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Abstract

Chalcones are simple yet significant structures containing various examples of enolate chemistry. 
Nowadays, these compounds can be synthesized in various ways, such as through methods like 
Claisen-Schmidt condensation. This method is commonly used due to its ease of application, high 
efficiency, and method diversity in synthesis. Due to their unsaturated structures, chalcone derivatives 
can be used in different addition reactions. They can be modified with various functional groups to 
achieve desired properties using simple starting reactants. These advantages make chalcone derivatives 
suitable for a wide range of applications. Beyond their wide range of medicinal applications – driven by 
notable pharmacological properties such as anticancer, anti-HIV, and antibacterial activities – chalcone 
derivatives have also attracted considerable attention in materials chemistry as both optical sensors and 
heterocyclic intermediates for chemosensor applications. In this study, various chalcone derivatives 
bearing suitable functional groups were synthesized, and their structures were characterized while 
their optical properties were systematically investigated. The structural analyses performed following 
the syntheses not only confirmed the structures of the synthesized compounds but also examined and 
substantiated the effects of the functional groups present on the corresponding molecular scaffold in 
terms of NMR and optical properties.

Keywords: E-Chalcone, Claisen–Schmidt Condensation, Functional Group Effect.
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1. Introduction
The synthesis of novel compounds for industrial and scientific applications represents one of the 
continuously evolving areas of organic chemistry. In this context, the synthesis of novel chalcone 
derivatives has attracted considerable attention owing to their diverse physicochemical and biological 
properties. Chalcones are the molecules in which two aromatic rings bonded with α,β-unsaturated 
ketone structure [1]. They are polyphenolic compounds with colors ranging from yellow to orange, 
abundantly found in plants, and serving as the biogenetic precursors of flavonoids and isoflavonoids 
[2]. Stereochemically, they can exist as E and Z isomers. The Z- configuration is generally unstable 
because of strong steric hindrance between the carbonyl group and the aromatic ring, whereas the E- 
isomer is thermodynamically more stable (Figure 1a) [2]. Considering the s-cis and s-trans conformers 
of the molecule, the most stable chalcone isomer identified experimentally is the trans-(s-cis)-chalcone. 
This enhanced stability is attributed to the complete planar geometry of the molecule [3]. Chalcone 
derivatives are planted with secondary metabolites with diverse biological activities which play an 
important role in organic chemistry and specially in natural product chemistry. They have been used 
in different application areas such as the pharmaceutical industry due to their choleretic, anti-ulcer, 
antimicrobial, anti-HIV, anticancer, and central nervous system (CNS) activities [1-8]. Metochalcone (a 
choleretic drug) and sofalcone (an anti-ulcer and mucoprotective agent) are well-known examples of 
chalcone derivatives used in clinical applications [8-10] (Figure 1b). Besides these applications they can 
be served as chemical probes, fluorescent dyes, and sensors which chalcone derivatives functionalized 
with electron-withdrawing and/or electron-donating groups on their aromatic rings exhibit fluorescent 
properties [11-15] (Figure 1c).

Figure 1. E- and Z- isomers of chalcones (a), Chemical structures of approved and clinically evaluated chalcones 
(b), Literature examples of chalcone derivatives (c) [11-15].

Additionally, chalcone derivatives used in chemical probes, fluorescence dyes, chemosensors [3,16,17] 
as well as intermediates in the production of sweeteners and as components of perfumes [18].

Because of their relatively simple synthesis and ease of structural modification, chalcones are widely 
used as versatile intermediates in the synthesis of more complex molecules [19]. For the synthesis of 
chalcone molecules, cross-aldol condensation which is known as Claisen-Schmidt condensation, is 
commonly used (Figure 2).
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Also, Figure 3 presents examples of the Wittig reaction and coupling reactions, which are among the 
alternative methods currently employed for the synthesis of chalcones. Within the scope of this study, 
a series of E-chalcone derivatives were synthesized, and their structural characterization is presented 
in detail. The structural characterization of the synthesized compounds was discussed with particular 
emphasis on the effects of the substituent groups. Moreover, the optical properties of the synthesized 
dyes were investigated through absorption and emission studies. The chalcone derivatives synthesized 
in this study are listed in Table 1.

Figure 2. Synthesis of E-chalcone

 

Figure 3. Various synthetic routes for the synthesis of E-chalcone [3]

2. Materials and Methods
All chemicals used for the syntheses (benzaldehyde, 2-hydroxybenzaldehyde, pyrene-1-carbaldehyde, 
acetophenone, 4-hydroxyacetophenone, sodium hydroxide, and hydrochloric acid) were purchased 
from Sigma-Merck and used without further purification. All solvents employed throughout this study 
(ethyl acetate, hexane, ethanol, dimethyl sulfoxide, and acetonitrile) were distilled when supplied in 
technical grade; otherwise, they were used as received.
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Structural characterization was performed using a Varian nuclear magnetic resonance (NMR) 
spectrometer, and all spectra were processed using MestReNova software. The chemical shifts of 
protons and carbons (500 MHz for 1H NMR and 125 MHz for 13C NMR) are reported in parts per 
million (ppm) relative to tetramethylsilane (TMS) as the internal standard. UV–Vis absorption spectra 
were recorded over the 190–1100 nm range using a T80+ UV–Vis spectrophotometer with 10 mm path-
length quartz cuvettes. Fluorescence measurements were carried out at room temperature using an 
Agilent Cary Eclipse fluorescence spectrophotometer with a 10 mm path-length quartz cuvette. 

2.1 Experimental Setup and Procedures

The α,β-unsaturated ketone compounds were synthesized via the Claisen–Schmidt condensation 
reaction. Equimolar amounts of a substituted acetophenone and an aromatic aldehyde derivative (1.25 
mmol of the aromatic aldehyde derivative) were dissolved in ethanol and added dropwise at room 
temperature to a 10% aqueous sodium hydroxide solution (EtOH/H2O, 4:5 v/v). The reaction mixture 
was stirred for 16 h, and the reaction progress was monitored by TLC. Upon completion, the mixture 
was neutralized with 4 N HCl in an ice bath. The reaction mixture was then stored in a refrigerator (+4 
°C) overnight, allowing the product to precipitate. The precipitated solid was collected by filtration, 
washed with cold ethanol, and dried. When necessary, the crude products were further purified by 
recrystallization from ethanol [20-23].
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Table 1. Synthesized E-chalcone derivatives

1100 nm range using a T80+ UV–Vis spectrophotometer with 10 mm path-length quartz cuvettes. 
Fluorescence measurements were carried out at room temperature using an Agilent Cary Eclipse 
fluorescence spectrophotometer with a 10 mm path-length quartz cuvette.  

2.1 Experimental Setup and Procedures 

The α,β-unsaturated ketone compounds were synthesized via the Claisen–Schmidt condensation reaction. 
Equimolar amounts of a substituted acetophenone and an aromatic aldehyde derivative (1.25 mmol of the 
aromatic aldehyde derivative) were dissolved in ethanol and added dropwise at room temperature to a 10% 
aqueous sodium hydroxide solution (EtOH/H2O, 4:5 v/v). The reaction mixture was stirred for 16 h, and 
the reaction progress was monitored by TLC. Upon completion, the mixture was neutralized with 4 N HCl 
in an ice bath. The reaction mixture was then stored in a refrigerator (+4 °C) overnight, allowing the product 
to precipitate. The precipitated solid was collected by filtration, washed with cold ethanol, and dried. When 
necessary, the crude products were further purified by recrystallization from ethanol [20-23]. 

Table 1. Synthesized E-chalcone derivatives 

Aromatic 
Aldehyde 
Derivative 

Substituted Acetophenone 
Compound 

Synthesized Chalcone 
Derivative 

Compound 
Name 
(Yield) 

O

 

Benzaldehyde 

O

 

Acetophenone 

O

 

E-chalcone 

Chalcone-3 

(90%) 

O

 

Benzaldehyde 

O

HO  

4-hydroxyacetophenone 

O

HO  

4’-hydroxy-E-chalcone 

Chalcone-5 

(95%) 

OOH

 
2-hydroxybenzaldehyde 

O

 

Acetophenone 

O

HO  

2-hydroxy-E-chalcone 

Chalcone-6 

(97%) 

O

 
Pyrene-1-carboxyaldehyde 

O

 

Acetophenone 

O

 
(E)-1-phenyl-3-(pyren-2-yl)prop-2-en-1-one 

Chalcone-7 

(84%) 

O

N
 

4-dimethylaminobenzaldehyde 

O

 

Acetophenone 

O

N
 

4-dimethylamino-E-chalcone 

Chalcone-9 

(92%) 

O

O
 

terephthalaldehyde 

O

 

Acetophenone 

O

O  

bis-E-chalcone 

Chalcone-
12 

(86%) 

Chalcone-3 (1H NMR, 500 MHz, CDCl3): 8.04 (d, 2H); δ = 7.83 (d, 1H); δ = 7.67 (d, 2H); δ = 7.60 (t, 
1H); δ = 7.53 (m, 3H); δ = 7.44 (m, 3H). Chalcone-3 (13C NMR, 126 MHz, CDCl3): 190.60, 144.87, 
138.23, 134.90, 132.80, 130.56, 128.98, 128.64, 128.52, 128.46, 122.12. 

Chalcone-5 (1H NMR, 500 MHz, CDCl3): 8.02 (d, 2H); δ = 7.83 (d, 1H); δ = 7.67 (d, 2H); δ = 7.60 (t, 
1H); δ = 7.53 (m, 3H); δ = 7.44 (m, 3H). Chalcone-5 (13C NMR, 126 MHz, CDCl3): 188.95, 160.10, 
144.27, 135.02, 131.18, 131.17, 130.42, 128.95, 128.40, 121.84, 115.49. 

Chalcone-6 (1H NMR, 500 MHz, CDCl3): 10.29 (s, 1H), 8.09 (d, 2H), 8.05 (d, 1H), 7.89 – 7.81 (m, 2H), 
7.64 (t, 1H), 7.56 (t, 2H), 7.27 (t, 1H), 6.94 (d, 1H), 6.87 (t, 1H). Chalcone-6 (13C NMR, 126 MHz, 
CDCl3): 189.98, 157.74, 140.03, 133.35, 132.53, 129.23, 129.11, 128.80, 121.83, 121.40, 119.87, 116.70. 

Chalcone-7 (1H NMR, 500 MHz, CDCl3): 9.02 (d, 1H), 8.58 (d, 1H), 8.45 (d, 1H), 8.26 – 8.04 (m, 9H), 
7.85 (d, 1H), 7.68 – 7.61 (m, 1H), 7.58 (d, 2H). Chalcone-7 (13C NMR, 126 MHz, CDCl3): 190.23, 141.44, 
138.42, 132.92, 132.86, 131.27, 130.68, 130.32, 128.72, 128.69, 128.65, 128.61, 127.31, 126.30, 126.06, 
125.92, 125.01, 124.92, 124.55, 124.14, 123.83, 122.53. 

Chalcone-9 (1H NMR, 500 MHz, CDCl3): 8.07 – 7.97 (m, 2H), 7.81 (d, 1H), 7.62 – 7.46 (m, 5H), 7.35 
(d, 1H), 6.70 (d, 2H), 3.05 (s, 6H). Chalcone-9 (13C NMR, 126 MHz, CDCl3): 190.71, 152.06, 145.89, 
139.08, 132.16, 130.44, 128.47, 128.32, 116.89, 111.83, 40.14. 

Chalcone-12 (1H NMR, 500 MHz, CDCl3): 8.08 – 8.00 (m, 4H), 7.82 (d, 2H), 7.70 (s, 4H), 7.64 – 7.51 
(m, 8H). Chalcone-12 (13C NMR, 126 MHz, CDCl3): 190.28, 143.58, 138.04, 136.88, 133.00, 128.99, 
128.72, 128.55, 123.03 

2.1.1. UV–Vis and Fluorescence Spectroscopic Analysis 

The stock solutions of Chalcone-3 (1 mM), Chalcone-5 (1 mM), and Chalcone-7 (5 mM) were prepared in 
acetonitrile, whereas the stock solution of Chalcone-6 (1 mM) was prepared in dimethyl sulfoxide (DMSO). 
UV–Vis absorption measurements were performed over the concentration range of 0–80 μM, and the 
corresponding calibration curves were constructed. Also, owing to the presence of the pyrene moiety, the 
fluorescence emission spectrum of Chalcone-7 was recorded over the concentration range of 0–20 μM, and 
the corresponding fluorescence calibration curve was established.  

Chalcone-3 (1H NMR, 500 MHz, CDCl3): 8.04 (d, 2H); δ = 7.83 (d, 1H); δ = 7.67 (d, 2H); δ = 7.60 (t, 1H); δ 
= 7.53 (m, 3H); δ = 7.44 (m, 3H). Chalcone-3 (13C NMR, 126 MHz, CDCl3): 190.60, 144.87, 138.23, 134.90, 
132.80, 130.56, 128.98, 128.64, 128.52, 128.46, 122.12.

Chalcone-5 (1H NMR, 500 MHz, CDCl3): 8.02 (d, 2H); δ = 7.83 (d, 1H); δ = 7.67 (d, 2H); δ = 7.60 (t, 1H); δ 
= 7.53 (m, 3H); δ = 7.44 (m, 3H). Chalcone-5 (13C NMR, 126 MHz, CDCl3): 188.95, 160.10, 144.27, 135.02, 
131.18, 131.17, 130.42, 128.95, 128.40, 121.84, 115.49.

Chalcone-6 (1H NMR, 500 MHz, CDCl3): 10.29 (s, 1H), 8.09 (d, 2H), 8.05 (d, 1H), 7.89 – 7.81 (m, 2H), 
7.64 (t, 1H), 7.56 (t, 2H), 7.27 (t, 1H), 6.94 (d, 1H), 6.87 (t, 1H). Chalcone-6 (13C NMR, 126 MHz, CDCl3): 
189.98, 157.74, 140.03, 133.35, 132.53, 129.23, 129.11, 128.80, 121.83, 121.40, 119.87, 116.70.
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Chalcone-7 (1H NMR, 500 MHz, CDCl3): 9.02 (d, 1H), 8.58 (d, 1H), 8.45 (d, 1H), 8.26 – 8.04 (m, 9H), 
7.85 (d, 1H), 7.68 – 7.61 (m, 1H), 7.58 (d, 2H). Chalcone-7 (13C NMR, 126 MHz, CDCl3): 190.23, 141.44, 
138.42, 132.92, 132.86, 131.27, 130.68, 130.32, 128.72, 128.69, 128.65, 128.61, 127.31, 126.30, 126.06, 125.92, 
125.01, 124.92, 124.55, 124.14, 123.83, 122.53.

Chalcone-9 (1H NMR, 500 MHz, CDCl3): 8.07 – 7.97 (m, 2H), 7.81 (d, 1H), 7.62 – 7.46 (m, 5H), 7.35 (d, 
1H), 6.70 (d, 2H), 3.05 (s, 6H). Chalcone-9 (13C NMR, 126 MHz, CDCl3): 190.71, 152.06, 145.89, 139.08, 
132.16, 130.44, 128.47, 128.32, 116.89, 111.83, 40.14.

Chalcone-12 (1H NMR, 500 MHz, CDCl3): 8.08 – 8.00 (m, 4H), 7.82 (d, 2H), 7.70 (s, 4H), 7.64 – 7.51 (m, 
8H). Chalcone-12 (13C NMR, 126 MHz, CDCl3): 190.28, 143.58, 138.04, 136.88, 133.00, 128.99, 128.72, 
128.55, 123.03

2.1.1. UV–Vis and Fluorescence Spectroscopic Analysis

The stock solutions of Chalcone-3 (1 mM), Chalcone-5 (1 mM), and Chalcone-7 (5 mM) were prepared 
in acetonitrile, whereas the stock solution of Chalcone-6 (1 mM) was prepared in dimethyl sulfoxide 
(DMSO). UV–Vis absorption measurements were performed over the concentration range of 0–80 μM, 
and the corresponding calibration curves were constructed. Also, owing to the presence of the pyrene 
moiety, the fluorescence emission spectrum of Chalcone-7 was recorded over the concentration range 
of 0–20 μM, and the corresponding fluorescence calibration curve was established. 

