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Data-guided rational design of additives for halogenation of highly 
fluorinated naphthalenes: Integrating fluorine chemistry and 
machine learning 
Dedicated to Professor Resnati, celebrating a career in fluorine and noncovalent chemistry on the 
occasion of his 70th birthday 

Naoya Ohtsuka,a,b Muhammad Zhafran Mohd Aris,a,c Toshiyasu Suzuki,a and Norie Momiyamaa,b* 

Highly fluorinated aromatic compounds exhibit unique electronic structures, however their selective transformation 
remains a longstanding challenge. Halogenation of F7 naphthalene previously required low temperatures (−40 to 0 °C) for 
high yields, while room-temperature reactions suffered from side reactions and decomposition. Here we present a data-
guided framework for rational additive design enabling efficient halogenation under ambient conditions. Screening 25 
functional additives revealed distinct groups, with effective ones affording halogenated products in yields above 50% and 
recovering in high rates. Machine learning models built from DFT-derived descriptors achieved strong predictive 
performance (R² = 0.90, RMSE = 10.9). Feature importance and SHAP analyses clarified the design criteria—moderately 
balanced functional-group charges and non-negative aromatic contributions—as critical for reactivity. Guided by these 
criteria, a chlorine-substituted additive, 1-chloro-4-(ethoxymethyl)benzene (3a), was designed, predicted to give >99% yield, 
and experimentally validated to deliver iodinated product in 98% yield with 96% additive recovery at room temperature. 
Moreover, additive 3a was effective in iodination, bromination, and chlorination, demonstrating the generality of the design 
principle. This study advances additive development from empirical trial-and-error to a predictive, machine learning–
enabled strategy, offering guidelines for selective transformations of perfluorinated arenes.

Introduction 
Fluorine is the most electronegative element in the periodic 
table and exhibits extremely strong electron-withdrawing 
properties. When aromatic rings are highly fluorinated, they 
acquire electronic states fundamentally different from those of 
hydrocarbon-based aromatic compounds. These unique 
electronic features, often involving σ-holes and π-holes, 
significantly alter electron density distribution and molecular 
orbital characteristics (Fig. 1).1–6  
 
Although highly fluorinated aromatic compounds display 
distinct physical properties and molecular recognition abilities, 
their reactivity and molecular transformations are notoriously 
difficult to control. The efficient synthesis and transformation 
of perfluorohalogenated polycyclic aromatic compounds have 
long remained a challenging issue.7 

 

Fig. 1 Electrostatic potential maps of (a) benzene, (b) perfluorobenzene (C6F6), and (c) 
pentafluoroiodobenzene (C6F5I). 

Recently, we addressed this challenge by developing a synthetic 
method that combines metalation with an organomagnesium 
base followed by halogenation, which enables the high-yield 
synthesis of perfluorohalogenated naphthalenes.8 This 
approach makes it possible to access perfluoroiodo-, bromo-, 
and chloro-naphthalenes, which have scarcely been reported 
before, thereby opening new avenues for the molecular 
conversion of highly fluorinated aromatics. These reactions still 
require low-temperature conditions (−40–0 °C) to achieve high 
yields, and their application under practical, room-temperature 
conditions remains difficult. Therefore, a new strategy is 
required to suppress side reactions and decomposition while 
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enabling efficient transformations under mild conditions. In this 
context, the present study addresses these limitations by 
systematically evaluating the effects of diverse functional 
additives and applying machine learning (ML) to correlate 
additive structures with reactivity. By integrating experimental 
and computational analyses, we aim to establish a predictive 
framework that overcomes the constraints of low-temperature 
conditions and qualitative discussions in previous studies. 
 
To overcome this limitation, we systematically investigated the 
effects of a broad range of additives using a functional group 
evaluation (FGE) kit. While the FGE kit has been widely applied 
to evaluate functional group compatibility and chemoselectivity 
in diverse organic reactions,9–16 this study represents the first 
application of the kit to systematically investigate additive 
effects in halogenation of highly fluorinated aromatics. 
Consequently, we identified several additives that effectively 
suppressed undesired side reactions, enabling high-yield 
halogenation even at room temperature, which was not 
feasible previously. Further, we evaluated their roles more 
scientifically by comparing the product yields with the recovery 
of the additives. Although the additive effects have traditionally 
been discussed qualitatively or empirically,17–25 our study 
provided a deeper and more quantitative perspective. 

