the energy of the 
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12

adduct was above that of the separate reactants in the vast majority of cases, so we decided to focus 

our discussion on the ΔG‡
R-TS values.

Figure 4 shows a color-coded representation of the 23x23 matrix with the free energy barriers in 

water (see Supporting Information for results with ΔG‡
Add-TS). The numeric versions for the matrix 

in water and in DCM are supplied in the Supporting Information. Entering groups correspond to 

the rows in Figure 4, and leaving groups to the columns.

Figure 4. Color-coded version of the matrix of the free energy barriers from the reactants to the 

transition state (ΔG‡
R-TS).
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13

There are some observations that will be discussed in detail below that are already apparent in 

Figure 4. The color variation is dominated by columns rather than by rows, indicating a more 

important role for the leaving group. Some columns are clearly darker than others, confirming for 

instance that phenyl is a very bad leaving group, while triflate is a very good one. The range of 

values, indicated in the color code column, extends to barriers higher than 100 kcal/mol, 

hypothetical reactions that would not take place in experimental conditions. The ability of 

calculations to quantify these high barriers is an asset for the computational approach in contrast 

to eventual experimental values. Finally, the main observation is that the existence itself of trends 

is obvious, which suggests that the problem is well suited for a statistical treatment. 

Calculation of hidden descriptors 

In the next step, we computed the hidden descriptors following the same procedure outlined in 

our previous work.20 Here, the ΔG‡ij between an entering group i and a leaving group j will be the 

element in the ith row and jth column of matrix ΔG‡. As mentioned above, SVD decomposes a 

matrix into three different matrices as shown in equation 1, where n is the number of studied 

entering groups (equal to the number of leaving groups), EG, is an n × n  unitary matrix related to 
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the entering group, W, is a n × n diagonal matrix for the descriptor weights, and LGT, is a n × n 

matrix for the leaving groups.

ΔG‡
 = EGn×n  Wn×n  LG T n×n  (1)∙ ∙

ΔG‡
pred,k = НDk,EG  НDk,W  НDk,LG (2)∙ ∙

For dimensionality reduction the key parameters are the number of hidden descriptors, k, we 

want to use. Equation 2 is built by truncation of equation 1, taking the first k columns of matrix 

EG and the first k rows of matrix LGT. The optimal value for k is not defined a priori, but has to 

be adjusted to the problem at hand. The idea is to select the smallest number of descriptors able to 

reproduce with a sufficient accuracy the values of the matrix. In order to make this choice, we 

quantify the error associated to each number of descriptors. We can obtain an estimated energy 

barrier matrix (ΔG‡
pred,k) with the application of equation 2 for a given number of descriptors (k). 

The differences between the exact matrix (ΔG‡) and the estimated one (ΔG‡
pred,k), will tell which 

is the error associated to the use of a truncated number of descriptors. In our previous study on the 

thermodynamics of bond dissociation energies we found out that five descriptors were necessary. 

For the current case, the number is much smaller.
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Figure 5. Performance measures for the ΔG‡
pred,k values under DCM (purple bar and red dots) and 

water (blue bar and grey dots) as a function of the number of hidden descriptors considered (HD1-i). 

Average errors in bars and maximum error in dots (kcal/mol).

Energy differences (ΔE), root-mean-squared errors (RMSE) and mean absolute errors (MAE) 

are plotted in the Supporting Information. Figure 5 summarizes the maximum error and average 

error corresponding to the use of up to six hidden descriptors in both water and DCM. Although 

solvents are quite different, the performance measurements are similar. 

The value for zero hidden descriptors comes from using the average value of the barriers as a 

guess for each of them. The result for zero descriptors is understandably very bad, with an average 

error above 30 kcal/mol. But this error is substantially reduced by the introduction of one 

descriptor. With only one hidden descriptor, HD1, the ΔG‡
pred,k has an average error lower than 2 
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kcal/mol for both solvents, which is less than the expected error associated to some DFT 

functionals.46,47 The maximum error with the use of single descriptor is 12.4 kcal/mol for DCM 

and 10.5 kcal/mol for water. Moreover, the improvement associated to the introduction of 

additional descriptors is quite modest. Therefore, we decide that this reaction is sufficiently 

described by a single descriptor. 

The leading role of the hidden descriptor 1 is confirmed by Table 1, which shows the relative 

weight of each descriptor in the total barrier. HD1 is shown to hold roughly the 90% of the total 

barrier. The other twenty descriptors play a role, but we consider it is so small that it cannot be 

easily separated from statistical noise.