3. Results 
The functional groups present in a molecular structure, and their positions are among the key factors 
influencing the properties of the final product. In this study, we confirmed the structures of the 
synthesised E-chalcone derivatives through structural characterisation and investigated the effects of 
the functional groups on their properties.

The structural characterization of all synthesized compounds was carried out using 1H NMR and 13C 
NMR spectroscopy. Examination of the 1H NMR spectra presented in Figure 4 revealed a coupling 
constant of approximately 15 Hz for the O=C–CH=CH2 moiety. This large coupling constant clearly 
indicates the trans (E-) configuration of the double bond. Furthermore, the proton attached to the 
O=C–CH fragment resonates at 7 ppm or higher, which can be attributed to the reduced shielding of 
this proton resulting from the extensive conjugation within the E-chalcone framework. Analysis of 
the chemical shifts corresponding to the O=C(R)–CH=CH2–R moiety showed that, for each derivative, 
the proton attached to the β-carbon is less shielded than the proton attached to the α-carbon. This 
observation can be explained by the partial positive charge developed at the β-carbon due to the α,β-
unsaturated carbonyl system. Based on the 1H NMR analyses, the effects of different substituents can 
be evaluated by taking Chalcone-3 as the reference compound. Accordingly, Table 2 was prepared to 
summarize the chemical shifts of the α- and β-protons.
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Figure 4. 1H NMR spectra of Chalcone-3 (a), Chalcone-5 (b), Chalcone-6 (c), Chalcone-7 (d), Chalcone-

9 (e) and Chalcone-12 (f) 

Table 2. Chemical shifts of the α- and β-protons as a functional groups 

Synthesized Derivative 
Schematic representation and NMR chemical 

shifts of the α- and β-protons Chemical Shift Analysis 

Chalcone-3 

 

Reference Compound 

Figure 4. 1H NMR spectra of Chalcone-3 (a), Chalcone-5 (b), Chalcone-6 (c), Chalcone-7 (d), 
Chalcone-9 (e) and Chalcone-12 (f)
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Table 2. Chemical shifts of the α- and β-protons as a functional groups

Synthesized Derivative 
Schematic representation and NMR chemical 

shifts (in ppm) of the α- and β-protons Chemical Shift Analysis 

Chalcone-3 

 

Reference Compound 

Chalcone-5 

 

Although the hydroxyl function is an 
electron-donating group, no significant 
effect was observed due to the electron-
withdrawing nature of the carbonyl 
group and its distance from the α, β-
unsaturated bond. 

 

Chalcone-6 

 

While the hydroxyl function is an 
electron-donating group, the opposite 
effect was observed due to 
intramolecular hydrogen-bond formation 
involving the β-proton. 

Chalcone-7 

 

The extensive π-electron delocalization 
within the pyrene moiety increases E-
chalcones’ electron density, leading to 
reduced shielding of the β-position 
proton. 

Chalcone-9 

 

The electron-donating nature of the 
N(CH3)2 group leads to increased 
shielding, particularly at the α-position 
compared to the β-position, due to 
electron delocalization throughout the 
α,β-unsaturated system. 

Chalcone-12 

 

Chalcone-12 does not contain any 
additional functional groups. 

Similarly, examination of the 13C NMR spectra (Figure 5) revealed the absence of a signal at approximately 
200 ppm, indicating that no aldehyde functionality remained in the final products. Furthermore, comparison 
with the starting ketones showed a noticeable shift in the resonance of the carbonyl carbon. This shift can 
be attributed to the fact that the synthesized E-chalcone derivatives are phenylstyryl ketone analogues, 
possessing greater electron density and a higher degree of π-electron delocalization than the corresponding 
starting ketones. 

Chalcone-5 

 

Although the hydroxyl function is an 
electron-donating group, no significant 
effect was observed due to the electron-
withdrawing nature of the carbonyl 
group and its distance from the α, β-
unsaturated bond. 

 

Chalcone-6 

 

While the hydroxyl function is an 
electron-donating group, the opposite 
effect was observed due to 
intramolecular hydrogen-bond formation 
involving the β-proton. 

Chalcone-7 

 

The extensive π-electron delocalization 
within the pyrene moiety increases E-
chalcones’ electron density, leading to 
reduced shielding of the β-position 
proton. 

Chalcone-9 

 

The electron-donating nature of the 
N(CH3)2 group leads to increased 
shielding, particularly at the α-position 
compared to the β-position, due to 
electron delocalization throughout the 
α,β-unsaturated system. 

Chalcone-12 

 

Chalcone-12 does not contain any 
additional functional groups. 

Similarly, examination of the 13C NMR spectra (Figure 5) revealed the absence of a signal at approximately 
200 ppm, indicating that no aldehyde functionality remained in the final products. Furthermore, comparison 
with the starting ketones showed a noticeable shift in the resonance of the carbonyl carbon. This shift can 
be attributed to the fact that the synthesized E-chalcone derivatives are phenylstyryl ketone analogues, 
possessing greater electron density and a higher degree of π-electron delocalization than the corresponding 
starting ketones. 

Similarly, examination of the 13C NMR spectra (Figure 5) revealed the absence of a signal at 
approximately 200 ppm, indicating that no aldehyde functionality remained in the final products. 
Furthermore, comparison with the starting ketones showed a noticeable shift in the resonance of the 
carbonyl carbon. This shift can be attributed to the fact that the synthesized E-chalcone derivatives are 
phenylstyryl ketone analogues, possessing greater electron density and a higher degree of π-electron 
delocalization than the corresponding starting ketones.
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Figure 5. 13C NMR spectra of Chalcone-3 (a), Chalcone-5 (b), Chalcone-6 (c), Chalcone-7 (d), 

Chalcone-9 (e) and Chalcone-12 (f) 

The UV–Vis absorption spectra and the corresponding calibration curves of Chalcone-3, Chalcone-5, 
Chalcone-6, and Chalcone-7 are presented in Figure 7. Examination of the UV–Vis absorption spectra 
clearly demonstrate the electron-donating effect of the hydroxyl group through a red (bathochromic) shift 
in the maximum absorption wavelength. Furthermore, comparison of Chalcone-5 and Chalcone-6 shows 
that positioning the hydroxyl group on the aldehyde-derived aromatic ring increases the number of possible 
resonance structures within the conjugated system. As a result, a noticeable broadening of the absorption 
band is observed in the UV–Vis spectra. In addition, the UV–Vis absorption spectrum of Chalcone-6 
exhibits a distinct double-peaked profile. Unlike the other derivatives, the absorption of Chalcone-7 is red-

Figure 5. 13C NMR spectra of Chalcone-3 (a), Chalcone-5 (b), Chalcone-6 (c), Chalcone-7 (d), Chalcone-9 (e) and 
Chalcone-12 (f)

The UV–Vis absorption spectra and the corresponding calibration curves of Chalcone-3, Chalcone-5, 
Chalcone-6, and Chalcone-7 are presented in Figure 7. Examination of the UV–Vis absorption spectra 
clearly demonstrate the electron-donating effect of the hydroxyl group through a red (bathochromic) 
shift in the maximum absorption wavelength. Furthermore, comparison of Chalcone-5 and Chalcone-6 
shows that positioning the hydroxyl group on the aldehyde-derived aromatic ring increases the number 
of possible resonance structures within the conjugated system. As a result, a noticeable broadening of 
the absorption band is observed in the UV–Vis spectra. In addition, the UV–Vis absorption spectrum 
of Chalcone-6 exhibits a distinct double-peaked profile. Unlike the other derivatives, the absorption 
of Chalcone-7 is red-shifted to approximately 400 nm, which can be attributed to the presence of the 
pyrene moiety. Comparison with the absorption spectrum of pyrene itself clearly demonstrates the 
optical changes induced by the α,β-unsaturated conjugated system.

In addition to the UV–Vis absorption study, the fluorescence emission spectrum of Chalcone-7 was 
recorded because of its pyrene functionality, and the corresponding calibration curve is presented in 
Figure 6.
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shifted to approximately 400 nm, which can be attributed to the presence of the pyrene moiety. Comparison 
with the absorption spectrum of pyrene itself clearly demonstrates the optical changes induced by the α,β-
unsaturated conjugated system. 

In addition to the UV–Vis absorption study, the fluorescence emission spectrum of Chalcone-7 was 
recorded because of its pyrene functionality, and the corresponding calibration curve is presented in Figure 
6. 

 
Figure 6. Fluorescence emission spectrum of Chalcone-7 (a), and the corresponding calibration curve (b) 

 

Figure 6. Fluorescence emission spectrum of Chalcone-7 (a), and the corresponding calibration curve (b)

 
Figure 7. UV–Vis absorption spectrum of Chalcone-3 (a) and the corresponding calibration curve (b), 
UV–Vis absorption spectrum of Chalcone-5 (c), and the corresponding calibration curve (d), UV–Vis 

absorption spectrum of Chalcone-6 (e), and the corresponding calibration curve (f), UV–Vis absorption 
spectrum of Chalcone-7 (g), and the corresponding calibration curve (h). 

 
Figure 7. UV–Vis absorption spectrum of Chalcone-3 (a) and the corresponding calibration curve (b), UV–
Vis absorption spectrum of Chalcone-5 (c), and the corresponding calibration curve (d), UV–Vis absorption 

spectrum of Chalcone-6 (e), and the corresponding calibration curve (f), UV–Vis absorption spectrum of 
Chalcone-7 (g), and the corresponding calibration curve (h).
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4. Conclusions
Herein a series of substituted E-chalcone derivatives were successfully synthesized via Claisen-Schmidt 
condensation with high yields (up to 97%) under basic conditions in line with literature [20-23], and 
the resulting structures were confirmed by spectroscopic characterization. In this study, The Claisen-
Schmidt reaction was performed in the synthesis of targeted chalcones, in which the reaction pathway 
proceeds through an aldol addition followed by dehydration step, whereby the base-catalyzed enolate 
of the methyl ketone attacks the carbonyl carbon of the benzaldehyde, and subsequent elimination 
of water furnishes the conjugated α,β-unsaturated ketone framework with the thermodynamically 
favored E- geometry [9]. Given that chalcones possess remarkable versatility as synthetic intermediates 
– specifically because of their α,β- unsaturated ketone core serving as an electrophilic Michael acceptor 
– that can be utilized in the construction of heterocyclic scaffolds, [24, 25] a comprehensive identification 
of substituent effects will provide valuable insights into their electronic tuning and chemical behavior. 
In the study, these effects were discussed over synthesized six different chalcones demonstrating that 
the optical and electronic properties of E-chalcones can be precisely fine-tuned by strategic functional 
group positioning and electronic modification. These structurally characterized derivatives provide a 
robust foundational library for the ongoing development of further heterocyclic scaffolds that can be 
utilized in various fields, such as fluorescent probes and chemosensors.
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Abstract

In this study, it is aimed to experimentally model a cantilever beam under the effect of electromagnetic 
force using a magnetic levitation (maglev) system and to investigate its vibration behavior. In the 
experimental setup, the free end of an aluminum beam fixed at one end is coated with a ferromagnetic 
material and exposed to the magnetic field generated by electromagnets. In this way, a contactless 
damping mechanism is achieved within the system.

In the established experimental setup, the dynamic responses of the beam were measured under 
excitations applied at different frequencies, and frequency response functions were obtained. Using 
these data, the natural frequency and damping characteristics of the system were determined, and 
subsequently, experimental modeling was carried out using a second-order transfer function through 
optimization methods.

Additionally, by varying the magnitude of the electromagnetic force, its effect on the damping ratio of 
the system was examined, and it was observed that increasing the magnetic force significantly reduces 
the vibration amplitude. Consistent with similar studies in the literature, it has been confirmed that the 
contactless electromagnetic damping method provides effective vibration suppression without altering 
the system dynamics compared to conventional mechanical dampers.

The obtained results demonstrate that maglev-based electromagnetic systems offer high accuracy and 
applicability in the experimental modeling of flexible structures and active vibration control. This 
study provides an experimental contribution to the literature on the modeling of beam systems using 
a contactless damping approach.
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1. Introduction
In modern engineering applications, flexible beam-type structures (such as robotic arms, space 
structures, energy harvesting devices, and vibration sensors) exhibit sensitive dynamic behavior in 
response to external excitations. Accurate determination of the natural frequencies, mode shapes, 
and damping ratios of these structures plays a critical role in vibration control, structural health 
monitoring, and parameter identification. In particular, systems actuated by magnetic forces overcome 
the limitations of conventional mechanical excitation by enabling contactless actuation.

The dynamic behavior of flexible beam structures has long been studied in engineering systems for 
applications such as vibration control, structural health monitoring, and energy harvesting. Analytical 
models based on Euler–Bernoulli beam theory are commonly used as fundamental tools for predicting 
natural frequencies and mode shapes; however, experimental validation is essential due to material 
heterogeneity, boundary conditions, and additional components present in real systems [1].

Many studies have investigated the modal parameters of cantilever (fixed-free) beams with an 
attached tip mass. The additional mass significantly reduces the natural frequencies, alters the mode 
shapes, and affects the damping characteristics of the system. This effect is widely utilized in areas 
such as energy harvesting devices, parametric resonance, and structural parameter identification. 
Experimental and numerical studies have demonstrated the systematic influence of the added mass 
on frequency response functions (FRFs) [2].

In recent years, beam systems actuated by magnetic forces that provide contactless excitation have 
attracted increasing attention. Studies involving ferromagnetic tip coatings or magnetic actuators have 
enabled the acquisition of cleaner and more repeatable FRF data compared to traditional mechanical 
excitations. This approach has proven effective in applications such as active vibration control, 
electromagnetic damping, and magnetically coupled energy harvesting [3].

Guo, et al. [4] conducted a theoretical, simulation-based, and experimental study on the effects of 
added mass in weight-sensing structures, systematically revealing the different impacts of mass 
distribution, center of gravity, and stiffness distribution on natural frequencies. The results showed 
that added mass parameters significantly alter the frequencies, providing an important basis for the 
design of high-precision measurement systems.

Beam systems actuated by magnetic forces or incorporating magnetic coupling have become prominent 
due to their contactless excitation advantages. Feng, et al. [5] designed and experimentally investigated 
a broadband vibration energy harvester based on orthogonally magnetically coupled dual cantilever 
beams. By adjusting the magnetic angle and spacing, they optimized the coupling between two 
piezoelectric oscillators to widen the frequency bandwidth. Experimental results demonstrated that 
the proposed magnetic coupling configuration significantly improved energy harvesting efficiency 
and broadened the operating frequency range.

Electromagnetic actuation and damping techniques have also been effectively applied to ferromagnetic 
beams. Siddiqui, et al. [6] implemented electromagnetic damping on a flexible cantilever beam 
made of ferromagnetic material and experimentally compared vibration reduction under different 
electromagnetic force levels. Using a constant DC power supply, they proposed a new method and 
showed that increasing electromagnetic force significantly improves the damping ratio. Similarly, 
Gospodarič, et al. [7] developed an active electromagnetic damping system for a laterally vibrating 
ferromagnetic cantilever beam. Using a switching current amplifier and a pair of electromagnets, 
they aimed to actively control vibrations. Experimental results confirmed that the proposed system 
effectively reduces lateral vibrations.

Studies investigating the effect of added mass under different environmental conditions are also 
available in the literature. Sedlar, et al. [8] performed experimental modal analysis on a cantilever 
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beam partially submerged in water, comparing modal parameters in air and water environments and 
quantitatively determining the “added (virtual) mass” effect. Using modal added mass calculations 
along with model updating and reduction techniques, they showed that the frequency decrease in water 
is largely due to the added mass effect.

In the literature, processing experimentally obtained FRF data in MATLAB to develop parametric 
models is a common approach. However, studies systematically investigating variable added mass 
configurations combined with ferromagnetic tip coatings and performing FRF-based modeling under 
magnetic excitation are limited. The present study aims to fill this gap by coating the free end of a 
cantilever aluminum beam with ferromagnetic material to make it sensitive to magnetic forces, altering 
system dynamics with different added masses, and analyzing experimentally obtained FRFs for each 
configuration using MATLAB to develop a mathematical model. This approach provides a practical 
experimental framework for modal analysis and parameter identification of magnetically actuated 
flexible structures.