 
The novelty of this work lies in the quantitative and scientific 
analysis of additive effects using ML instead of qualitative or 
empirical considerations. We combine experimentally obtained 
yields with molecular descriptors derived from density 
functional theory (DFT) calculations and use them as input data, 
which enable us to identify molecular features that help 
promote the halogenation reaction. Previous studies have 
highlighted the utility of ML for predicting reaction 
performance,26,27 modeling catalysts and reactivity,28–30 and 
advancing organic synthesis through digital and AI-driven 
approaches.31–35 Based on these developments, we present 
both the practical transformation of highly fluorinated 
aromatics and a methodology to clarify the additive effects 
through ML. Our study provides new design criteria for reaction 
development and offers insights into future strategies for 
molecular transformations by integrating fluorine chemistry 
with data science. 
 
The remainder of this paper is organized as follows: Section 2 
describes the experimental and computational methodology. 
Section 3 presents the results of additive screening, feature 
analysis using ML, and the design and validation of new 
additives. Section 4 provides the conclusions, including the 
implications and limitations of our findings as well as 
perspectives for future research. 

Methodology 
Chemicals 

Anhydrous tetrahydrofuran (THF), methylene chloride (CH2Cl2), 
and diethyl ether were obtained from Kanto Chemical Co., Inc. 

as a dehydrated solvent system. F7 naphthalene 1 was 
synthesized from octafluoronaphthalene in three steps, as 
listed in the Supporting Information. Bis(2,2,6,6-
tetramethylpiperidyl)magnesium dilithium bromide 
(TMP2Mg·2LiBr) in THF was prepared from Mg powder following 
a reported procedure36 (see Supporting Information). The FGE-
kit9 A00–A24 was provided by Prof. Ohshima from Kyushu 
University. All other reagents were purchased from commercial 
suppliers and used as received without further purification. 
 
Materials synthesis 

F7 naphthalene 1 (51.0 mg, 0.200 mmol, and 1.0 equiv.) and a 
corresponding additive (1.0 equiv.) were dissolved in 1.5 mL of 
THF. TMP2Mg·2LiBr (0.24 M in THF, 1.00 mL, 0.240 mmol, and 
1.2 equiv.) was added at 25 °C, and the mixture was stirred for 
30 min. Subsequently, molecular iodine (122 mg, 0.480 mmol, 
2.4 equiv.) was added, and the reaction was stirred at 25 °C for 
1 h. The mixture was then quenched with 2 M HCl aq. (5 mL) at 
0 °C and extracted with Et2O (10 mL × 3). The combined organic 
extracts were washed with saturated Na2SO3 aqeuous (5 mL) 
and brine (5 mL), dried over Na2SO4, filtered, and concentrated 
under reduced pressure. The crude residue was dissolved in 
CDCl3, and dibromomethane (14 μL, 0.200 mmol, and 1.0 
equiv.) and hexafluorobenzene (23 μL, 0.200 mmol, and 1.0 
equiv.) were added as internal standards.  
 

Materials characterization 

The products were characterized by 1H, 13C, and 19F NMR 
spectroscopy, infrared (IR), and high-resolution mass 
spectrometry (HRMS). The yield of product 2 and the recovery 
of the additive were determined via 1H and 19F nuclear magnetic 
resonance (NMR) spectroscopy. NMR spectra were recorded on 
JEOL spectrometers at ambient temperature: 1H (400 MHz), 13C 
(100 or 151 MHz), and 19F (376 MHz). Chemical shifts (δ) were 
reported in ppm relative to internal standards (CDCl3: δ = 7.26 
ppm for 1H, δ = 77.0 ppm for 13C; DMSO-d6: δ = 2.49 ppm for 1H) 
or an external standard (α,α,α-trifluorotoluene: δ = –63.72 ppm 
for 19F). IR spectra were recorded on a Jasco FT/IR-460 plus 
spectrometer using attenuated total reflectance. HRMS (FAB, 3-
nitrobenzyl alcohol matrix) was performed using a JEOL JMS-
700 instrument at the Instrument Center, Institute for 
Molecular Science. 
 