Table 1. Weight and weight% for water and DCM solvents corresponding to the diagonal values 

of the W matrices, with respect to the k number of the hidden descriptors. 

k Weight 

wáter

Weight 

% water

Weight 

DCM

Weight 

% DCM

1 1000.92 92.16 934.97 89.28

2 40.18 3.70 53.23 5.08

3 12.12 1.12 14.86 1.42

4 7.63 0.70 9.37 0.89

6 3.15 0.29 3.93 0.38
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17

8 1.99 0.18 3.03 0.29

10 1.74 0.16 2.10 0.20

15 0.81 0.07 1.06 0.10

20 0.56 0.05 0.35 0.03

23 0.04 0.00 0.07 0.01

The need for only one descriptor means that we can assign to each nucleophile two values, one 

for its entering ability, another one for its leaving ability. We can obtain a good estimate of the 

energy barrier from ΔG‡
pred = HD1EG · HD1W · HD1LG, where HD1EG and HD1LG are the hidden 

descriptor values that depends on the identity of the entering and leaving groups and HD1W is a 

constant (HD1W= 1000.92 in water and 934.97 in DCM). We expected bimolecular nucleophilic 

substitution to be a process chemically simpler than formation of a metal ligand bond, which 

required five descriptors, but were to a certain extent surprised by this result. The result indicates 

that the process is chemically simple, but it has some interesting consequences that will be 

discussed below. 

The statistical stability of our matrix of data was confirmed with a series of studies, reported in 

the SI, where the full set was divided in two subsets, and leave-one-out tests were carried out. 

Page 17 of 39

ACS Paragon Plus Environment

The Journal of Organic Chemistry

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



18

Initial analysis of descriptor HD1

We report in Table 2 the values of hidden descriptor 1 for each of the nucleophiles. We focus 

below on the values in water. Values in DCM follow similar trends, and they are reported in the 

SI. We remark here that the prediction of the barrier in water for a given combination of EG and 

LG, corresponds to the product of the descriptors for each of the two groups times the weight of 

this descriptor, which is 1000.92 (Table 1). 

Regarding the Table 2, an interesting results is the range of the values, which is significantly 

narrower for entering ability (0.144 units, from 0.157 to 0.301) than for leaving ability (0.350 

units, from 0.062 to 0.412). This means a larger sensibility of the barrier to the nature of the leaving 

group.

Table 2. Value for HD1 in water associated to each nucleophile. Separate values are available for 

entering ability and leaving group. 

HD1EG (water) HD1LG (water) HD1EG (water) HD1LG (water)

TfO- 0.301 TfO- 0.062 HOO- 0.201 HO- 0.197

TsO- 0.275 I- 0.076 EtO- 0.196 EtS- 0.198

I- 0.240 Br- 0.087 HS- 0.195 MeO- 0.209
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Cl- 0.230 Cl- 0.089 MeO- 0.195 EtO- 0.212

HC(=O)OO- 0.219 TsO- 0.091 H2P- 0.183 H2As- 0.233

(CH3)3N 0.213 F- 0.120 EtS- 0.181 CHOHN- 0.237

HSe- 0.212 HSe- 0.144 MeS- 0.179 H2P- 0.253

F- 0.211 HC(=O)OO- 0.147 H2As- 0.177 NC- 0.257

NC- 0.211 (CH3)3N 0.160 F3C- 0.174 H2N- 0.315

CHOHN- 0.209 HS- 0.166 H2N- 0.169 F3C- 0.330

HO- 0.207 HOO- 0.180 H5C6
- 0.157 H5C6

- 0.412

Br- 0.202 MeS- 0.197

Moreover, the list of values in Table 2 can be seen as scales of entering ability and leaving ability 

of the different nucleophiles. A first inspection of these scales shows a reasonable correlation with 

expectations. The worst leaving group (highest value for the descriptor, 0.412), is phenyl, and the 

best leaving group (smallest value, 0.062) is triflate. The same groups also repeat in the extreme 

positions for entering groups, the best entering group is phenyl (0.157) and the worst one is triflate 

(0.301). It is not surprising to find and inverse correlation between the two rankings: the best EGs 

ought to be the worst LGs, and viceversa. However, on a second inspection we can see that the 

correlation is far from perfect, as there are many variations in the ordering between the two scales. 