In this context, an aluminum beam fixed at one end and free at the other was designed, and its free end 
was coated with ferromagnetic material to make it responsive to magnetic forces. Different magnitudes 
of added masses were integrated into the system to gradually modify its dynamic characteristics, and 
experimental frequency response functions were obtained for each configuration. The acquired data 
were analyzed using MATLAB to develop the mathematical model of the system. This study aims to 
experimentally demonstrate the effect of the combination of magnetic actuation and variable mass on 
the modal analysis of flexible beams and to contribute a practical modeling approach to the literature.

2. Conceptual Framework
In this study, an aluminum beam fixed at one end and free at the other was first designed. The free end 
of the beam was coated with a ferromagnetic material to enable observation of the effect of magnetic 
forces on the beam motion. Then, different magnitudes of added masses were placed on the beam to 
alter the modal characteristics of the system. After each mass addition, the experimentally obtained 
frequency response functions were recorded in detail and analyzed in MATLAB, and the parametric 
modeling of the system was successfully completed.

3. Methods
The beam, made of Al 6063 material, was fixed at one end, while its free end was coated with ferromagnetic 
material and positioned inside the maglev device to be influenced by magnetic forces.

The dimensions of the aluminum beam used are (360 × 40 × 0.7) mm. The chemical composition of the 
material is given in Table 1, and its mechanical properties are presented in Table 2.

Table 1. Chemical Composition of Al 6063 Material [9]

Fe Si Cu Mn Mg Zn Cr Zi Other
0.35 0.2-0.6 0.1 0.1 0.45-0.9 0.1 0.1 0.15 0.15
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Table 2. Mechanical Properties of Al 6063 Material [9]

Temper Yield Strength 
(MPa)

min-max

Tensile Strength (MPa)

min-max

Elongation (%50)

min-max

Hardness (Brinell)

min-max

0 50 100 26 25
T1 90 150 24 45
T4 90 160 21 50
T5 110-175 150-215 12 60
T6 170-210 205-245 12 75
T8 240 260 9 80

3.1. Magnetic Levitation System

In the experimental setup, a maglev device (Magnetic levitation system 33 – 210) was used to generate 
a magnetic field and determine the amplitude of vibrations in the cantilever beam (Figure 1). The 
maglev unit consists of a connection interface panel with a mechanical unit on which a coil is mounted. 
An infrared sensor is connected to the mechanical unit. Figure 2 shows the control panel of the maglev 
device.

Figure 1. Magnetic levitation system

Figure 2. Control panel of the maglev device
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The Maglev system measures 370 mm x 250 mm x 260 mm and weighs approximately 10 kg. The system 
has an internal power supply and can operate independently in analog mode without any computer 
control software.

3.2. Data Card

PCI 1711U data card was used in the experimental setup. The technical specifications of the 1711U DAQ 
card are given in Table 3. Here, the data card reads analog and digital inputs from all input lines.

Table 3. Specifications of the PCI-1711U DAQ Card

16-channel single-ended analog input

12-bit A/D converter with sampling rates up to 100 
kHz.
Programmable gain

Automatic channel/gain display

FIFO panel memory (1,024 samples)

2 x 12-bit output channels

16-channel digital input and 16-channel digital output

Programmable calculator on the panel

To allow the free end of the fixed aluminum beam to be affected by the magnetic force coming from the 
coil, a low-carbon steel piece (35 x 40 x 1.7 mm) was glued to it with a special adhesive. The reason for 
gluing the low-carbon steel to the end of the aluminum beam is that the greatest vibration occurs in this 
region. The experimental system was set up by positioning the free end of the aluminum beam so that it 
was aligned with the coil and position sensors in the magnetic levitation device (Figure 3).

Figure 3. Experimental setup

The aim is to dampen the vibrations generated in the aluminum beam under magnetic forces. 
Subsequently, the system was modeled by integrating different mass values ​​into the beam, and the 
experimentally determined frequency response functions were analyzed in the Matlab program.
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4. Results and Discussion
In digital mode, the maglev system operates using MATLAB®/Simulink software. Feedback software 
for Simulink is provided for implementing control algorithms and the interface between the PC and 
the maglev system hardware. It runs in a MATLAB® environment that enables the determination 
of system parameters and modeling of the system. Figure 4 shows the MATLAB®/Simulink block 
diagram of the system. Real-time experiments were digitally configured and performed using this 
block diagram.

Figure 4. MATLAB® / Simulink model of the maglev system

In this study, the natural frequency of the beam was first determined by sending signals with 
a constant amplitude of 0.2 mm at different frequencies in the range of 2-10 Hz with a sinusoidal 
input to the system. The graphs below show the steady-state responses obtained in response to the 
sinusoidal inputs sent to the system (Figures 5-8). The response with the highest amplitude shows us 
that the resonance frequency of the system is the frequency given for the input. Therefore, knowing 
that the resonance frequency is also the natural frequency of the system, it is revealed that the natural 
frequency is 5.96 Hz (Figure 6(a)).
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Figure 5. Responses obtained to sinusoidal inputs of different frequencies
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Figure 6. Responses obtained to sinusoidal inputs of different frequencies
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Figure 7. Responses obtained to sinusoidal inputs of different frequencies
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Figure 8. Responses obtained to sinusoidal inputs of different frequencies

Amplitude values ​​were calculated in dB based on the steady-state responses obtained for different 
frequency (Hz) inputs, and Figure 3.9 was obtained corresponding to the input frequencies. Here, the 
frequency values ​​were also converted to rad/s. The peak point in the graph is the natural frequency of 
the system and was calculated as 37.45 rad/s.

Figure 9. Amplitude-frequency graph obtained from experimental data

The characteristic equation was then used to obtain the system’s transfer function (Equation 1).
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The characteristic equation was then used to obtain the system's transfer function (Equation 1). 
 

𝐺𝐺(𝑠𝑠) = 𝑘𝑘
𝑠𝑠2+2𝜉𝜉𝑤𝑤𝑛𝑛𝑠𝑠+𝑤𝑤𝑛𝑛2

             (1) 

 
Here, the natural frequency was experimentally determined as wn = 37.44 rad/s. k and ξ represent the gain 
and damping ratios, respectively. The data obtained in the Matlab program were plotted on the Bode 
diagram (Figure 10), and the specified gain and damping ratio values were optimized using the fmincon 
command to obtain the closest gain and damping ratio values, thus obtaining the system's transfer function. 
The optimization results showed an error rate of 4.741% and a correlation coefficient of R² = 0.9562. 
Therefore, it can be said that the system's transfer function was successfully obtained through optimization 
(Figure 11). 
 

 
Figure 10. Experimental data and the plotting of the bode graph 

 

 
Figure 11. The graph obtained as a result of optimization 

Here, the natural frequency was experimentally determined as wn = 37.44 rad/s. k and ξ represent the 
gain and damping ratios, respectively. The data obtained in the Matlab program were plotted on the 
Bode diagram (Figure 10), and the specified gain and damping ratio values ​​were optimized using the 
fmincon command to obtain the closest gain and damping ratio values, thus obtaining the system’s 
transfer function. The optimization results showed an error rate of 4.741% and a correlation coefficient 
of R² = 0.9562. Therefore, it can be said that the system’s transfer function was successfully obtained 
through optimization (Figure 11).

Figure 10. Experimental data and the plotting of the bode graph

Figure 11. The graph obtained as a result of optimization

Figure 11 was obtained to provide a more detailed view of Figure 10. Through the optimization 
performed, k=1.0913 and ξ=0.0304 were found. Therefore, the transfer function of the system was 
obtained as follows (Equation 2).

(1)
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Figure 11 was obtained to provide a more detailed view of Figure 10. Through the optimization performed, 
k=1.0913 and ξ=0.0304 were found. Therefore, the transfer function of the system was obtained as follows 
(Equation 2). 
 

𝐺𝐺(𝑠𝑠) = 1.0913
𝑠𝑠2+2.276𝑠𝑠+1402.34               (2) 

 
Finally, the phase angles of the obtained continuous response curves were calculated and plotted on the 
Bode diagram, resulting in Figure 12. 
 

 
Figure 12. Experimental data and bode plot plot (Phase angle) 

 
 
4. Conclusions  

In this study, the dynamic behavior of a fixed-free aluminum beam under the influence of electromagnetic 
force was experimentally investigated using a magnetic levitation-based system, and the mathematical 
model of the system was successfully obtained. By coating the free end of the beam with ferromagnetic 
material, a contactless excitation and damping mechanism was created, thereby minimizing classical 
mechanical contact-related errors. As a result of the experimental analyses, the natural frequency of the 
system was consistently determined using both time-domain and frequency-domain data. Findings obtained 
from the frequency response functions showed that the system has a natural frequency of approximately 
5.96 Hz (37.45 rad/s). This value is consistent with experimental observations and clearly reveals the 
resonant behavior of the system. The second-order transfer function of the system was obtained with high 
accuracy through optimization studies performed in MATLAB. The agreement of the obtained model with 
the experimental data was confirmed with an error rate of 4.741% and a correlation coefficient of R² = 
0.9562. These results show that the proposed modeling approach reliably represents the system dynamics. 
Furthermore, when the effect of electromagnetic force on the system was examined, it was observed that 
as the magnetic effect increased, the vibration amplitude decreased and effective damping was achieved in 
the system. This shows that the electromagnetic damping method offers high efficiency along with the 
advantage of contactless control. 

,

Finally, the phase angles of the obtained continuous response curves were calculated and plotted on 
the Bode diagram, resulting in Figure 12.

Figure 12. Experimental data and bode plot plot (Phase angle)

4. Conclusions 
In this study, the dynamic behavior of a fixed-free aluminum beam under the influence of 
electromagnetic force was experimentally investigated using a magnetic levitation-based system, and 
the mathematical model of the system was successfully obtained. By coating the free end of the beam 
with ferromagnetic material, a contactless excitation and damping mechanism was created, thereby 
minimizing classical mechanical contact-related errors. As a result of the experimental analyses, the 
natural frequency of the system was consistently determined using both time-domain and frequency-
domain data. Findings obtained from the frequency response functions showed that the system has a 
natural frequency of approximately 5.96 Hz (37.45 rad/s). This value is consistent with experimental 
observations and clearly reveals the resonant behavior of the system. The second-order transfer 
function of the system was obtained with high accuracy through optimization studies performed 
in MATLAB. The agreement of the obtained model with the experimental data was confirmed 
with an error rate of 4.741% and a correlation coefficient of R² = 0.9562. These results show that the 
proposed modeling approach reliably represents the system dynamics. Furthermore, when the effect 
of electromagnetic force on the system was examined, it was observed that as the magnetic effect 
increased, the vibration amplitude decreased and effective damping was achieved in the system. This 
shows that the electromagnetic damping method offers high efficiency along with the advantage of 
contactless control.

In conclusion, it has been shown that magnetic levitation-assisted electromagnetic systems are an 
effective, precise, and applicable method for experimental modeling of flexible structures and vibration 
control. This study provides an experimental contribution to the frequency response function-based 
modeling approach, especially in magnetically driven systems, and creates an important infrastructure 
for future studies in fields such as active vibration control, smart structures, and energy harvesting 
systems.

(2)
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Abstract

A comprehensive quantum-chemical investigation of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one (C6H7FN2O2​
) was carried out using density functional theory (DFT) and Hartree–Fock (HF) methods at the 
B3LYP/6-31+G(d,p) and HF/6-31+G(d) levels to elucidate its structural, spectroscopic, thermochemical, 
charge distribution, and electronic properties. The optimized geometry reveals a stable heterocyclic 
structure in which the pyrimidinone ring, fluorine substituent, carbonyl group, and ethoxy moiety 
collectively govern the molecular electronic structure. The calculated geometrical parameters indicate 
good agreement between the theoretical approaches, confirming the reliability of the optimized 
molecular model. Theoretical 1H and 13C NMR chemical shifts were evaluated using the GIAO method 
and compared with available experimental data recorded in CDCl3​. The DFT calculations reproduce 
the experimental chemical shifts more accurately than the HF method, highlighting the importance 
of electron-correlation effects in predicting magnetic shielding constants. Significant deshielding is 
observed for carbon atoms bonded to electronegative nitrogen, oxygen, and fluorine atoms, whereas 
the ethoxy-group carbons and hydrogen atoms exhibit comparatively lower chemical shifts. Atomic 
charge distributions were also analyzed using both Mulliken population and atomic polar tensor (APT) 
schemes. The results reveal pronounced electronic polarization within the molecule, with carbonyl 
oxygen, fluorine atom, and pyrimidine nitrogen atoms carrying substantial negative charge densities, 

Citation:  Kurtul G., Erdem Ü., Yıldırım G. & Türkoz M.B.  (2026). DFT and HF Study of Structural, Spectroscopic, 
Thermochemical, and Electronic Properties of 2-Ethoxy-5-fluoro-1H-pyrimidin-4-one. Journal Of Applied Science 
and Engineering Materials, 1(1), 26–50. https://doi.org/10.71284/jasem202613

DFT and HF Study of Structural, Spectroscopic, 
Thermochemical, and Electronic Properties of 2-Ethoxy-5-

fluoro-1H-pyrimidin-4-one

Received (First): 11.04.2026
Revision: 21.05.2026
Accepted: 30.06.2026

Research Article

1 *Department of Mechanical Engineering, Faculty of Engineering, Bolu Abant Izzet Baysal University, 
Bolu, Türkiye
2Department of Electronics and Automation, Vocational School, Kirikkale University, Kirikkale, Türkiye
3Department of Electric and Electronics Engineering, Faculty of Engineering and Natural Sciences, 
Karabuk University, Karabuk, Türkiye

JASEM Journal is a journal of the Academic Studies Group.
https://journals.academicianstudies.com/jasem

Corresponding Author:
Gülnur Kurtul
e-mail: glnr85@gmail.com.tr The copyright of works published in the journal is transferred by the authors to AXIS World: Journal 

of Applied Cross-Disciplinary Insights. All published works are made available as open access under 
the Creative Commons Attribution 4.0 International License (CC BY 4.0). This license permits the use, 
sharing, adaptation, distribution, and reproduction of the work in any medium or format, including 
for commercial purposes, provided that appropriate credit is given to the author(s) and the original 
publication, a link to the license is provided, and any changes made are clearly indicated.

Copyright & License
https://creativecommons.org/licenses/by/4.0/ 

Gülnur Kurtul1 *  		 Ümit Erdem2   
Gürcan Yıldırım1   	 Mustafa Burak Türkoz3   

https://orcid.org/0000-0002-4497-6780
https://orcid.org/0000-0002-0480-8176
https://orcid.org/0000-0002-5177-3703
https://orcid.org/0000-0002-4127-7650


27

27

Volume: 1, Issue: 1,  Year: 2026 Journal Of Applied Science and Engineering Materials

while several carbon and hydrogen atoms exhibit positive charge accumulation. The calculated 
charge distribution confirms the existence of efficient intramolecular charge redistribution regulated 
by the combined electron-withdrawing effects of fluorine and carbonyl functionalities. Additionally, 
thermochemical calculations indicate that the molecule possesses favorable energetic stability, while 
the calculated dipole moment displays its polar molecular nature. Frontier molecular orbital (FMO) 
analysis displays that the HOMO is mainly localized over the pyrimidinone ring and heteroatom-rich 
regions, whereas the LUMO is concentrated around the carbonyl- and fluorine-containing portions of 
the heterocyclic structure. This spatial separation facilitates intramolecular charge-transfer processes. 
The HOMO-LUMO energy gap together with the derived global reactivity descriptors, including 
electronegativity, chemical hardness, softness, chemical potential, and electrophilicity index, indicate 
a balanced combination of electronic stability and chemical reactivity. UV-Vis spectral analysis reveals 
that the electronic absorption behavior is dominated by π π* and n π* transitions involving the 
conjugated heterocyclic system and heteroatom lone-pair electrons. Furthermore, electrostatic potential 
(ESP) and molecular electrostatic potential (MEP) analyses identify the carbonyl oxygen atom, fluorine 
atom, and ring nitrogen atoms as the most electron-rich regions, while the N-H and ethoxy hydrogen 
atoms constitute the principal positive potential zones. All in all, the theoretical results obtained show 
that 2-ethoxy-5-fluoro-1H-pyrimidin-4-one possesses a highly polarized electronic structure, well-
defined reactive centers, and favorable charge-transfer characteristics. The findings provide a detailed 
understanding of its structural stability, spectroscopic behavior, and reactivity patterns, suggesting 
potential relevance in pharmaceutical, agrochemical, and functional-material applications [1,2,3].