Computational details 

The DFT calculations were performed using the M06-2X 
functional including Grimme’s D3 dispersion correction.37 
Geometry optimizations were conducted using the SDD basis 
set for iodine and 6-311+G(d,p) for all other atoms, together 
with the SMD solvation model (THF). All optimized structures 
were confirmed as minima via a vibrational frequency analysis. 
Natural bond orbital (NBO) charges and electrostatic potential 
(ESP) maps were obtained from the optimized geometries. All 
calculations were performed with Gaussian 16.38 Full 
computational details are provided in the Supporting 
Information. 
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Machine learning 

The dataset was constructed from experimentally determined 
yields and molecular descriptors obtained from DFT 
calculations, including NBO charges and ESP values. A total of 
26 regression models were evaluated using Datachemical Lab;39 
nonlinear support vector regression (NSVR) was identified as 
the best-performing model. Feature importance analyses  such 
as cross-validation based permutation feature importance 
(CVPFI)40 and Shapley additive explanations (SHAP)41 were 
conducted exclusively with the NSVR model. The dataset was 
randomly divided into 75 and 25% for the training and test sets, 
respectively, and five-fold cross-validation was performed. The 
predictive accuracy of each model was compared using the 
coefficient of determination (R2), root mean square error 
(RMSE), and mean absolute error (MAE) for the test set. 

Results and discussion 
Additive screening  

In our previous study,8 the iodination reaction of F7 naphthalene 
1 achieved high yield under low-temperature conditions 
(Scheme 1a). However, side reactions became predominant and 
the yield of the desired product 2a dropped significantly to 4% 
(Scheme 1b) under ambient conditions, which remained a 
major limitation. In the present study, we selected this 
condition (magnesiation at 25 °C for 30 min) for rigorously 
evaluating the effect of additives. Control experiments were 
performed to assess the reproducibility of the reaction system. 
The control additive A00 was tested five times (n = 5), and the 
average value was calculated. Subsequently, 25 additives (A00–
A24) in the FGE kit9 were evaluated. Each additive was tested in 
duplicate (n = 2), and the results were compared with those of 
the control experiments (n = 5) to examine the degree of 
variability. The mean of the duplicate values was used when the 
variance between them was negligible, that is, within the 
experimental error observed in the control reactions. Two 
additional experiments were conducted for cases where the 
variance was larger. Thus, a maximum of four runs was 
performed for each additive, and the mean values were used to 
obtain reliable data on the additive effects. The byproducts 
formed from the additives under the reaction conditions were 
isolated and purified, and their structures were confirmed by 1H 
NMR analysis. In cases where the additive was not recovered, 
these byproducts were observed as the only identifiable 
products derived from the additive.  
 
The evaluation revealed three distinct behaviors of the 
additives. As shown in the scatter plot in Fig. 2, the additives 
were clearly classified into three groups. A04, A07, A13, A14, 
A15, A16, A20, and A22 clustered in the region with both no 
recovery and <1% yield, indicating the decomposition of the 
additives and no formation of product 2a (Fig. 3a). A01, A02, 
A03, A05, A06, A08, A12, and A17 showed high recovery but no 
detectable formation of product 2a (Fig. 3b), forming a group 
with no promoting effect. In contrast, A00, A09, A10, A11, A18, 

A19, A21, A23, and A24 formed product 2a in yields above 5% 
and were distinguished as effective additives (Fig. 3c). These 
results indicate that certain additives contribute to suppressing 
side reactions, which enables the formation of product 2a even 
under ambient conditions. 

Scheme 1 (a) Iodination of F7 naphthalene 1 achieving high yield under low-temperature 
conditions in our previous study. (b) Same reaction under ambient conditions, where 
side reactions predominated and the yield of the desired product 2a dropped to 4%. 

Fig. 2 Scatter plot showing the relationship between the recovery rate of the additives 
(x-axis) and yield of product 2a (y-axis) in the FGE kit screening (A00–A24). The additives 
were classified into three distinct groups according to their behaviors. 