These differences between the scales for entering and leaving groups prompted us to further 

examine the correlation between them.
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We built vectors from the scales in Table 2, and examined the correlation between them. We 

summarize the results in Figure 6, where we present the correlation between the different HD1 

fectors. The elements in the diagonal of Figure 6 are obviously 1.00, as they represent the 

correlation of each vector with itself. The only other value that approaches unity is the correlation 

between the leaving group ability in water and the leaving group ability in DCM. The facility of a 

given nucleophile to act as leaving group is thus very similar in both solvents. 

 

Figure 6. Matrix of the square correlation coefficient (R2) obtained from the linear regressions 

between the HD1 (referred as 1), of EG and LG in water or DCM. 

However, all other correlations are significantly smaller, with R2 coefficients between 0.56 and 

0.70. This is remarkable, especially when we deal with the scales for HD1EG and HD1LG in the same 

solvent. It means that the correlation between the entering and leaving ability of a given 
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nucleophile is far from perfect. This is not what we expected, and prompted us to further examine 

the matter in the next section.

Relationship of HD1 with conventional descriptors 

Now we will try to gain chemical insight from the purely statistical result reported above. For 

this, we will use again statistical tools, as we will analyze the correlation between our values of 

HD1 and a variety of conventional descriptors. We will use a large set of 175 conventional 

descriptors, the full list is supplied in the Supporting Information. Most of them correspond to 

physical organic chemistry properties which are widely employed in this type of studies.17,48 

Frontier orbital energies, different atomic charges, transition state distances, chemical concepts 

such as ionization potential, electron affinity, and softness, among others, are all included in the 

list. This collection of properties enables the description of electronic and steric effects.
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Figure 7. Density plot of the square correlation coefficient (R2) derived from the linear regression 

between the conventional descriptors and the HD1LG (water) in blue; HD1EG (water) in red; HD1LG 

(DCM) in purple; HD1EG (DCM) in grey.

Figure 7 shows the probability density plot of the R2 derived from the linear regressions between 

the HD1 numbers and the conventional descriptors. Overall, most of the models have a R2 lower 

than 0.500, and there is a small density of conventional descriptors with a higher R2 value. Thus, 

the ones that are highly correlated are well distinguished for the rest. 

The R2 derived from the relationships between the set of all the descriptors and the HD1 are 

gathered in the Supporting Information and the values for some significant ones are collected in 

Table 3. For the sake of simplicity, we represent X- as the entering group, Y as the leaving group 

and CH3Y as the electrophile.  

Table 3. Square correlation coefficient (R2) between different HD1 values and selected 

conventional descriptors. Highest values for each hidden descriptor in bold.

Code Descriptor R2 with 
HD1LG 
(water)

R2 with 
HD1EG 
(water)

R2 with 
HD1LG 
(DCM)

R2 with 
HD1EG 
(DCM)

1 HOMO of X- 0.263 0.630 0.292 0.452

8 LUMO of CH3Y 0.175 0.306 0.199 0.385
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51 ω- (I) of X- 0.170 0.301 0.059 0.003

60 ω+ (I) of CH3Y 0.170 0.698 0.100 0.110

114 ΔV for (I- + CH3Y 
→ CH3I + Y-)

0.974 0.732 0.967 0.780

130 d(I-C) for TS of  (X- 
+ CH3I → CH3X + 
I-)

0.701 0.907 0.661 0.839

We had expected that the descriptors involved in donor-acceptor interactions to play a leading 

role in SN2@C reactivity. This is why we introduced in the list the HOMO or LUMO energy values 

of the chemical species involved, as well as other values related to these frontier molecular orbitals. 

But to our surprise, they did not show particularly high correlation values in any case.
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Figure 8. Plot of the values of the HD1LG (left plot), and HD1EG (right plot) in water vs the values 

of the corresponding conventional descriptor providing the best correlation outcome. 

We will start our discussion with HD1LG in water, as it has one of the largest range of descriptor 

values. The LUMO energy of the CH3Y molecule, which should be in principle responsible for 

the reaction presents a very low correlation of 0.175. This may be explained because the LUMO 

in the reactant will not always correspond to the key orbital in the TS. We also expected to find 

correlations with an alternative frontier molecular orbital (FMO) feature, as the electrodonating 

power ω+, but things were not much better.