Keywords: 2-Ethoxy-5-fluoro-1H-pyrimidin-4-one; Atomic charge distribution; UV-Vis spectroscopy; 
FMO analysis; Thermochemical properties.

1. Introduction 
Heterocyclic compounds containing pyrimidine rings constitute one of the most important classes 
of organic molecules owing to their central role in medicinal chemistry, biochemistry, and materials 
science. Pyrimidine derivatives form the structural backbone of several naturally occurring 
nucleobases and exhibit a broad spectrum of biological activities, including antiviral, antibacterial, 
antifungal, antitumor, and anti-inflammatory properties. Consequently, understanding the structural 
and electronic characteristics of pyrimidine-based molecules has attracted considerable interest from 
both experimental and theoretical researchers [1–3].

Among fluorinated heterocycles, fluoropyrimidine derivatives have received particular attention 
because the introduction of fluorine significantly modifies molecular polarity, electronic distribution, 
metabolic stability, intermolecular interactions, and biological activity. Owing to its high 
electronegativity and small atomic radius, fluorine can alter charge density distribution and molecular 
reactivity without substantially perturbing the molecular structure. The characteristics mentioned have 
made fluorinated pyrimidines important building blocks in pharmaceutical synthesis and medicinal 
chemistry, especially in the development of antimetabolites, antiviral agents, and anticancer drugs 
[4–6].

The compound investigated in the present work, 2-ethoxy-5-fluoro-4-pyrimidinone (also known as 
2-ethoxy-5-fluoro-1H-pyrimidin-4-one, 2-ethoxy-5-fluoropyrimidin-4(1H)-one,4(1H)-pyrimidin one, 
2-ethoxy-5-fluoro-, and 5-fluoro-2-ethoxy-4-pyrimidinone), belongs to the fluorinated pyrimi dinone 
family and possesses the molecular formula C6H7FN2O6. The molecule contains a conjugated 
pyrimidinone ring incorporating two nitrogen atoms, a fluorine substituent, and an ethoxy functional 
group, providing a chemically versatile framework with potentially interesting electronic and 
spectroscopic properties [7–9]. Furthermore, this compound has been reported as an intermediate and 
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impurity related to fluoropyrimidine-based pharmaceutical compounds and fluorouracil derivatives, 
further increasing its chemical significance.

From a molecular physics perspective, the coexistence of electron-withdrawing fluorine, heteroatomic 
nitrogen centers, and oxygen-containing functional groups generates a complex electronic environment 
regulated by intramolecular charge transfer, orbital delocalization, hydrogen-bonding tendencies, and 
tautomeric effects. The features discussed can strongly influence molecular stability, frontier molecular 
orbitals, dipole moment, nonlinear optical behavior, and spectroscopic signatures [10–13]. Despite the 
potential importance of the fluorinated pyrimidinone derivative, detailed investigations concerning its 
electronic structure, quantum-chemical descriptors, charge-transfer characteristics, and spectroscopic 
properties remain relatively limited.

Recent advances in quantum computational theories such as Hartree-Fock (HF) and especially density 
functional theory (DFT) have provided powerful tools for investigating molecular systems at the atomic 
level. Particularly, DFT calculations enable accurate prediction of optimized molecular geometries, 
vibrational frequencies, electronic transitions, molecular electrostatic potential distributions, frontier 
molecular orbital energies, global reactivity descriptors, and intermolecular interaction sites. The 
integration of experimental spectroscopy with quantum-chemical calculations therefore provides a 
comprehensive understanding of the structure-property relationships governing molecular behavior 
[14–17]. Accordingly, the primary objective of the present study is to perform a comprehensive atomic 
and molecular-level investigation of 2-ethoxy-5-fluoro-4-pyrimidinone using advanced quantum-
chemical approaches. Detailed analyses of molecular geometry, electronic structure, frontier molecular 
orbitals, charge distribution, molecular electrostatic potential, global reactivity descriptors, and 
spectroscopic characteristics are conducted to elucidate the fundamental physicochemical properties 
of this fluorinated pyrimidinone derivative. The obtained results are expected to contribute to a deeper 
understanding of fluorinated heterocyclic compounds and to provide valuable theoretical insight for 
future pharmaceutical, chemical, and materials-related applications.

The presence of a fluorine substituent, an ethoxy functional group, and a heteroaromatic pyrimidinone 
ring makes 2-ethoxy-5-fluoro-4-pyrimidinone (C₆H₇FN₂O₂) an attractive molecular system for both 
experimental and theoretical investigations. The coexistence of electron-withdrawing fluorine atoms 
and electron-donating alkoxy groups within the same conjugated heterocyclic framework generates 
a complex electronic environment characterized by charge redistribution, orbital delocalization, and 
intramolecular polarization effects. Furthermore, pyrimidinone derivatives constitute an important 
class of heterocyclic compounds widely employed as intermediates in pharmaceutical synthesis, 
medicinal chemistry, and biologically active molecular architectures. Consequently, understanding the 
relationship between molecular structure, electronic configuration, and chemical reactivity is essential 
for elucidating the physicochemical behavior of such fluorinated heterocyclic systems [18, 19].

In recent decades, computational quantum chemistry has emerged as an indispensable tool for 
investigating molecular systems at the atomic and electronic levels. The rapid development of 
computational methodologies and high-performance computing resources has enabled accurate 
prediction of structural, spectroscopic, thermodynamic, and electronic properties that are often difficult 
or impossible to determine exclusively through experimental techniques [20, 21]. Among the available 
theoretical approaches, HF and DFT calculation methods remain the most widely utilized methods for 
studying organic and heterocyclic molecules owing to their favorable balance between computational 
efficiency and predictive accuracy [22].

The HF method represents one of the earliest and most fundamental ab initio quantum-mechanical 
approaches for solving the many-electron Schrödinger equation. Within the self-consistent field (SCF) 
framework, each electron is assumed to move in the average electrostatic field generated by all other 
electrons. The molecular wavefunction is expressed as a single Slater determinant, ensuring compliance 
with the Pauli exclusion principle and antisymmetric requirements. Although HF accurately accounts 
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for exchange interactions, it neglects dynamic electron-correlation effects arising from instantaneous 
electron–electron interactions. As a consequence, HF calculations often overestimate total energy, 
HOMO-LUMO energy gaps, and molecular stability while underestimating electron delocalization 
phenomena [23]. Nevertheless, HF calculations provide valuable baseline information regarding 
molecular geometries, orbital distributions, atomic charge populations, and electronic structure trends, 
making them useful reference points for more sophisticated theoretical methods.

To overcome the limitations associated with the neglect of electron correlation, DFT calculations has 
become the dominant computational framework in modern molecular physics and computational 
chemistry. Unlike wavefunction-based approaches, DFT describes the electronic system through the 
electron density as the fundamental variable, substantially reducing computational complexity while 
maintaining high accuracy. The theoretical foundations established by Hohenberg, Kohn, and Sham 
demonstrated that the ground-state properties of many-electron systems can be uniquely determined 
from the electron density distribution [24, 25]. In particular, hybrid exchange-correlation functions 
such as B3LYP, which combine exact HF exchange with gradient-corrected correlation functions, 
have proven highly successful for predicting molecular structures, vibrational frequencies, dipole 
moments, charge-transfer characteristics, and electronic properties of organic molecules [26]. On this 
basis, compared with HF calculations, DFT level of theory provides a more realistic description of 
electron correlation effects, accordingly, improving the prediction of bond lengths, bond angles, total 
energies, ionization potentials, electron affinities, and frontier molecular orbital energies. Furthermore, 
DFT enables detailed analyses of molecular electrostatic potential (MEP) surfaces, natural bond orbital 
(NBO) interactions, charge-transfer pathways, chemical hardness, electrophilicity, nucleophilicity, 
and other global reactivity descriptors. These parameters play a critical role in understanding 
intermolecular interactions, biological activity, spectroscopic behavior, and the fundamental chemical 
reactivity of heterocyclic compounds [27].

The combined application of HF and DFT methodologies display a comprehensive theoretical 
framework for investigating the electronic behavior of 2-ethoxy-5-fluoro-4-pyrimidinone. 
Comparative analyses between the two methods allow assessment of the role of electron correlation 
in determining molecular stability, geometric parameters, and electronic distributions. Moreover, 
detailed examination of frontier molecular orbitals (HOMO and LUMO), energy-gap characteristics, 
molecular electrostatic potential maps, and global reactivity descriptors provide valuable insight into 
charge-transfer mechanisms, reactive sites, intermolecular interactions, and potential physicochemical 
applications of the molecule.

Accordingly, the primary objective of the present study is to perform a comprehensive quantum-
chemical investigation of 2-ethoxy-5-fluoro-4-pyrimidinone using HF and DFT approaches. Optimized 
molecular geometries, total energies, electronic structures, charge distributions, spectroscopic findings, 
frontier molecular orbitals, molecular electrostatic potential distributions, and reactivity parameters 
are systematically analyzed to establish fundamental structure–property relationships. The results 
obtained are expected to contribute to a deeper understanding of fluorinated pyrimidinone derivatives 
and provide theoretical guidance for future studies involving heterocyclic pharmaceuticals, molecular 
electronics, and functional organic materials.

2. Computational details for 2-ethoxy-5-fluoro-4-pyrimidinone
A comprehensive quantum-chemical investigation was performed to elucidate the structural, 
electronic, thermodynamic, atomic charge distributions (Mulliken population analysis and the Atomic 
Polar Tensor), nuclear magnetic resonance (1H and 13C) chemical shifts, and fundamental optical 
properties of 2-ethoxy-5-fluoro-4-pyrimidinone with the formula of C6H7FN2O2. The title molecule 
belongs to the fluorinated pyrimidinone family, featuring a central heteroaromatic pyrimidine ring. It 
is characterized by a fluorine atom attached to the fifth carbon (C5) and an ethoxy group at the second 
carbon (C2). The chemical impact of these specific substitutions depends heavily on the molecular 
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structure of title molecules. The simultaneous presence of electron-withdrawing fluorine and electron-
donating ethoxy functionalities within the same conjugated heterocyclic framework generates a complex 
electronic environment characterized by charge redistribution, orbital hybridization, and intramolecular 
polarization effects. Furthermore, the carbonyl oxygen and ring nitrogen atoms introduce additional 
possibilities for electron delocalization, resonance stabilization, and intermolecular interactions. The 
structural features mentioned make 2-ethoxy-5-fluoro-4-pyrimidinone an attractive molecular system 
for detailed theoretical investigation.

Full geometry optimization calculations were initially carried out to determine the equilibrium structure 
corresponding to the global minimum on the potential energy surface so as to obtain a fundamental 
understanding of the physicochemical behavior of the title compound. Subsequently, a series of 
quantum-chemical analyses, including thermodynamic parameter calculations, frontier molecular 
orbital (HOMO-LUMO) analysis, molecular electrostatic potential (MEP) mapping, electrostatic 
potential (ESP) surface visualization, total electron-density distribution, and simulated UV–Vis 
absorption spectra, were performed for 2-ethoxy-5-fluoro-4-pyrimidinone for the first time. These 
calculations provide detailed information about molecular stability, charge-transfer behavior, electron 
delocalization pathways, and the influence of fluorine and ethoxy substituents on the electronic structure 
of the pyrimidinone framework. Moreover, the MEP and ESP surfaces facilitate the identification of 
electrophilic and nucleophilic regions, allowing prediction of potential reactive sites and intermolecular 
interaction centers within the molecule. The scientific results obtained enable us to better understand the 
molecular reactivity, electronic structure, intramolecular charge transfer (ICT), and aromatic electron 
delocalization, with particular emphasis on the influence of the electron-withdrawing substituents.

All quantum-chemical calculations were carried out within the framework of Density Functional Theory 
(DFT) using the widely employed B3LYP hybrid exchange–correlation functional [22–24]. The B3LYP 
functional combines Becke’s three-parameter exchange functional with the Lee-Yang-Parr correlation 
functional and has demonstrated excellent reliability in predicting the structural, energetic, and electronic 
properties of heterocyclic organic molecules. The 6-31G(d,p) basis set [25], which includes polarization 
functions on all atoms, was employed to achieve an accurate description of molecular geometry, charge 
redistribution, and orbital interactions. The inclusion of polarization functions is particularly important 
for properly describing the lone-pair electrons associated with the nitrogen and oxygen atoms as well 
as the strong electronegativity effects introduced by fluorine substitution.

To further evaluate the electronic behavior and chemical reactivity of the title compound, several global 
quantum-chemical descriptors were calculated from the frontier molecular orbital energies according to 
Koopmans’ approximation. These descriptors include the ionization potential (I), electron affinity (A), 
chemical softness (S), chemical hardness (η), electronegativity (χ), chemical potential (μ), electrophilicity 
index (ω), maximum electronic charge-transfer capability (ΔNmax), and also HOMO–LUMO energy 
gap (ΔE) parameters. Such parameters provide quantitative information regarding molecular stability, 
kinetic reactivity, electron-donating and electron-accepting tendencies, and the charge-transfer 
characteristics of 2-ethoxy-5-fluoro-4-pyrimidinone.

In addition, time-dependent density functional theory (TD-DFT) calculations and ZINDO computation 
methods were performed in the gas phase to simulate the electronic absorption spectrum and investigate 
the nature of electronic transitions responsible for the optical response of the molecule. The calculated 
excited-state properties were used to identify the dominant orbital contributions involved in the 
absorption process and to evaluate possible ICT transitions between the heteroaromatic pyrimidine 
ring and the substituent groups.

All quantum-chemical computations were performed using the Gaussian 09 software package [26]. 
Molecular visualization, frontier molecular orbital plotting, electron-density analysis, electrostatic 
potential mapping, and graphical representations were generated using GaussView and related molecular 
visualization tools [27]. The obtained theoretical results provide a detailed atomic-scale description of 
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the structural, electronic, optical, and reactive properties of 2-ethoxy-5-fluoro-4-pyrimidinone and 
establish a foundation for understanding its physicochemical behavior and potential applications in 
heterocyclic and pharmaceutical chemistry.

3. Results and Discussion
3.1. Optimized Molecular Geometry of 2-Ethoxy-5-fluoro-1H-pyrimidin-4-one

A detailed understanding of the molecular geometry of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one is 
essential for elucidating its electronic structure, intermolecular interactions, and physicochemical 
behavior. The molecule consists of a fluorinated pyrimidinone ring bearing an ethoxy substituent, where 
the combined effects of heteroatoms, conjugation, and substituent-induced electronic polarization 
significantly influence the structural characteristics of the system [8, 9]. To obtain reliable geometrical 
parameters, full geometry optimizations were performed using both DFT/B3LYP/6-31+G(d,p) and 
HF/6-31+G(d,p) computational approaches. The optimized structure corresponding to the minimum-
energy configuration was identified as the most stable conformer and subsequently employed for 
all theoretical investigations. The optimized molecular geometry together with the atom-numbering 
scheme is presented in Figure 1.

Selected bond lengths and bond angles calculated at the DFT/B3LYP/6-31+G(d,p) and HF/6-31+G(d,p) 
levels are summarized in Tables 1 and 2 in detail. To assess the consistency of the computational 
approaches, correlation analyses were carried out for the calculated geometrical parameters. The 
corresponding correlation plots are shown in Figs. 2 and 3. Excellent agreement between the two 
theoretical methods was obtained for bond length sizes, indicating that both approaches provide a 
reliable description of the molecular framework. The correlation coefficients are determined to be 
about 0.99678 for bond length distances and 0.90725 for bond angle parameters. Minor differences 
(especially for bond angles) observed between the HF and DFT results mainly originate from the 
treatment of electron-correlation effects. 