Electronic and structural features of additives 

We characterized and quantified the electronic and structural 
features common to effective additives based on the results of 
additive screening. In this ML analysis, additives that resulted in 
low or zero recovery were intentionally included, as they 
provide essential negative examples for quantitatively 
identifying molecular features unfavorable for productive 
iodination among the additives examined. To this end, a set of 
descriptors was defined based on the ESP and NBO analyses. 
The ESP reflects the molecular surface charge distribution and 
is useful for predicting the strength and directionality of 
interactions with nucleophilic or electrophilic sites, providing 
insights for improving the yield of the desired product. In 
contrast, NBO charges quantitatively capture local electron 
density redistribution and are directly relevant to discussions on 
charge transfer and stability along the reaction coordinate. The 
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descriptors defined here include ESP values around the Cl atom 
(σ and belt directions), ESP values at representative aromatic 
positions, ESP of the π-surface, and maximum and minimum 
ESP values at functional groups, together with the 
corresponding NBO charges. In addition, as structural features, 
the type and position of substituents on the aromatic ring are 
also considered, which act in concert with electronic factors to 
define the characteristics of the reaction environment. These 
descriptors provide a quantitative basis to identify electronic 
and structural properties characteristic of effective additives 
and are employed as input variables for the ML analysis (see SI 
for details). 
 

Fig. 3 Additives classified into three groups. The chemical structures of the additives are 
shown together with the yield of product 2a (%) and recovery rate of additive A (%). (a) 
Additives leading to decomposition with neither recovery nor product formation (A04, 
A07, A13, A14, A15, A16, A20, and A22). (b) Additives showing high recovery but no 
detectable product 2a (A01, A02, A03, A05, A06, A08, A12, and A17). (c) Effective 
additives that afforded product 2a in yields above 5% (A00, A09, A10, A11, A18, A19, 
A21, A23, and A24). 

Model selection and validation 

The predictive performance of different regression models was 
evaluated by examining the yield of product 2a predicted by the 
26 ML models available in Datachemical Lab using ESP- and 
NBO-based descriptors as input variables. The performance of 
the top 10 models is summarized in Table 1. Among the 
examined models, NSVR provided the best performance (R2 = 
0.90, RMSE = 10.9, and MAE = 10.4). The NGPR3 (R2 = 0.85, 
RMSE = 13.2, and MAE = 11.1) and NGPR5 (R2 = 0.77, RMSE = 
16.3, and MAE = 14.6) models showed relatively high 
performances; however, NSVR consistently provided the best 
results. This superior performance can be attributed to its 
ability to flexibly capture nonlinear relationships between the 
descriptors and reaction yield, which was essential for modeling 
the additive effects. Therefore, the NSVR model was selected 
for subsequent feature analysis and discussion. 

Table 1. Predictive performances of the top ten machine learning models examined for 
the additive dataset (A00–A24)a 

model R2 (test) RMSE (test) MAE (test) 
NSVR 0.90 10.9 10. 4 

NGPR3 0.85 13.2 11.1 
NGPR5 0.77 16.3 14.6 

DT 0.77 16.5 11.2 
NGPR9 0.75 17.1 15.1 
NGPR7 0.74 17.6 15.5 
NGPR1 0.72 18.1 15.7 
NGPR2 0.72 18.1 15.7 

RF 0.61 21.2 17.0 
NGPR4 0.48 24.7 16.9 

a The test set performance is evaluated using the coefficient of determination (R2), 
root mean square error (RMSE), and mean absolute error (MAE). 

 

Feature importance analysis 

The contribution of each descriptor to the prediction of the 
product 2a yield was evaluated using the NSVR model (Fig. 4). 
Feature importance was calculated based on CVPFI. The most 
significant descriptors were associated with the electronic 
properties of the functional group, including NBO-FG max, ESP-
FG mini, and ESP-FG max. These were followed by descriptors 
related to the electrostatic potential around the aromatic ring 
and chlorine atom, such as ESP-R1, ESP-R2, and ESP-Cl(σ). In 
contrast, descriptors corresponding to local NBO charges on the 
aromatic ring (NBO-R1, NBO-H1, and NBO-H2) exhibited only 
minor contributions. These results demonstrate the relative 
importance of each descriptor in determining the predictive 
performance of the model and provide a basis for further 
interpretation in the subsequent SHAP analysis. 
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Fig. 4 (a) Feature importance of the descriptors calculated by the NSVR model using 
CVPFI. (b) Schematic showing correspondence between each descriptor and the 
structural parts of the additives. FG is an abbreviation for functional group. 
 

SHAP analysis 

The CVPFI analysis clarified the relative importance of each 
descriptor; however, it did not reveal their directional 
contributions to the yield. Therefore, SHAP analysis was 
introduced to visualize how each descriptor acts on the yield of 
product 2a. The analysis was performed in Python using the 
NSVR model, which showed the highest predictive performance 
in the regression analysis with Datachemical Lab. The obtained 
predictive accuracy was comparable to that from the 
Datachemical Lab (R2 = 0.86), which confirmed sufficient 
reproducibility. 
 