Instead, we found that HD1LG in water correlates best with our descriptor number 114, associated 

to the thermodynamics of the process, defined specifically by the potential energy of the reaction, 

I- + CH3Y → CH3I + Y-. Figure 8 left displays the linear regression between the HD1LG and 

descriptor number 114. This in fact measures the heterolytic bond dissociation energy of the CH3-

Y bond, as the role of iodine in the equation is identical for all Y groups. We notice that this 

descriptor concerns potential energy, the corresponding descriptor related to free energy, which 

was also in the list, has a slightly worse correlation. It is not surprising that stronger bonds are 

more difficult to cleave, but a correlation of 0.974 is indeed quite high. And it means that this 
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thermodynamic parameter plays the key role in the barrier for the reaction. In the end, the weakness 

towards heterolytic cleavage of the C-Y bond is responsible thus for the efficiency of leaving 

groups of substituents such as triflate, tosylate and the halides. It is worth mentioning that this high 

correlation between HD1LG and descriptor 114 is also observed for the reaction in DCM. Hence, 

this dependance on the cleavage energy seems a general feature of the SN2 process.  

We next move our attention to the description of the entering group, represented in the HD1EG 

scale. We analyze first the results in water. Here, we expected the energy of the HOMO or the 

electrodonating power ω- of the entering group, descriptor 1 and 51, respectively, to  play a major 

role, but this is not the case. Within them, only the R2 of 0.630 for HOMO descriptor is respectable, 

but is in no way among the highest. The highest value, 0.907, corresponds to conventional 

descriptor 130, the correlation with HD1EG in water being shown in Figure 8 right. This is a 

geometrical parameter related to the geometry of a transition state. Specifically, it is the distance 

between the iodine and the carbon centre in the transition state for the reaction between the 

nucleophile X- and CH3I. This has a more kinetic component, as it is associated to a transition 

state. The trend is qualitatively logical in the sense that "good" entering groups will have early 

transition states, with smaller elongation of the C-I distance associated to the leaving group. Still, 
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it is remarkable that the correlation is with this relatively obscure descriptor and not with more 

intuitive ones. It is also worth mentioning that the entering group seems to have a smaller effect 

on the barrier than the leaving group. As mentioned in a previous section, the range of values is 

narrower, and we see here that the highest correlation values are smaller than for the leaving group. 

Additional evidence in this direction is provided by the discrepancy between results water and 

DCM, with an even lower value of 0.839 for R2 in the latter.

We applied the same treatment reported above to higher order descriptors,  HD2, HD3 and HD4. 

The results are detailed in the Supporting Information. None of the relationships established with 

the conventional descriptors achieved a value of R2 higher than 0.830. This is further evidence 

confirming our hypothesis that HD2, HD3 and HD4 are mostly associated with numerical noise, 

and they do not furnish a significative contribution to the chemical understanding of the reaction. 

The main observation resulting from this section is that the descriptor for SN2@C reactions 

emerging from our statistical analysis does present a good correlation with some conventional 

descriptors, but not with the ones we would have expected a priori.  This raises some questions as 

to the eventual need to rethink some of our assumptions on this important organic chemistry 

process.
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Conclusion 

The statistical analysis of DFT calculations on the transition states of more than 500 bimolecular 

nucleophilic substitution reactions involving 23 entering groups and 23 leaving groups in two 

different solvents demonstrates that the free energy barrier can be predicted with an average error 

below 2 kcal/mol with the use of a single descriptor. Our study leads to the identification of two 

numerical values for each nucleophile, one for its entering ability and one for its leaving ability, 

which introduced in a simple arithmetic expression yield a close estimation of the DFT barrier 

without the need for a QM calculation. In this way, the current work proves the applicability of 

the hidden descriptor approach, which we had developed for a thermodynamical property in 

inorganic chemistry, to reactivity in organic chemistry. 

The numerical values for the descriptors associated to each nucleophile give moreover insight 

into fundamental aspects of the SN2 process. There is a significant asymmetry between the scales 

for entering and leaving groups, with the identity of the LG having a higher influence on the 

barrier. More significantly, and contrary to expectation, our computed descriptor shows only a 

moderate correlation with magnitudes related with frontier molecular orbitals. Instead, it follows 
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more closely the trends of other thermodynamic and geometrical conventional descriptors. The 

general validity of these observations will be put to test by further studies on other reactions which 

are currently under development in our Laboratory. 
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