Figure 1. Optimized molecular structure pertaining to 2-ethoxy-5-fluoro-1H-pyrimidin-4-one
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Figure 2.  Bond length size correlations between HF and B3LYP calculation levels for 2-ethoxy-5-fluoro-1H-
pyrimidin-4-one compound

The maximum difference between bond length sizes is noted as 0.0344 Å for the C4-O11 atoms, as 
provided in Table 1. Similarly, the largest variation is detected as 6.1584° for the N7-C4-O11 atoms, as 
provided in Table 2. It is apparent that the environment plays a serious role on the molecular geometry 
of 2-Ethoxy-5-fluoro-1H-pyrimidin-4-one compound. As expected, the HF method generally predicts 
slightly shorter bond distances and somewhat larger bond angles because electron correlation is not 
explicitly included in the HF calculation formalism. In contrast, the B3LYP functional accounts for 
electron correlation through the exchange-correlation potential, providing a more realistic representation 
of electron-density distribution within the molecule [28–35]. Consequently, DFT calculation results 
better describe the effects of π-electron delocalization, lone-pair interactions, resonance stabilization, 
and intramolecular charge transfer occurring within the pyrimidinone ring.  
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Figure 3. Bond angle correlations between HF and B3LYP calculation levels for 2-ethoxy-5-fluoro-1H-pyrimidin-4-
one compound
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In more detail, the optimized structure reveals that the pyrimidinone ring maintains an essentially planar 
geometry, which facilitates efficient electron delocalization throughout the heterocyclic framework. 
Hence, the C-O and C-C bonds associated with the ethoxy substituent exhibit values characteristic of 
alkoxy-functionalized heterocyclic systems. The ethoxy group adopts a conformation that minimizes 
steric repulsion while preserving favorable electronic communication with the pyrimidinone ring. 
Numerically, the C3=O10 bond (1.2214 Å at DFT and 1.1929 Å at HF) of the pyrimidinone moiety 
exhibits the characteristic features of a carbonyl double bond, whereas the bond length distances of 
C4-O11 and C12-O11 bonds are calculated to be about 1.3461 Å and 1.4397 at B3LYP and 1.3117 Å and 
1.4352 at HF calculation methods, respectively. As expected, the single bond length is longer than 
the double bond between the oxygen and carbon atoms. Moreover, the adjacent C-N and C-C bonds 
show intermediate bond lengths arising from resonance effects within the conjugated system. In this 
respect, the bond distances between C1-N7 and C4-N7 atoms are computed as 1.3896 Å and 1.3747 Å at 
DFT/B3LYP//6-31+G(d,p) and 1.3813 Å and 1.3507 Å at HF/6-31+G(d,p) calculation levels, respectively. 
Besides, the length between H6 and N7 atoms is found to be about 1.0083 Å and 0.9937 Å using 
DFT and HF calculation levels of theory, respectively. The difference stems from the conjugated atom 
effect and delocalization. As for the bond length sizes between carbon and carbon atoms, the highest 
calculation is obtained as 1.5176 Å and 1.5118 Å for C12-C13 length, whereas the minimum lengths of 
1.3452 Å and 1.3225 Å ascribes to bond length for C1-C2 atoms at DFT/B3LYP//6-31+G(d,p) and HF/6-
31+G(d,p) levels of theory, respectively.

  
Table 1. Theoretical bond length sizes for optimized geometric parameters of 2-ethoxy-5-fluoro-1H-pyrimidin-4-

one molecule

Bond lengths (Å)
Atoms DFT/B3LYP/6-31G(d,p) HF/6-31G(d,p)

C1-C2 1.3452 1.3225
C1-H5 1.0824 1.0717
C1-N7 1.3896 1.3813
C2-C3 1.4781 1.4786
C2-F9 1.3441 1.3217
C3-N8 1.3982 1.3857
C3-O10 1.2214 1.1929
C4-N7 1.3747 1.3507
C4-N8 1.2908 1.2751
C4-O11 1.3461  1.3117
H6-N7 1.0083 0.9937
O11-C12 1.4397 1.4352  
C12-C13 1.5176 1.5118
C12-H17 1.099 1.0806
C12-H18 1.099  1.0806
C13-H14 1.0945 1.0853
C13-H15 1.0931 1.0844
C13-H16 1.0931 1.0844

At the same time, the presence of electronegative nitrogen and fluorine atoms induces noticeable 
polarization of neighboring bonds, leading to slight deviations from idealized bond parameters. In 
this context, the bond lengths between carbon and nitrogenous atoms are determined to be about 
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1.3982 Å and 1.2908 Å at DFT method and 1.3857 Å and 1.2751 Å at HF calculation level of theory, 
respectively. The C-F bond length falls within the typical range reported for fluorinated heteroaromatic 
compounds, revealing the strong electronegativity and electron-withdrawing nature of fluorine. On 
this basis, the length of C2-F9 atoms is computed as about 1.3441 (DFT) and 1.3217 (HF). Additionally, 
the bond lengths between carbon and hydrogen atoms are determined between 1.0990 Å (C12-H17 and 
C12-H18) and 1.0824 Å (C1-H5) at DFT/B3LYP//6-31+G(d,p) and 1.0853 Å (C13-H14) and 1.0717 Å (C1-H5) 
at HF/6-31+G(d,p) levels of theory, respectively. 

Table 2. Theoretical bond angles for optimized geometric parameters of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one 
molecule

Bond angles (°)
Atoms DFT HF
C2-C1-H5 123.8802 123.6194
C2-C1-N7 118.6273  118.7556
H6-C1-N7 117.4925 117.625
C1-C2-C3 121.9714  121.4048
C1-C2-F9 119.798 120.886
C3-C2-F9 118.2306 117.7092
C2-C3-N8 114.79 115.1003
C2-C3-O10 122.2662 121.923
N8-C3-O10 122.9438  122.9767
N7-C4-N8 124.3378 125.0154
N7-C4-O11 118.2785 112.1201
N8-C4-O11 117.3836 122.8646
C1-N7-C4 118.9495 119.0734
C1-N7-H4 119.221 119.1921
C4-N7-H6 121.8295 121.7344
C3-N8-C4 121.324 120.6505
C4-O11-C12 121.4767 118.7302
O11-C12-C13 107.3287 107.0097
O11-C12-H17 109.5467  108.4578
O11-C12-H18 109.5473 108.4578
C13-C12-H17 110.5559 112.2091
C13-C12-H18 110.5559 112.209
H17-C12-H18 109.2778 108.3687
C12-C13-H14 109.6885 109.3423
C12-C13-H15 110.5603 111.0192
C12-C13-H16 110.5587 111.0192
H14-C13-H15 108.7014 108.3768
H14-C13-H16 108.7015 108.3768
H15-C13-H16 108.5811 108.6291

The calculated bond angles within the heterocyclic ring are generally close to the values expected 
for an sp2-hybridized conjugated system. Small deviations from ideal trigonal-planar geometry arise 
from the presence of heteroatoms, the carbonyl functionality, and substituent-induced electronic 
effects. The nearly planar arrangement of the ring atoms promotes conjugation and contributes to the 
stability of the 2-ethoxy-5-fluoro-1H-pyrimidin-4-one molecular structure.
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All in all, the optimized geometry demonstrates that 2-ethoxy-5-fluoro-1H-pyrimidin-4-one possesses 
a rigid and highly conjugated heterocyclic framework with significant electron delocalization. The 
structural parameters obtained from both HF and DFT quantum calculations exhibit good agreement 
and confirm the suitability of the selected computational methodology for describing the molecular 
architecture of the title compound. The geometrical results obtained provide a reliable basis for 
subsequent analyses of electronic properties, charge distribution, spectroscopic behavior, and 
intermolecular interactions.

3.2. Thermochemical Properties of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one molecular structure

The thermochemical properties of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one were investigated using the 
DFT/B3LYP and HF methods with the 6-31+G(d,p) basis set to evaluate its energetic stability, thermal 
behavior, and molecular polarity. Thermodynamic parameters obtained from the optimized molecular 
geometry, including total electronic energy, zero-point vibrational energy (ZPVE), thermal energy, 
entropy, heat capacity, rotational constants, and dipole moment components, are summarized in Table 
3. The zero-point vibrational energies were corrected using appropriate scaling factors of 0.977 for B3LYP 
and 0.909 for HF method to compensate for the systematic overestimation of harmonic vibrational 
frequencies. The absence of imaginary frequencies in the optimized structure confirms that the molecule 
resides at a true minimum on the potential energy surface, indicating the stability of the optimized 
configuration. The calculated total electronic energies display the stabilization arising from conjugation 
within the pyrimidinone ring and the electronic effects of the fluorine, carbonyl, nitrogen, and ethoxy 
substituents. According to table, total electronic energy values for 2-ethoxy-5-fluoro-1H-pyrimidin-4-
one molecule are found to be about -592.65749664 and -589.37101891 a.u. at B3LYP/6-31+G(d,p) and 
HF/6-31G+(d,p) levels of theory. The ZPVE values provide valuable information regarding the intrinsic 
vibrational stability of the molecule. The vibrational contributions arise primarily from C=O stretching, 
C-F vibrations, N-H motions, C-N and C-O bond vibrations, as well as skeletal deformations of the 
heterocyclic ring. The presence of multiple heteroatoms significantly influences the vibrational energy 
distribution and contributes to the overall thermodynamic stability of the system [36, 37]. Accordingly, 
the scaled ZPVE parameters are determined as about 81.88557456 and 82.58282271 kcal.mol-1 at DFT/
B3LYP//6-31G(d,p) and HF/6-31G(d,p) calculation levels, respectively. The models point out the zero-
point correction values of about 0.133565 and 0.144779 kcal.mol-1, respectively. Furthermore, these 
values verify the energetic stability of the molecular framework and indicate an extended network 
of partial π-electron delocalization encompassing the aromatic, carbonyl, and alkoxy-functionalized 
heterocyclic systems.
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Table 3.  Fundamental thermodynamic quantities: heat capacities (cal mol-1 K-1), entropies (cal mol-1 K-1), 
thermal energies (cal mol-1 K-1), zero-point energies (kcal mol-1), zero-point corrections (Hartree/Particle), dipole 

moment (Debye), and rotational constants (GHz) for 2-ethoxy-5-fluoro-1H-pyrimidin-4-one molecule

Parameters DFT/B3LYP//6-31+(d,p) HF/6-31+(d,p)

Total energy -592.65749664 -589.37101891
Zero-point vibrational energy 81.88557456 82.58282271
Zero-point correction 0.133565 0.144779
Thermal correction to Energy 0.143923 0.154339
Thermal correction to Enthalpy 0.144867 0.155283
Thermal correction to Gibbs Free Energy 0.096842 0.109105
Sum of electronic and zero-point Energies -592.523932 -589.226240
Sum of electronic and thermal Energies -592.513574 -589.216680
Sum of electronic and thermal Enthalpies -592.512630 -589.215736
Sum of electronic and thermal Free Energies -592.560655 -589.261914
Rotational constant 3.00642     2.87807     

0.58011     0.61900     
0.48930 0.51265

Entropy
 Total 101.078 97.190
Translational 41.082 41.082
 Rotational 30.311 30.244
 Vibrational 29.684 25.863

Heat capacity
 Total 37.321            34.481             
Translational 2.981             2.981             
 Rotational 2.981             2.981             
 Vibrational 31.360             28.520             

Thermal Energy
 Total 90.313             96.849             
Translational 0.889              0.889              
 Rotational 0.889              0.889              
 Vibrational 88.535             95.072             
 μx 7.1762    -4.8287    
 μy -7.5607    -6.3334    
 μz 0.0004  0  
 μ 10.4241 7.9642

The entropy values are derived from translational, rotational, and vibrational contributions, with 
the vibrational component representing a substantial fraction of the total entropy due to the large 
number of accessible vibrational modes associated with the heterocyclic framework and the ethoxy 
substituent. On this basis, the total entropy is calculated to be 101.078 and 97.190 cal mol-1 K-1, 
comprising translation (41.082 and 41.082), rotational (30.311 and 30.244), and vibrational (29.684 and 
25.863) contributions.
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Likewise, the calculated heat capacities indicate the ability of the molecule to absorb and store 
thermal energy through vibrational excitation processes. The relatively large vibrational contribution 
demonstrates that internal molecular motions play a dominant role in determining the thermal 
behavior of the compound. Hence, the molar heat capacity at constant volume (Cv) displays the thermal 
energy stored primarily via the vibrational excitations of the functional groups and the aromatic 
ring. As detailed in Table 3, the DFT/B3LYP model calculation yields a total Cv of 37.321 cal mol-1 K-1 
(comprising 2.981 translational, 2.981 rotational, and 31.360 vibrational contributions). In comparison, 
the HF computational method results in a total Cv of 34.481 cal mol-1 K-1 (with 2.981 translational, 
2.981 rotational, and 28.520 vibrational parts). Similarly, the total thermal energies are determined 
as about 90.313 cal mol-1 K-1 (with 0.889 translational, 0.889 rotational, and 88.535 vibrational parts) 
and 96.849 cal mol-1 K-1 (with 0.889 translational, 0.889 rotational, and 95.072 vibrational parts) at DFT 
and HF calculation techniques, respectively. The calculated rotational constants (A, B, and C) confirm 
that 2-ethoxy-5-fluoro-1H-pyrimidin-4-one behaves as an asymmetric-top molecule. This behavior 
originates from the non-uniform mass distribution generated by the fluorine atom, carbonyl group, ring 
nitrogen atoms, and ethoxy side chain. Although the pyrimidinone ring remains essentially planar, the 
ethoxy substituent introduces a degree of conformational flexibility that contributes to the asymmetric 
rotational characteristics. Calculated at the DFT/B3LYP//6-31G(d,p) and HF/6-31+G(d,p) levels of theory, 
respectively, the rotational constants are 3.00642 (2.87807) GHz, 0.58011 (0.61900) GHz, and 0.48930 
(0.51265) GHz, indicating an asymmetric top molecular configuration. The dipole moment constitutes 
an important descriptor of molecular behavior. For the title compound, the total dipole moments are 
calculated to be 10.4241 D (B3LYP) and 7.9642 D (HF). The corresponding Cartesian components (μx, 
μy, and μz) are 7.1762, -7.5607, and 0.0004 D for the B3LYP model, compared to -4.8287, -6.3334, and 
0 D for the HF model. The calculated dipole moment components indicate a significant degree of 
molecular polarity arising from the combined electron-withdrawing effects of the fluorine atom and 
carbonyl group together with the electron-donating character of the ethoxy substituent. Furthermore, 
the presence of ring nitrogen atoms enhances charge separation within the molecular framework. 
Such electronic polarization facilitates intermolecular interactions, including dipole-dipole attractions, 
hydrogen bonding, and charge-transfer processes, which may be important for the biological and 
physicochemical properties of the compound [38–413].

To sum up, the thermochemical results demonstrate that 2-ethoxy-5-fluoro-1H-pyrimidin-4-one is an 
energetically stable and polar heterocyclic system. Its thermodynamic behavior is governed by the 
synergistic effects of heteroatom substitution, π-electron delocalization, and intramolecular charge 
redistribution, providing a solid foundation for understanding its electronic structure and spectroscopic 
properties.

3.3. UV–Vis Spectral Analysis

The electronic absorption properties of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one were investigated to gain 
insight into its excited-state behavior and optical characteristics. The UV–Vis spectrum was simulated 
using time-dependent density functional theory (TD-DFT), time-dependent Hartree-Fock, and ZINDO 
calculation methods, and the major electronic transitions were analyzed in terms of excitation energies, 
oscillator strengths, and frontier orbital contributions. Since the results were close to each other, the 
calculated transitions determined by ZINDO calculation model [44] are summarized in Table 4.

The absorption behavior of the molecule is primarily governed by the conjugated pyrimidinone ring, 
the carbonyl group, the fluorine substituent, and the ethoxy functionality. Owing to the presence of 
heteroatoms with non-bonding electron pairs and an extended π-electron framework, the observed 
electronic transitions mainly involve π π* and n π* excitations. These transitions are characteristic 
of heterocyclic carbonyl-containing systems and significantly influence the optical response of the 
molecule [45].
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The most intense absorption bands originate predominantly from π π* transitions involving the 
frontier molecular orbitals. The HOMO is mainly localized over the pyrimidinone ring, oxygen atoms, 
and nitrogen-containing regions, whereas the LUMO is distributed over the conjugated heterocyclic 
framework and carbonyl-containing portions of the molecule. This orbital arrangement facilitates 
intramolecular charge redistribution upon excitation and contributes to the electronic polarization of 
the system.