Fig. 5 shows the SHAP beeswarm plot. The descriptors are 
arranged in the descending order of importance on the vertical 
axis, and their SHAP values, representing both the magnitude 
and direction of their contributions to the yield, are plotted on 
the horizontal axis. Similar to the CVPFI results, the electronic 
properties of the functional group (NBO-FG max, ESP-FG mini, 
and ESP-FG max) made the largest contributions. ESP-R1 was 
ranked among the top descriptors, which is consistent with its 
fourth position in the CVPFI results. 
 
A closer inspection revealed that lower ESP-FG mini values were 
associated with negative contributions to the yield, whereas 
higher values contributed positively. In contrast, ESP-FG max 
contributed positively when its values were small and 
negatively when they were large. These results confirm that the 
yield decreases when the functional group bears excessively 
negative or positive charge, whereas moderate charges 
enhance the yield. In addition, an electrostatic environment 
without extreme imbalance around the aromatic ring and 
chlorine atom was also suggested to contribute to the higher 
yield of product 2a. Local NBO descriptors on the aromatic ring 
(NBO-R1, NBO-H1, and NBO-H2) showed relatively minor 
contributions, suggesting a limited correlation with the yield. 
These results can be rationalized in terms of organic synthesis. 
When the charge at the functional group is extremely negative 

or positive, in situ generated Mg species are likely to react 
preferentially with the additive rather than engaging in the 
halogenation, which decreases the yield of product 2a. In 
contrast, additives with moderate charges at the functional 
group do not induce such side reactions and instead enable the 
halogenation of the substrate to proceed smoothly. 
 
A SHAP waterfall plot analysis was conducted for the additives 
that afforded product 2a (A00, A09, A10, A11, A18, A19, A21, 
A23, and A24) to identify factors governing yield improvement. 
Among the six additives with recovery rates above 50% (A00, 
A09, A10, A19, A23, and A24), those with yields of product 2a 
greater than 50% were defined as effective additives, those with 
lower yields were defined as ineffective additives, and the two 
groups were compared.  

Fig. 5 SHAP beeswarm plot showing the contribution of each descriptor to the yield of 
product 2a. Descriptors are ordered by their overall importance (vertical axis), and the 
SHAP values (horizontal axis) indicate both the magnitude and direction of their effects 
on the yield. 

Fig. 6a presents representative effective additives: A00, A10, 
and A24. In all cases, descriptors related to the functional group 
(ESP-FG mini, ESP-FG max, and NBO-FG max) made strong 
positive contributions to yield. For A00, these descriptors 
dominated the prediction, indicating that functional-group 
properties were the primary factors governing yield 
improvement. Although ESP-R1 contributed negatively, its 
effect was outweighed by the strong positive contributions 
from the functional group. In A10, functional-group descriptors 
showed large positive effects, whereas additional positive 
contributions from ESP-R1 and ESP-R2 suggested a cooperative 
interaction between the functional group and aromatic ring. 
This synergistic feature distinguishes A10 from the other 
effective additives. In A24, ESP-R1 contributed negatively; 
however, this was offset by strong positive contributions from 
ESP-FG mini and NBO-FG max, which confirmed its classification 
as an effective additive dominated by functional-group effects. 
In contrast, Fig. 6b shows representative ineffective additives: 
A09, A19, and A23. In these cases, strong negative contributions 
from descriptors associated with either the functional group or 
aromatic ring were observed. For A09, both NBO-C1 and ESP-R1 
contributed negatively. For A19, the positive effects from 
functional-group descriptors were counteracted by negative 
contributions from NBO-FG max and aromatic descriptors. For 

0 0.05 0.1 0.15 0.2 0.25

NBO-FG max

ESP-FG mini

ESP-FG max

ESP-R1

ESP-R2

ESP-Cl_(sigma)

ESP-Cl_(belt)

NBO-R1

NBO-H2

NBO-H1

(a)

(b)

C5

C4
C3

C2

C1
C6

Cl

FG

R1

R2

H1

H2

Page 5 of 11 Physical Chemistry Chemical Physics

P
hy

si
ca

lC
he

m
is

tr
y

C
he

m
ic

al
P

hy
si

cs
A

cc
ep

te
d

M
an

us
cr

ip
t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

0 
T

ha
ng

 H
ai

 2
02

6.
 D

ow
nl

oa
de

d 
on

 2
2/

02
/2

02
6 

8:
52

:3
3 

SA
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.