In addition to the dominant π π* transitions, weaker n π* transitions are observed due to excitation 
of lone-pair electrons located on the oxygen and nitrogen atoms. The mentioned transitions generally 
exhibit lower oscillator strengths because they are partially symmetry-forbidden; however, they 
remain important for understanding the photophysical behavior of the molecule.

The calculated absorption wavelengths and oscillator strengths indicate that the electronic transitions 
are strongly influenced by the electron-withdrawing fluorine atom and carbonyl group. The fluorine 
substituent modifies the electron density distribution within the pyrimidine ring, while the carbonyl 
group introduces low-lying antibonding orbitals that participate in electronic excitation processes. 
The ethoxy substituent further contributes to electron delocalization and affects the intensity of the 
absorption bands through inductive and resonance interactions.

Table 4. Theoretical absorption spectra (ZINDO) for 2-ethoxy-5-fluoro-1H-pyrimidin-4-one molecule

Cl-expansion coefficient

Excitations Energy (eV) Singlet-A
Wavelength 
(nm)

Oscillator 
strength (f)

Translations

Excited State 1

41 43

2.8272

0.63886

    438.54   0.00051

HOMO LUMO+1
41 44

-0.11908
HOMO LUMO+2

41 46 -0.27711 HOMO LUMO+4
Excited State 2

42 43 3.9973 0.30663      310.17    0.0446  
LUMO   LUMO+1

42 44 0.62133 LUMO   LUMO+2

Excited State 3

39 43

37 38 4.0348
0.27549

      307.28    0.0030

HOMO-2  LUMO+1

41 42 0.44289
HOMO LUMO

The simulated spectrum displays that electronic excitation is accompanied by efficient charge 
redistribution within the heterocyclic framework. Such behavior is indicative of moderate 
intramolecular charge-transfer character, which is commonly observed in fluorinated heterocyclic 
compounds containing electron-rich and electron-deficient regions within the same molecular skeleton.

As shown in the table, the first excited state (λmax=438.54 nm, meaning bang gap energy of 2.8272 eV) 
is mainly attributed to an n π* transition. This weakly allowed transition (f=0.00051) originates from 
the interaction of lone-pair electrons on the heteroatoms with the aromatic π* orbitals. The second 
absorption band at 310.17 nm (3.9973 eV) corresponds to overlapping π π* transitions enhanced 
by conjugation and electron delocalization within the aromatic framework, despite exhibiting an 
oscillator strength of 0.0446. In contrast, the intense band observed at 307.28 nm (f=0.0030) is assigned 
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to a strongly allowed π π* transition involving aromatic bonds and interactions with substituent 
groups. Ultimately, the simulated absorption spectrum dispalys the combined influence of aromatic 
conjugation, substituent-induced electron withdrawal, and molecular asymmetry. Furthermore, 
the calculated excitation energies align with the HOMO-LUMO energy gap obtained from our DFT 
calculations, confirming the internal consistency of the theoretical results

In summary, the UV-Vis analysis reveals that the optical properties of 2-ethoxy-5-fluoro-1H-pyrimidin-4-
one are governed by a combination of π π* and n π* electronic transitions involving the pyrimidinone 
ring, carbonyl group, fluorine atom, and ethoxy substituent. The observed charge-transfer characteristics 
and electronic delocalization reveal potential relevance of this molecule in pharmaceutical chemistry, 
molecular recognition studies, and functional organic materials exhibiting photoresponsive behavior.

3.4. Atomic Charge Distribution Analysis 

Atomic charge distribution analysis is an effective approach for elucidating the electronic structure, 
polarization behavior, and potential reactive centers of molecular systems. In the present work, the 
charge distribution of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one was investigated using both Mulliken 
population analysis and the APT quantum calculation method at the B3LYP/6-31+G(d,p) and HF/6-
31+G(d,p) levels of theory. The calculated atomic charges are summarized in Table 5.

The Mulliken scheme provides information about electron partitioning among atoms based on 
molecular orbital populations, whereas the APT method evaluates atomic charges from the response of 
the molecular dipole moment to atomic displacements, thereby offering a more physically meaningful 
description of molecular polarization and vibrational charge transfer. Although the two approaches 
yield different absolute charge magnitudes, they display similar trends regarding electron-rich and 
electron-deficient regions within the molecule [46]. 

For the carbon atoms, significant variations in charge distribution are observed depending on the local 
chemical environment. At the B3LYP/6-31+G(d,p) level, the APT charges range from +0.043928 (C13) to 
+1.335555 (C4), while the HF calculations produce values between +0.103341 (C13) and +1.534791 (C4). 
The largest positive charges are associated with the pyrimidinone ring carbons directly influenced 
by neighboring electronegative heteroatoms, indicating substantial electron withdrawal from these 
centers. Mulliken charges exhibit a wider distribution, varying from −0.608786 (C13) to +0.585759 (C4) at 
the DFT level and from −0.513265 (C13) to +0.660533 (C4) at the HF level. These results reveal pronounced 
electronic polarization within the heterocyclic ring and demonstrate the strong influence of adjacent 
nitrogen, oxygen, and fluorine atoms on the carbon charge distribution.

The heteroatoms exhibit the most distinctive charge characteristics. The two ring nitrogen atoms carry 
substantial negative charges in all computational models. At the DFT level, the Mulliken charges of N7 
and N8 atoms are calculated to be about -0.396664 and -0.524394, respectively, while the corresponding 
APT charges are -0.660181 and -0.911363. Similar trends are obtained from HF calculations, where the 
Mulliken charges are -0.601210 (N7) and -0.563892 (N8) and the APT charges reach -0.844255 (N7) and 
-1.058551 (N8). These pronounced negative values indicate significant electron accumulation around the 
nitrogen centers due to their high electronegativity and lone-pair electrons.

Likewise, the oxygen atoms associated with the carbonyl and ethoxy functionalities possess strongly 
negative charges. Within the DFT/APT calculations, O10 and O11 exhibit charges of -0.835030 and -0.977192, 
respectively, whereas the HF/APT computational method yields even more negative values of -0.995593 
and -1.124224. Mulliken charges for these oxygen atoms vary between -0.274202 and -0.446017 at the 
DFT/6-31+G(d,p) level and between -0.521789 and -0.538003 at the HF/6-31+G(d,p) level of theory. The 
substantial negative charge concentration around oxygen atoms reflects strong localization of lone-pair 
electrons and highlights their importance as potential sites for electrophilic interactions and hydrogen-
bond acceptance.
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Table 5. Point Atomic Charge Distributions of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one molecule

Label Atomic Charges (DFT/B3LYP/6-31+(d,p)) Atomic Charges (HF/6-31+(d,p))

APT Mulliken Mulliken APT

C1 0.247416 -0.017684 0.192525 0.358597

C2 0.334330 0.349300 0.257602 0.255512

C3 1.141174 0.306533 0.535923 1.414255

C4 1.335555 0.585759 0.660533 1.534791

H5 0.083770 0.162581 0.207033 0.094600

H6 0.240749 0.303069 0.371543 0.292243

N7 -0.660181 -0.396664 -0.601210 -0.844255

N8 -0.911363 -0.524394 -0.563892 -1.058551

F9 -0.526765 -0.355736 -0.438026 -0.557283

O10 -0.835030 -0.446017 -0.538003 -0.995593

O11 -0.977192 -0.274202 -0.521789 -1.124224

C12 0.597981 0.130683 0.223949 0.652312

C13 0.043928 -0.608786 -0.513265 0.103341

H14 -0.004989 0.151770 0.147757 -0.021008

H15 0.011312 0.175607 0.140515 -0.019916

H16 0.011312 0.175609 0.140516 -0.019915

H17 -0.065997 0.141289 0.149145 -0.032450

H18 -0.066010 0.141284 0.149143 -0.032454

The fluorine atom (F9) also exhibits a marked negative charge due to its exceptionally high 
electronegativity. The calculated APT charge amounts to -0.526765 at the B3LYP level and -0.557283 
at the HF level, while the Mulliken charges are determined as -0.355736 and -0.438026, respectively. 
The results calculated indicate considerable electron density localization around the fluorine atom, 
contributing to the overall molecular polarity and influencing intermolecular interactions.

Hydrogen atoms should carry positive charges, consistent with electron withdrawal by neighboring 
electronegative atoms. At the DFT/Mulliken level, hydrogen charges vary from +0.141289 (H18) to 
+0.303069 (H6), while the HF calculations predict values between +0.140515 and +0.371543. However, 
APT model sometimes calculates negatively the hydrogen atoms. In this context, the APT charges 
exhibit a broader distribution, ranging from -0.066010 (H18) to +0.597981 (C12-associated environment), 
indicating the sensitivity of the APT method to local polarization effects and vibrational charge 
redistribution.
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In conclusion, both Mulliken and APT analyses reveal a highly polarized electronic structure for 2-ethoxy-
5-fluoro-1H-pyrimidin-4-one. Significant negative charge accumulation is concentrated around the 
nitrogen, oxygen, and fluorine atoms, whereas positive charge density is primarily localized on selected 
carbon and hydrogen atoms. This non-uniform charge distribution originates from the combined effects 
of heteroatom electronegativity, lone-pair electron localization, π-electron delocalization within the 
pyrimidine ring, and electron-donating contributions from the ethoxy substituent, to be confirmed by 
simulation analyses. The observed charge anisotropy indicates the presence of efficient intramolecular 
charge-transfer pathways and provides valuable insight into the molecule’s reactivity, intermolecular 
interactions, hydrogen-bonding capability, and potential electrophilic and nucleophilic attack sites.

3.5. NMR Spectral Analyses of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one Molecule

Nuclear magnetic resonance (NMR) spectroscopy is among the most informative analytical techniques 
for elucidating molecular structures and probing the electronic environments surrounding carbon and 
hydrogen nuclei. The chemical shifts observed in both 13C and 1H NMR spectra are highly sensitive to 
electron density distribution, heteroatom substitution, resonance effects, hydrogen bonding interactions, 
and intramolecular charge transfer phenomena. Consequently, theoretical NMR calculations provide 
valuable insights into the electronic structure of heterocyclic compounds and serve as an important 
complement to experimental spectroscopic investigations [47].

In the present study, the 13C and 1H NMR chemical shifts of 2-ethoxy-5-fluoro-1H-pyrimidin-4-
one were calculated using the Gauge-Independent Atomic Orbital (GIAO) approach at the HF/6-

31G(d) and B3LYP/6-311+G(2d,p) levels of theory. The calculated isotropic shielding constants were 
referenced to tetramethylsilane (TMS), and the resulting chemical shift values were compared with 
available experimental data recorded in CDCl3. The calculated and experimental NMR parameters are 
summarized in Table 6. The 13C NMR spectrum exhibits significant variations among the carbon atoms 
owing to the combined effects of the fluorine substituent, carbonyl functionality, ring nitrogen atoms, 
and ethoxy group. At the B3LYP/6-311+G(2d,p) level, the calculated chemical shifts span from 2.0137 
ppm (C13) to 179.845 ppm (C3), while the HF calculations predict a range between 19.5334 ppm (C13) 
and 197.365 ppm (C3). The experimental values lie between 13.98 ppm (C13) and 156.84 ppm (C3). The 
most deshielded carbon resonance corresponds to C3, which is directly influenced by the neighboring 
electronegative nitrogen atoms and carbonyl functionality within the pyrimidinone ring. Similarly, C4 
and C2 exhibit large chemical shifts due to their participation in the conjugated heterocyclic framework 
and their proximity to electron-withdrawing heteroatoms. In contrast, the ethoxy carbon atom C13 
displays the lowest chemical shift value because of its aliphatic nature and relatively high local electron 
density. The carbon atom C12, belonging to the ethoxy substituent, appears in the intermediate region, 
with calculated values of 53.2954 ppm (B3LYP) and 70.8150 ppm (HF), compared with the experimental 
value of 63.94 ppm.

A comparison of the computational approaches indicates that the B3LYP/6-311+G(2d,p) method 
reproduces the experimental 13C NMR trends more accurately than the HF method. The inclusion of 
electron-correlation effects within the DFT framework leads to a more realistic description of magnetic 
shielding and electronic delocalization in the heterocyclic ring system. Although some deviations 
remain for highly deshielded carbon centers, the overall agreement confirms the reliability of the DFT-
based calculations.



42

Volume: 1, Issue: 1,  Year: 2026 Journal Of Applied Science and Engineering Materials

Table 6. NMR chemical shifts of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one molecule

Atoms TMS HF/6-31G(d) TMS B3LYP/6-311+G(2d,p) CH4-HF/6-
31G(d) 

Exp. in CDCl3

C3 197.365 179.845 196.479      156.84
C4 163.133 145.613 162.248 153.66
C2 159.298 141.778 158.413 145.06
C1 120.514 102.994 119.629 135.16
C12 70.8150 53.2954 62.9298 63.94
C13 19.5334 2.0137 18.6481 13.98

TMS HF/6-31G(d) TMS B3LYP/6-311+G(2d,p) Exp. in CDCl3

H6 8.4346 11.5776 12.77
H5 7.4795 7.9980 7.828
H17 4.0261 4.6235 4.324
H18 3.9617 4.0116
H16 1.9969 2.2009
H15 1.8589 2.0116
H14 1.3332 1.4458 1.298

The calculated 1H NMR chemical shifts also show satisfactory agreement with the experimental 
spectrum. At the B3LYP/6-311+G(2d,p) level, the proton chemical shifts vary between 1.4458 ppm 
(H14) and 11.5776 ppm (H6), whereas the HF calculations predict a range from 1.3332 ppm (H14) to 
8.4346 ppm (H6). Experimentally observed proton resonances appear at 1.298 ppm (H14), 4.324 ppm 
(H17), 7.828 ppm (H5), and 12.77 ppm (H6). The highest chemical shift is associated with H6, which is 
attached to the pyrimidinone ring and experiences strong deshielding due to the neighboring nitrogen 
and carbonyl groups, as well as possible intermolecular hydrogen-bonding interactions. The aromatic 
proton H5 also resonates downfield owing to the electron-withdrawing influence of the fluorine 
substituent and the heterocyclic ring system. Conversely, the protons belonging to the ethoxy group 
(H14-H18) appear at lower chemical shifts, showing their relatively electron-rich aliphatic environment.

The overall agreement between the calculated and experimental 1H NMR data confirms that the 
electronic structure of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one is well described by the applied quantum-
chemical models. In particular, the DFT-based GIAO calculations reproduce the experimental trends 
more successfully than the HF approach, highlighting the importance of electron-correlation effects in 
accurately predicting magnetic shielding constants.

In summary, the theoretical NMR investigation supports the proposed molecular structure of 
2-ethoxy-5-fluoro-1H-pyrimidin-4-one and provides detailed information regarding the influence of 
fluorine substitution, heteroatom incorporation, and π-electron delocalization on the local magnetic 
environments of carbon and hydrogen nuclei. The close agreement between the experimental and 
calculated chemical shifts further confirms the validity of the optimized molecular geometry and the 
reliability of the computational methodology employed throughout this study.

3.6 Frontier Molecular Orbital Analysis of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one

Frontier molecular orbital (FMO) analysis is an effective approach for understanding the electronic 
structure, charge-transfer characteristics, and chemical reactivity of molecular systems. In the present 
study, the highest occupied molecular orbital (HOMO) and lowest unoccupied molecular orbital 
(LUMO) of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one were investigated to elucidate the electronic behavior 
of the molecule. The HOMO is associated with the electron-donating capability of the system, whereas 
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the LUMO represents its electron-accepting tendency (Fig. 4). Consequently, the HOMO–LUMO energy 
gap (ΔE) serves as an important descriptor of molecular stability, charge-transfer efficiency, electronic 
excitation, and chemical reactivity. In general, molecules with smaller energy gaps exhibit higher 
polarizability and reactivity, while larger gaps are indicative of greater kinetic stability.

The calculated frontier orbital energies at the DFT/B3LYP/6-31+G(d,p) and HF/6-31+G(d,p) levels provide 
valuable information regarding the electronic nature of the title compound. The obtained HOMO-
LUMO gap indicates that 2-ethoxy-5-fluoro-1H-pyrimidin-4-one possesses a favorable balance between 
structural stability and electronic responsiveness [48, 49]. Such a characteristic is particularly important 
for heterocyclic compounds containing multiple electronegative atoms, where charge redistribution 
and orbital interactions play significant roles in determining physicochemical properties.

The calculated frontier orbital energies at the DFT/B3LYP/6-31+G(d,p) and HF/6-31+G(d,p) levels 
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Figure 4. 3D spatial distributions of a-HOMO and b-LUMO orbitals of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one

The three-dimensional (3D) orbital distributions reveal that the HOMO is predominantly localized 
over the pyrimidinone ring, especially around the nitrogen atoms, carbonyl oxygen atom, and the 
conjugated π-electron framework. The presence of lone-pair electrons on the heteroatoms contributes 
significantly to the HOMO density, indicating that these regions may act as electron-donating centers 
during intermolecular interactions. In contrast, the LUMO is mainly distributed over the pyrimidinone 
skeleton and carbonyl-containing region, extending partially toward the fluorine-substituted carbon 
atom. This distribution shows that electron acceptance preferentially occurs within the heterocyclic 
ring system, where the electron-withdrawing effects of the fluorine and carbonyl groups stabilize the 
incoming electron density.

The observed separation between the HOMO and LUMO regions indicates the possibility of ICT within 
the molecule. Upon electronic excitation, electron density is expected to migrate from the electron-rich 
heterocyclic and ethoxy-containing regions toward the more electron-deficient carbonyl- and fluorine-
influenced portions of the pyrimidine ring. This charge-transfer process contributes to the optical and 
electronic properties of the molecule and is consistent with the electronic transitions observed in the 
UV-Vis absorption spectra.

In addition to the frontier orbital energies, several global reactivity descriptors can be derived from the 
HOMO and LUMO values, including IP, EA, η, S, χ, μ, and ω parameters, which provide quantitative 
information regarding the molecule’s tendency to donate or accept electrons and its overall chemical 
reactivity. The calculated descriptors indicate that the title compound possesses moderate chemical 
hardness and appreciable softness, reflecting a balanced electronic structure capable of participating in 
both electrophilic and nucleophilic processes. Furthermore, the relatively high electronegativity arising 
from the fluorine, nitrogen, and oxygen atoms enhances the electron-withdrawing character of the 
molecule and contributes to its electronic stabilization.
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Table 7. Calculated energies of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one molecule in ground state with singlet 
symmetry at B3LYP/6-31+G(d,p) basis set

Quantities Values
Lowest MO Eigen value (a.u.) -24.73744

Highest MO Eigen value (a.u.) 6.354210
HOMO (a.u.) -0.25500
LUMO (a.u.) -0.04667
HOMO–LUMO gap (a.u.), |ΔE| 0.208400
χ (Electronegativity) (a.u.),  [IP + EA]/2 0.150835
µ, Chemical potential,  −[IP + EA]/2 -0.150835
η (Chemical hardness) (a.u.)  [IP − EA]/2 0.104200
ζ (Softness) (a.u.)−1 , 1/2η 4.798464
ψ (Electrophilicity index) (a.u.), μ2/2η 0.109171
Maximum charge transfer index (ΔNmax=-µ/η) 1.447553

To further quantify the electronic behavior, global reactivity descriptors were derived from the FMO 
energies (Table 7). The calculated values for electronegativity (0.150835 a.u.), chemical hardness 
(0.104200 a.u.), chemical softness (0.104200 a.u.), chemical potential (-0.150835 a.u.), maximum charge 
transfer index (1.447553), and the electrophilicity index (0.109171 a.u.) reveal moderate hardness and 
appreciable softness. This structural balance displays that the molecule is capable of engaging in both 
nucleophilic and electrophilic interactions.

To conclude, the FMO analysis demonstrates that 2-ethoxy-5-fluoro-1H-pyrimidin-4-one exhibits 
a highly polarized electronic structure governed by the combined effects of the pyrimidinone ring, 
fluorine substituent, carbonyl group, and ethoxy functionality. The distribution of the frontier orbitals 
highlights the important role of heteroatoms in controlling electron density and charge-transfer 
pathways. The mentioned findings provide a deeper understanding of the molecule’s reactivity, 
stability, spectroscopic behavior, and potential utility in pharmaceutical, agrochemical, and functional-
material applications.

3.7 Electrostatic Potential and Molecular Electrostatic Potential Analysis of 2-Ethoxy-5-fluoro-1H-
pyrimidin-4-one

To gain deeper information about the electronic distribution and reactive sites of 2-ethoxy-5-fluoro-
1H-pyrimidin-4-one compound, electrostatic potential (ESP) and molecular electrostatic potential 
(MEP) surfaces were generated at the B3LYP/6-31+G(d,p) level of theory. These surface maps provide 
a visual representation of the electron-density distribution throughout the molecule and facilitate the 
identification of regions susceptible to electrophilic and nucleophilic interactions. In addition, ESP 
and MEP analyses are valuable tools for predicting intermolecular interactions, hydrogen-bonding 
behavior, molecular recognition processes, and the preferred sites of chemical reactivity.

The simulated ESP map image given in Fig. 5 reveals a highly non-uniform charge distribution arising 
from the presence of electronegative fluorine, oxygen, and nitrogen atoms within the molecular 
structure. The most negative electrostatic potential regions are predominantly concentrated around 
the carbonyl oxygen atom and the ring nitrogen atoms of the pyrimidinone moiety. The electron-rich 
centers exhibit a strong tendency toward electrophilic attack and may serve as favorable hydrogen-
bond acceptor sites. The fluorine atom also contributes to the negative electrostatic potential due to its 
high electronegativity, although its contribution is generally less pronounced than that of the carbonyl 
oxygen atom.
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Figure 5. 3D plot for ESP map for 2-ethoxy-5-fluoro-1H-pyrimidin-4-one molecule

The 3D MEP surface shown in Fig. 6 further highlights the distribution of positive and negative 
electrostatic potential over the molecular structure of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one molecule. 
The regions represented by red and yellow colors correspond to areas of high electron density and 
negative potential, which are mainly localized around the carbonyl oxygen atom, fluorine substituent, 
and ring nitrogen atoms. The reported regions are expected to participate actively in intermolecular 
interactions involving electrophilic species. In contrast, the positive electrostatic potential regions, 
typically represented by blue colors, are primarily located around the hydrogen atoms of the N–H 
group and the ethoxy substituent. These electron-deficient regions may act as hydrogen-bond donors 
and are favorable sites for nucleophilic interactions.

Figure 6. 3D plots of MEP image of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one molecule

The intermediate potential regions distributed throughout the pyrimidinone ring indicate significant 
electron delocalization within the heterocyclic structure. The conjugative interaction among the 
carbonyl group, nitrogen atoms, fluorine substituent, and the π-electron system contributes to a 



46

Volume: 1, Issue: 1,  Year: 2026 Journal Of Applied Science and Engineering Materials

balanced redistribution of electron density across the molecule. Such delocalization plays a crucial role 
in stabilizing the molecular structure and influences both its spectroscopic and reactive properties.

The coexistence of well-defined electron-rich and electron-deficient regions demonstrates the 
polarized nature of 2-ethoxy-5-fluoro-1H-pyrimidin-4-one compound. This polarization originates 
from the combined electron-withdrawing effects of the fluorine atom and carbonyl group, together 
with the electron-donating contribution of the ethoxy substituent. As a result, the molecule studied 
in the present work possesses multiple active sites capable of participating in various non-covalent 
interactions, including hydrogen bonding, dipole-dipole interactions, electrostatic attractions, and 
charge-transfer processes [50].

When considered alongside the frontier molecular orbital and UV-Vis analyses, the ESP and MEP 
results provide strong evidence for intramolecular charge redistribution within the molecule. The 
pronounced electronic polarization and favorable charge-transfer characteristics suggest that 2-ethoxy-
5-fluoro-1H-pyrimidin-4-one possesses desirable electronic properties that may be relevant to its 
chemical reactivity, biological activity, molecular recognition capability, and potential applications in 
pharmaceutical and functional-material research.

4. Conclusion
In the present study, a detailed quantum-chemical investigation of 2-ethoxy-5-fluoro-1H-pyrimidin-
4-one was performed using DFT/B3LYP and HF computational approaches in order to examine its 
molecular structure, NMR characteristics, atomic charge distribution, thermochemical behavior, 
electronic properties, and reactivity descriptors. Geometry optimization confirmed the stability 
of the heterocyclic pyrimidinone structure and displayed that the fluorine substituent, carbonyl 
functionality, and ethoxy group collectively influence the molecular electronic environment. The 
optimized structural parameters obtained from both theoretical methods exhibited good consistency, 
supporting the reliability of the computational methodology.

Moreover, theoretical 1H and 13C NMR analyses performed using the GIAO formalism successfully 
reproduced the experimental spectral trends. The B3LYP calculations provided closer agreement 
with the experimental chemical shifts than the HF quantum computational method, emphasizing the 
critical role of electron-correlation effects in accurately describing magnetic shielding environments. 
The observed chemical-shift distribution confirmed the strong deshielding influence of the fluorine 
atom, carbonyl group, and ring nitrogen atoms on adjacent nuclei.

Mulliken and APT atomic charge analyses also revealed significant electronic polarization within 
the molecule. The carbonyl oxygen atom, fluorine substituent, and pyrimidine nitrogen atoms were 
identified as the principal electron-rich centers, whereas several carbon and hydrogen atoms carried 
positive charges. Although the absolute charge magnitudes differed between the Mulliken and APT 
approaches, both methods consistently described the same qualitative charge-distribution pattern, 
confirming substantial intramolecular charge redistribution throughout the molecular structure.

Further, the thermochemical calculations indicated that the molecule possesses favorable energetic 
stability and a relatively polar character. Frontier molecular orbital analysis showed that the HOMO is 
primarily associated with the heteroatom-rich pyrimidinone ring, while the LUMO is concentrated in 
the carbonyl- and fluorine-influenced regions of the molecule. The resulting HOMO-LUMO separation 
facilitates intramolecular charge transfer and contributes significantly to the electronic and optical 
behavior of the compound. Global reactivity descriptors further indicated moderate chemical hardness 
together with appreciable softness, revealing that the molecule can participate in both electrophilic 
and nucleophilic interactions.

The simulated UV-Vis absorption spectrum revealed that the principal electronic transitions originate 
from π π* and n π* excitations involving the conjugated heterocyclic system and heteroatom lone 
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pairs. In addition, ESP and MEP surface analyses identified the carbonyl oxygen atom, fluorine atom, 
and pyrimidine nitrogen atoms as the most favorable sites for electrophilic interactions, whereas the N-H 
and ethoxy hydrogen atoms constitute the principal positive-potential regions capable of participating 
in hydrogen-bonding and nucleophilic interactions.

In summary, the combined structural, spectroscopic, thermochemical, and electronic analyses establish 
that 2-ethoxy-5-fluoro-1H-pyrimidin-4-one possesses a stable and highly polarized donor–acceptor 
electronic structure characterized by efficient charge redistribution, well-defined reactive regions, and 
favorable electronic-response characteristics. The findings obtained from the present study provide a 
reliable theoretical foundation for future experimental investigations and indicate that this fluorinated 
pyrimidinone derivative may be a promising candidate for pharmaceutical, agrochemical, and advanced 
functional-material applications.
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Abstract

The automatic detection of malicious activity in network traffic is one of the most critical components of 
today’s cybersecurity infrastructure. This study presents a reproducible experimental comparison that 
evaluates the binary classification performance—specifically, the ability to distinguish between normal 
and attack traffic—of three different machine learning classifiers (Logistic Regression, Decision Tree, and 
Random Forest) on the NSL-KDD dataset, which is widely used in the intrusion detection literature. To 
this end, a common Python evaluation pipeline was established, consisting of steps such as converting 
categorical features (e.g., protocol type, service, flags) to numerical form, standardizing the features, 
performing stratified training/test splits, and evaluating the models using accuracy, precision, recall, 
F1-score, and the area under the receiver operating characteristic curve (ROC-AUC). The experimental 
results showed that the Random Forest model achieved the highest performance with 99.90% accuracy, 
a 99.89% F1-score, and an AUC of 1.00; this superiority was found to be statistically significant at p < 
0.001 and was confirmed to be robust via 5-fold cross-validation. The results obtained quantitatively 
demonstrate the extent to which tree-based ensemble methods offer an advantage over linear models 
on NSL-KDD and show that the common evaluation protocol used can be easily extended to different 
datasets and classifiers.
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1. Introduction
As the scale and complexity of computer networks have increased, the timely detection of malicious 
network activity—such as unauthorized access, denial-of-service attacks, and reconnaissance scanning—
has become one of the fundamental requirements of enterprise security operations. The inadequacy of 
signature-based intrusion detection systems in detecting unknown attack types has led to a growing 
interest in machine learning-based approaches over the past two decades [1, 2]. A significant portion of 
the experimental work in this field is based on the KDD Cup 99 dataset, published in 1999, which was 
widely used in the attack detection literature for a long time [1]. However, a critical review by Tavallaee et 
al. [1] revealed that this dataset contained a high proportion of duplicate records in both the training and 
test sets, causing classifiers to become biased toward duplicate examples and, consequently, resulting in 
unreasonably high reported performance metrics. Developed to address these methodological issues, 
the NSL-KDD dataset has established itself in the literature as an improved version of KDD Cup 99 
through the removal of duplicate records and the balancing of class distributions [1].

To date, a wide range of classical classifiers have been tested on NSL-KDD, ranging from linear models 
such as Logistic Regression [3] to individual tree-based methods such as Decision Trees [4] and ensemble 
approaches such as Random Forests [5, 6]. It has generally been reported that ensemble-based methods 
provide higher accuracy [7, 8]. However, in the majority of these studies, preprocessing steps—such 
as feature encoding, scaling, and training/test split—are applied in different ways, making it difficult 
to directly compare performance metrics reported in one study with those in another. Therefore, re-
examining the same three classical classifiers under the same data preprocessing and evaluation steps 
still offers a valuable contribution toward bringing together these scattered findings in the literature on 
a consistent basis.

In this study, Logistic Regression, Decision Tree, and Random Forest classifiers were compared on 
the NSL-KDD dataset using a reproducible Python experimental workflow that applied the same 
preprocessing and evaluation steps. The findings were further analyzed using confusion matrices, ROC-
AUC, and feature importance analyses to determine which network traffic features are discriminative in 
attack detection. The contributions of this study, which takes the form of a comparative evaluation, can 
be summarized as follows: (a) Preprocessing steps—including label binning, encoding of categorical 
features, standardization, and stratified training/testing splits—on the NSL-KDD dataset were 
combined into a single reproducible workflow; (b) Three existing classifiers were compared under the 
same conditions using five different metrics: accuracy, precision, sensitivity, F1-score, and AUC; (c) A 
feature importance analysis based on the Random Forest model is presented.

The remainder of the paper is organized as follows. Section 2 reviews the relevant literature. Section 
3 introduces the NSL-KDD dataset. Section 4 explains the methods used in the comparison. Section 5 
presents the experimental setup. Section 6 reports the experimental findings accompanied by tables and 
figures. Section 7 discusses the findings and concludes the study.

2. Related Works
A review of the literature on network intrusion detection indicates that the use of features extracted 
from raw network traffic in conjunction with classification algorithms achieves better performance 
in anomaly detection than traditional signature-based methods [9]. In line with this, the KDD Cup 
99 dataset, which was developed and long regarded as the de facto standard of the field, has been 
extensively used in the literature. However, detailed analyses conducted on the dataset have shown 
that the excessive duplication rate, approximately 78% in the training set and around 75% in the test 
set, causes classifiers to become biased toward frequently observed records [1]. The NSL-KDD dataset 
removes these redundant records and performs subsampling according to difficulty levels, thus 
providing a more reliable and objective comparison ground for algorithm performance.
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Revathi and Malathi [7] compared various algorithms such as SVM, Random Forest, k-NN, and 
decision trees on NSL-KDD and reported that ensemble-based methods generally provide higher 
accuracy compared to single classifiers. Furthermore, Dhanabal and Shantharajah [8] conducted a 
detailed analysis of the feature structure of NSL-KDD in terms of classification algorithms. Their study 
emphasized that proper encoding of categorical features such as protocol type, service, and flag is 
decisive on model performance. In addition, the Random Forest algorithm proposed by Breiman [5] is 
based on the principle of training numerous decision trees on bootstrap samples and combining them 
via majority voting, and it generally produces more robust results compared to linear models against 
overfitting in high-dimensional, noisy data. This characteristic of the algorithm makes it stand out in 
datasets such as NSL-KDD, which has 41 features and harbors complex interactions among classes.