View Article Online
DOI: 10.1039/D5CP03554F

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5cp03554f


ARTICLE Journal Name 

6  | J. Name., 2012, 00, 1-3 This journal is © The Royal Society of Chemistry 20xx 

Please do not adjust margins 

Please do not adjust margins 

A23, ESP-FG mini, ESP-FG max, and ESP-R1 all contributed 
strongly in the negative direction, indicating that both the 
functional group and aromatic ring were electronically 
unfavorable. These results are consistent with the finding from 

the beeswarm plot that excessive negative or positive charges 
at the functional group can decrease yield. This supports the 
scenario in which in situ generated Mg species react with the 
additive rather than participating in the intended halogenation. 

 

(a)           A00               A10              A24 

 
(b)           A09               A19              A23 

 

Fig. 6 SHAP waterfall plots illustrating contributions of individual descriptors to the yield of product 2a. (a) Representative effective additives: A00, A10, and A24, where functional-
group descriptors (ESP-FG mini, ESP-FG max, and NBO-FG max) make strong positive contributions. (b) Representative ineffective additives: A09, A19, and A23, where descriptors 
associated with the functional group or the aromatic ring exhibit strong negative contributions.

Design guidelines for new additives 

Several common factors for effective additives were identified 
from the SHAP analysis. Functional-group descriptors (ESP-FG 
mini, ESP-FG max, and NBO-FG max) consistently showed strong 
positive contributions, which indicates that functional-group 
charges must remain within a moderate range rather than being 
excessively biased. In addition, aromatic descriptors (ESP-R1 
and ESP-R2) should not contribute strongly in the negative 
direction. These findings provide clear criteria for designing 
effective additives. 
 
Another important aspect is that the electronic properties of 
the F7 naphthalene substrate 1 must be considered (Fig. 7). 
Substrate 1 is highly electron-deficient because of the multiple 
fluorine substituents, which results in a π-surface with 
predominantly positive ESP values. Such an electronic 
imbalance can promote side reactions or decomposition during 
the reaction. 
 

For effective additives, waterfall plots demonstrated that 
descriptors related to the electronic state of the functional 
group contributed positively to the yield. This indicates that 
effective additives compensate for the excessively positive ESP 
of the substrate by providing complementary electronic 
features that stabilize the reaction pathway and promote 
selective formation of product 2a. In contrast, ineffective 
additives either exhibited excessively positive or negative 
functional-group charges or failed to achieve complementarity 
with the substrate ESP, preventing compensation for the 
substrate imbalance and allowing side reactions or additive 
decomposition to dominate, which resulted in lower yields. 
 
Compared with previous empirical discussions of additive 
effects in organometallic reactions,17–25 our ML-based 
framework provides a quantitative and predictive strategy. 
Unlike earlier studies that often relied on qualitative 
rationalization, the present analysis identifies explicit electronic 
and structural descriptors governing reactivity, thereby offering 
a generalizable design principle for reaction development. 
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These results suggest that the following criteria are important 
for designing new additives: (i) functional-group descriptors 
should fall within a moderate range and contribute positively to 
the yield; (ii) aromatic contributions should not be strongly 
negative; and (iii) the additive should possess complementary 
electronic features that compensate for the intrinsic ESP 
imbalance of substrate 1. Based on these criteria, new additive 
structures were designed, and their validity was examined 
through experimental and computational studies in the 
following section. 
 

(a)         (b) 

Fig. 7 Electronic properties of the F7 naphthalene substrate (1). (a) ESP map showing the 
electron-deficient π-surface induced by multiple fluorine substituents. (b) NBO charges 
highlighting the local charge distribution. DFT calculations were performed at the 
SMD(THF)/M06-2X-D3/6-311+G(d,p) level of theory. 

Computational prediction and experimental validation 

Two new additives were designed to validate the design 
guideline: additive 3a and additive 3b (Fig. 8a). The chlorine 
substituent on the aromatic ring of additive 3a was expected to 
compensate for the electronic imbalance of the substrate 1. 
Additive 3b, which lacks a chlorine substituent, was designed as 
a control to examine the contribution of chlorine and 
experimentally verify this hypothesis. 
 
ESP maps and NBO charges were calculated by DFT for both 
additives (Fig. 8b for ESP maps, and Supporting Information for 
NBO charges), and the values were used as input for the existing 
ML model to predict the yields. For 3a, the predicted yield was 
estimated to be >99%, which was consistent with the design 
guideline and suggested that 3a would act as an effective 
additive. Although the predicted yield of 3b was calculated as 
41%, this value must only be considered as a reference. The 
training dataset did not include chlorine-free additives, and 
therefore, the model was forced to extrapolate into an 
unexplored chemical space, resulting in reduced accuracy. 
 
SHAP waterfall plots were examined to further interpret these 
predictions (Fig. 8c). For 3a, descriptors related to the functional 
group (ESP-FG max, ESP-R1, NBO-FG max, and ESP-FG mini) 
showed strong positive contributions, which is consistent with 
the criteria for effective additives. Although some descriptors of 
3b achieved minor positive effects, ESP-Cl(σ) and NBO-Cl 
exhibited strong negative contributions, which outweighed 
them. These results highlight the critical role of the chlorine 
substituent in determining additive performance.  
 

Reactions were performed using additives 3a and 3b to 
experimentally validate the predictions from the SHAP analysis 
(Table 2). When 3a was employed, the iodination of the 
substrate 1 afforded product 2a in 98% yield, and the additive 
itself was recovered in 96% yield. These results experimentally 
demonstrated that 3a was an effective additive consistent with 
the design guideline. In contrast, when 3b was used, although 
the additive was recovered in 97% yield, product 2a was not 
obtained at all. This finding clearly demonstrated that 3b, which 
lacked the chlorine substituent, did not function as an effective 
additive in agreement with the waterfall plot analysis 
highlighting the importance of chlorine. 
 
(a) 

 
(b) 

(c) 

 3a                3b 

Fig. 8 Computational and ML analyses of newly designed additives. (a) Structures of 
additives 3a and 3b. (b) ESP maps calculated by DFT (SMD(THF)/M06-2X-D3/6-
311+G(d,p)); NBO charges are provided in the Supporting Information. (c) SHAP waterfall 
plots showing descriptor contributions to the predicted yields for 3a and 3b. 

Table 2. Experimental validation of additives 3a and 3b in the iodination of F7 
naphthalene (1)a 

Entry Additive Yield of 2a (%)b Recovery of 3 (%)c 
1 3a 98 96 
2 3b 0 97 

a The reaction was carried out under the indicated conditions using 0.200 mmol of 
1, 1.0 equiv. of additive 3, 1.2 equiv. of TMP2Mg·2LiBr, and 2.4 equiv. of I2 in THF 
(1.5 mL). b Determined by 19F NMR using hexafluorobenzene as an internal 
standard. c Determined by 1H NMR using dibromomethane as an internal standard. 
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The structures depicted for the additive-derived species and the 
additive–Mg complexes represent hypothetical mechanistic 
models proposed to rationalize interaction trends between the 
additive and the Mg intermediate. To elucidate the origin of the 
superior additive effect of 3a, we conducted ESP analysis of the 
in situ generated magnesium intermediate. Subsequently, we 
optimized the geometry of magnesium intermediate–3a 
complex and then visualized it (Fig. 9) using the independent 
gradient model based on Hirshfeld partition of molecular 
density (IGMH)42 method. The ESP map of the magnesium 
intermediate showed a highly positive potential around the 
magnesium center (Fig. 9a). This result indicated that the 
strongly negative region on the ether oxygen atom of 3a 
(ESP_FG_mini, NBO_FG_mini) could coordinate to the 
magnesium center, thereby stabilizing the intermediate. 
Geometry optimization of the magnesium intermediate-3a 
complex confirmed this coordination and the formation of π–π 
stacks between the aromatic rings (Fig. 9b). The calculated 
Gibbs free energy difference (ΔG = –10 kcal mol–1) indicated that 
the complex formation was thermodynamically favorable (see 
Supporting Information). Furthermore, the IGMH analysis 
revealed the occurrence of multiple noncovalent interactions, 
including the O–Mg coordination bond formation, CH···N 
interactions between the functional moiety and TMP unit, π–π 
stacking, and Cl–π interactions in the aromatic region (Fig. 9c). 
These interactions were consistent with the descriptors 
identified by the SHAP analysis (ESP_FG_max, ESP_FG_mini, 
NBO_FG_max, NBO_FG_mini), which highlighted that the 
electronic distribution around the functional group played a 
crucial role. The visualized π–π and Cl–π interactions also 
confirmed the contribution of the aromatic electronic features 
(ESP_R1, ESP_R2, ESP_Cl(sigma), ESP_Cl(belt)) to yield 
enhancement. 
 
Overall, these results indicated that the cooperative electronic 
features of the functional group and aromatic ring stabilized the 
magnesium intermediate through multiple noncovalent 
interactions, thereby rationalizing the superior performance of 
3a. 
 
The utility of additive 3a was further established not only in the 
iodination of F7 naphthalene (1) but also in bromination and 
chlorination reactions (Table 3). In all cases, the desired 
halogenated products 2 were obtained in high yields, and the 
additive 3a was recovered in comparably high recovery yields. 
These results demonstrated that the design guideline proposed 
in this study is not limited to iodination but is generally 
applicable to other halogenation reactions. In other words, 
additives with complementary electronic properties that 
compensate for the intrinsic ESP imbalance of substrate 1 can 
universally function under different reaction conditions and 
with different halogen sources. 
 

(a)                                                            (b) 

(c) 

Fig. 9 (a) ESP map of the magnesium intermediate (F₇-MgTMP) calculated by DFT 
(SMD(THF)/M06-2X-D3/6-311+G(d.p). (b) Optimized geometry of the magnesium 
intermediate-3a complex obtained by DFT calculations (SMD(THF)/M06-2X-D3/6-
311+G(d.p). (c) IGMH isosurfaces visualizing noncovalent interactions in the complex 
(side views). Blue and green surfaces correspond to coordination (O–Mg) and weak 
interactions, respectively. 

Table 3. Demonstration of the utility of additive 3a in the halogenation of F7 naphthalene 
(1)a 

Entry X 2 
Yield of 2 (%)b Recovery of 3a 

(%)c with 3a (without 3a) 
1 I 2a 98 (4) 96 
2 Br 2b 95 (2) 94 
3 Cl 2c 96 (3) 96 

a The reaction was carried out under the indicated conditions using 0.200 mmol of 
1, 1.0 equiv. of additive 3a, 1.2 equiv. of TMP2Mg·2LiBr, and the halogenation 
reagent in THF (1.5 mL). For details, see the Supporting Information. b Determined 
by 19F NMR using hexafluorobenzene as an internal standard. c Determined by 1H 
NMR using dibromomethane as an internal standard. 

Collectively, SHAP analysis and additive screening clarified that 
effective additives require moderately balanced functional-
group charges, positive contributions from ESP-FG and NBO-FG 
descriptors, and non-negative contributions from aromatic 
descriptors. These trends were rationalized by the electron-
deficient nature of substrate 1, which highlights the need for 
additives with complementary electronic features. We designed 
and validated additive 3a by applying these data-derived 
criteria, which shows that machine learning shifts additive 
development from empirical trial-and-error to a predictive, 
generalizable strategy for halogenation. 

Conclusions 
In this study, we established a data-driven framework 
integrating additive screening, electronic structure analysis, and 
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machine learning for elucidating and predicting additive effects 
in the halogenation of F7 naphthalene. SHAP analysis revealed 
that moderately balanced functional-group charges and non-
negative aromatic contributions are critical for yield 
improvement. Based on these criteria, additive 3a was designed 
and experimentally validated, delivering high yields in 
iodination, bromination, and chlorination. These results 
underscored the utility of machine learning for rational additive 
design and suggested a broadly applicable strategy for 
advancing organic synthesis beyond empirical approaches. 
 
The findings also provide important implications: they 
demonstrate that explicit molecular descriptors can be directly 
connected to reactivity trends, offering a more predictive and 
interpretable framework than conventional qualitative 
rationalizations. Nevertheless, the present study is limited to F7 
naphthalene and a relatively narrow set of aromatic additives. 
Further investigations involving different fluorinated substrates, 
structurally diverse additives, and other reaction classes are 
required to examine the scope and generality of the 
methodology. Future work should also address the 
transferability of these design principles to broader contexts of 
reaction development. 
 
Overall, our results highlight the potential of integrating 
fluorine chemistry with data science to establish predictive 
frameworks for reaction design, providing a foundation for 
more systematic and efficient molecular transformations in 
organic synthesis. 
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