In recent years, alongside classical machine learning algorithms, deep learning and large language 
model (LLM)-based approaches have been increasingly investigated on NSL-KDD and similar intrusion 
detection datasets. Kasula et al. [10] proposed a hybrid model combining Random Forest with LSTM 
networks to perform real-time anomaly detection in cloud environments, achieving a precision value of 
94.78% on NSL-KDD and cloud log data. This study demonstrates that Random Forest continues to be 
used as a fundamental component even in complex hybrid architectures. Ali et al. [11], in their system 
called HuntGPT, combined a Random Forest classifier trained on the KDD99 dataset with explainable 
AI (XAI) techniques such as SHAP and LIME, along with a large language model-based chat interface, 
enabling security analysts to interpret detection results more easily. Ziems et al. [12], on the other hand, 
aimed to enhance the interpretability of decision tree-based models in network attack detection by 
converting the decision paths of decision tree models into natural language and generating explanations 
through large language models. These studies show that classical classifiers such as Logistic Regression, 
Decision Tree, and Random Forest still play a central role in the literature, both as standalone models 
and as components of more complex hybrid and LLM-supported architectures. This study aims to 
compare these three classical classifiers under a common and transparent evaluation protocol. To this 
end, the study presents a standardized preprocessing pipeline, an evaluation framework consisting of 
five different performance metrics, and a feature importance analysis, thereby providing a reproducible 
application infrastructure with a priority on interpretability and computational efficiency.

3. Dataset
In this study, the ‘KDDTrain+’ subset, which constitutes the training portion of the NSL-KDD dataset 
[13], was used for training network intrusion detection models. This dataset contains a total of 125,973 
records, each consisting of 41 features, a class label, and a difficulty level score. The features in the dataset 
are grouped into four main categories based on their structural characteristics. The first of these, basic 
connection features, includes fundamental network parameters such as duration, protocol_type, service, 
flag, src_bytes, and dst_bytes. The second group, content features, encompasses attributes related to 
connection content and security, such as num_failed_logins, root_shell, and num_compromised. The 
third group, time-based traffic features, presents statistical data such as the number of connections 
within a specific time window (count), the number of connections to the same service (srv_count), 
and the SYN error rate (serror_rate), while the final group, host-based traffic features, describes host-
oriented traffic patterns such as dst_host_count and dst_host_same_srv_rate.

Upon examining the data structure, it is observed that features such as protocol_type (‘tcp’, ‘udp’, ‘icmp’), 
service, and flag take categorical values. To enable numerical-based classification algorithms to process 
these data effectively, these textual features need to be converted into appropriate numerical forms 
during the preprocessing stage. In the original dataset, the target variable consists of approximately 
22 different classes representing various types of cyberattacks (e.g., neptune, smurf, satan, normal). 
However, in this study, in order to address the problem within a binary classification framework, 
the relevant labels were reduced to two fundamental classes: 0 for ‘normal’ records and 1 for ‘attack’ 
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records, created by consolidating all anomaly and attack types. The resulting class distribution, with 
67,343 normal (53.5%) and 58,630 attack (46.5%) records, is shown in Figure 1.

Figure 1. NSL-KDD (KDDTrain+) dataset class distribution

4. Materials and Methods
In this section, Logistic Regression, Decision Tree, and Random Forest algorithms are comparatively 
addressed on the NSL-KDD dataset under the same data preprocessing and evaluation steps. The 
preprocessing steps applied sequentially, the classification models included in the comparison, and the 
evaluation metrics used are described.

4.1. Preprocessing

The following preprocessing steps were applied sequentially on the raw dataset: (1) The label column 
representing the target variable was reduced in accordance with the binary classification architecture. 
(2) The categorical features in the dataset, namely protocol_type, service, and flag, were subjected to 
integer encoding to be converted into numerical format. (3) The transformed dataset was split into 
70% training and 30% test sets using a stratified method to preserve the overall distribution ratio of the 
original classes. (4) All features were standardized using StandardScaler with the mean and standard 
deviation computed from the training set. The scaler was computed solely on the training data, and 
only the transformation was applied to the test data; this approach was preferred to prevent information 
leakage from the test set into the training process.

In the standardization step, a z-score transformation was applied for each feature value x, as shown in 
Equation (1):
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where μ and σ are the mean and standard deviation of the respective feature, computed solely on the training 
set [14]. 

 

where μ and σ are the mean and standard deviation of the respective feature, computed solely on the 
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4.2. Classification Models

In the classification phase, three different classifier families were compared: (i) Logistic Regression, 
based on linear decision boundaries and considered as the baseline model due to its high interpretability. 
(ii) Decision Tree, a single tree model that can learn non-linear decision boundaries by recursively 
partitioning the feature space. (iii) Random Forest, which has an ensemble learning-based architecture 
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where numerous decision trees are trained on bootstrap samples and combined via majority voting. 
The parameters used for running the methods are given in Table 1. All three models were trained and 
evaluated on the same training/test split and the same scaled feature set.

Table 1. Models used for comparison and the parameters employed in their implementation

Classifier Parameter Value Description

Logistic Regression max_iter 1000
Maximum number of iterations allowed 
for the optimization solver to converge

Decision Tree criterion gini (default)
Impurity measure used to assess split 

quality

Decision Tree random_state 42
Fixing internal randomness sources of 

the tree (split selection)

Random Forest n_estimators 100
Number of decision trees used in the 

ensemble

Random Forest random_state 42
Fixing bootstrap sampling and feature 

subset selection

General (all models)
train/test split 
random_state

42
Fixed to ensure reproducibility of the 

data split

In the Logistic Regression model, given the weight vector w and the bias term b, the probability that a 
sample belongs to the attack class (y = 1) is calculated using the sigmoid function, as given in Equation 
(2):
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The model parameters were optimized on the training set by minimizing the binary cross-entropy (log-loss) 
cost function, defined in Equation (3) [15]: 
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Here, N denotes the number of training samples, yi represents the true label, and p̂i denotes the predicted 
probability produced by the model for sample i. 
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Here, K denotes the number of classes (K = 2 in this study), and pk represents the proportion of samples 
belonging to class k at node t. The tree is constructed recursively by selecting splits that maximize the 
information gain, defined as the weighted impurity reduction between a parent node and its child 
nodes [6].

The Random Forest model consists of an ensemble of B decision trees (B = 100 in this study), each 
trained independently on a bootstrap sample generated through random sampling with replacement 
from the training data. The final class prediction is determined by majority voting among the individual 
trees, as given in Equation (5):
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 𝐹𝐹𝐹𝐹1-Score =
2 × Precision × Recall
Precision + Recall

 (9) 

 
The Receiver Operating Characteristic (ROC) curve, which reflects the discriminative capability of a 
classification model, graphically illustrates the trade-off between the true positive rate (TPR) and the false 
positive rate (FPR) across different decision thresholds. The Area Under the Curve (AUC) metric, 
representing the area beneath the ROC curve, provides a threshold-independent measure of classification 
performance by quantifying the probability that a randomly selected attack instance is assigned a higher 
attack score than a randomly selected normal traffic instance [16]. 

5. Experimental Setup 

The experiments were conducted in a Python 3.13 environment using the scikit-learn, pandas, NumPy, 
Matplotlib, and Seaborn libraries [14]. As the benchmark dataset, the training portion of the NSL-KDD 
dataset proposed by Tavallaee et al. [1] was utilized. The dataset file was obtained from the publicly 
accessible defcom17/NSL_KDD GitHub repository hosting the NSL-KDD dataset [13]. 

To ensure reproducibility, a fixed random seed was employed in all procedures involving randomness, 
including the training–test split and the internal randomization processes of the Decision Tree and Random 
Forest models. The random seed was fixed at 42 throughout all experiments. The hyperparameters of the 
models were intentionally restricted to commonly used default and baseline values reported in the literature, 
without performing extensive optimization. The parameter settings used in the experiments are summarized 
in Table 1. This choice was motivated by the primary objective of the study, which is to reveal the relative 
differences among model families under a common preprocessing framework. Advanced hyperparameter 
optimization is considered as a direction for future research. 

6. Experimental Results and Findings 

This section presents the comparative performance results of the three classifiers evaluated on the NSL-
KDD test set. The reported results include a performance table containing accuracy, precision, recall, F1-
score, and AUC values, class-wise classification reports, a comparative model performance chart, confusion 
matrices, ROC curves, and a feature importance analysis based on the Random Forest model. 

6.1. Overall Performance Comparison 

Table 2 summarizes the accuracy, precision, recall, F1-score, AUC, and Average Precision (AP) values 
achieved by the three classifiers on the test set. Figure 2 provides a visual comparison of the models 
according to these key performance metrics. 

According to the obtained results, the Random Forest model achieved the best overall performance among 
the three classifiers, with 99.90% accuracy, 99.89% F1-score, 1.00 AUC, and 1.00 AP. The Decision Tree 
model exhibited a performance level that was nearly indistinguishable from that of Random Forest, 
achieving 99.81% accuracy and 99.80% F1-score. In contrast, the Logistic Regression model, which relies 
on a linear decision boundary, lagged behind the two tree-based approaches, with 95.35% accuracy and 
94.95% F1-score. Furthermore, the recall value of the Logistic Regression model (93.96%) was the lowest 
among the three models. This finding indicates that Logistic Regression was more prone to misclassifying 
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dataset proposed by Tavallaee et al. [1] was utilized. The dataset file was obtained from the publicly 
accessible defcom17/NSL_KDD GitHub repository hosting the NSL-KDD dataset [13].
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including the training–test split and the internal randomization processes of the Decision Tree and Random 
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the models were intentionally restricted to commonly used default and baseline values reported in the 

(5)

(6)

(7)

(8)

(9)



57

57

Volume: 1, Issue: 1,  Year: 2026 Journal Of Applied Science and Engineering Materials

literature, without performing extensive optimization. The parameter settings used in the experiments 
are summarized in Table 1. This choice was motivated by the primary objective of the study, which is 
to reveal the relative differences among model families under a common preprocessing framework. 
Advanced hyperparameter optimization is considered as a direction for future research.

6. Experimental Results and Findings
This section presents the comparative performance results of the three classifiers evaluated on the NSL-
KDD test set. The reported results include a performance table containing accuracy, precision, recall, 
F1-score, and AUC values, class-wise classification reports, a comparative model performance chart, 
confusion matrices, ROC curves, and a feature importance analysis based on the Random Forest model.

6.1. Overall Performance Comparison

Table 2 summarizes the accuracy, precision, recall, F1-score, AUC, and Average Precision (AP) values 
achieved by the three classifiers on the test set. Figure 2 provides a visual comparison of the models 
according to these key performance metrics.

According to the obtained results, the Random Forest model achieved the best overall performance 
among the three classifiers, with 99.90% accuracy, 99.89% F1-score, 1.00 AUC, and 1.00 AP. The Decision 
Tree model exhibited a performance level that was nearly indistinguishable from that of Random 
Forest, achieving 99.81% accuracy and 99.80% F1-score. In contrast, the Logistic Regression model, 
which relies on a linear decision boundary, lagged behind the two tree-based approaches, with 95.35% 
accuracy and 94.95% F1-score. Furthermore, the recall value of the Logistic Regression model (93.96%) 
was the lowest among the three models. This finding indicates that Logistic Regression was more prone 
to misclassifying a portion of attack instances as normal traffic compared with the Decision Tree and 
Random Forest models. Consequently, the tree-based methods demonstrated a superior capability for 
capturing the nonlinear relationships and complex patterns inherent in network intrusion detection 
data.

Table 2. Performance comparison of the models on the test set

Model
Accuracy 

(%)
Precision 

(%)
Recall (%) F1-Score (%) AUC AP

Logistic Regression 95.3500 95.9700 93.9600 94.9500 0.9919 0.9904
Decision Tree 99.8100 99.8200 99.7700 99.8000 0.9981 0.9970
Random Forest 99.9000 99.9500 99.8400 99.8900 1.0000 1.0000

The superior performance of the two tree-based models, Decision Tree and Random Forest, compared 
with the linear model suggests that the relationships among the features in the NSL-KDD dataset are 
largely nonlinear in nature. By recursively partitioning the feature space and learning complex decision 
boundaries, tree-based methods are able to capture such interactions more effectively than the linear 
decision boundary employed by Logistic Regression. The fact that Random Forest achieved marginally 
better results than the single Decision Tree across all evaluation metrics further indicates that training 
multiple trees on bootstrap samples and aggregating their predictions through majority voting reduces 
the tendency of an individual tree to overfit, thereby decreasing model variance and improving 
generalization performance.

The observation that all models achieved AUC and AP values above 0.99 indicates that the binary 
classification problem (normal vs. attack traffic) is highly separable on the NSL-KDD test set, regardless 
of the selected decision threshold. However, this finding should be interpreted in conjunction with the 
dataset limitations discussed in Section 3.
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Figure 2. Comparison of the models based on accuracy, precision, recall, and F1-score

6.2. Class-Wise Performance

Table 3 presents the precision, recall, and F1-score values separately for the normal and attack classes for 
each classifier. Such a class-wise analysis is particularly important in intrusion detection applications 
because the recall value of the attack class has significant operational implications. A low recall value 
indicates that a portion of actual attack instances is incorrectly classified as normal traffic, resulting 
in false negatives. These errors are generally considered more critical than false positives because 
undetected attacks may lead to severe security breaches.

From this perspective, the Logistic Regression model achieved an attack-class recall of 93.96%, which is 
noticeably lower than the values obtained by the other two models. This finding suggests that the linear 
decision boundary employed by Logistic Regression fails to adequately separate some attack instances 
from normal traffic. In contrast, the Decision Tree and Random Forest models achieved attack-class 
recall values of 99.77% and 99.84%, respectively, thereby minimizing the number of missed attacks.

Table 3. Class-wise precision, recall, and F1-score results

Model Class Precision (%) Recall (%) F1-Score (%) Support

Logistic Regression Normal 94.83 96.56 95.69 20,203
Logistic Regression Attack 95.97 93.96 94.95 17,589
Decision Tree Normal 99.80 99.84 99.82 20,203
Decision Tree Attack 99.82 99.77 99.80 17,589
Random Forest Normal 99.86 99.96 99.91 20,203
Random Forest Attack 99.95 99.84 99.89 17,589

The confusion matrices presented in Figure 3 enable a comparison of the three models in terms of their 
false positive and false negative rates. Regarding false negatives, out of the 17,589 attack records, Logistic 
Regression incorrectly classified 1,063 instances as normal traffic, while Decision Tree and Random 
Forest misclassified only 40 and 28 attack instances, respectively. In terms of false positives, among 
the 20,203 normal records, Logistic Regression incorrectly labeled 694 instances as attacks, whereas 
Decision Tree and Random Forest produced only 32 and 9 false alarms, respectively.

These findings demonstrate that the tree-based models maintain substantially lower false-negative rates 
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than the linear model, which is particularly important from an operational cybersecurity perspective. 
Since false negatives correspond to undetected attacks, minimizing such errors is crucial for maintaining 
the effectiveness of an intrusion detection system. Among the evaluated classifiers, Random Forest 
outperformed not only Logistic Regression but also the single Decision Tree model by achieving the 
lowest numbers of both false negatives and false positives. Consequently, Random Forest emerged as 
the most reliable model, simultaneously minimizing missed attacks and false alarms while providing 
the highest overall classification performance.

Figure 3. Confusion matrices of the evaluated models

Figure 4 presents the ROC curves and corresponding AUC values for the three classification models. 
The closer the ROC curve is to the upper-left corner of the plot and the closer its AUC value is to 1, 
the greater the model’s ability to discriminate between classes. The ROC curves of the Decision Tree 
and Random Forest models rise almost vertically along the y-axis and nearly overlap throughout the 
graph, achieving AUC values of 0.9981 and 1.0000, respectively. These results indicate that both models 
possess an excellent capability to distinguish between normal and attack traffic.

Figure 4. ROC curves and AUC comparison



61

60

Volume: 1, Issue: 1,  Year: 2026 Journal Of Applied Science and Engineering Materials

In contrast, the ROC curve of the Logistic Regression model, with an AUC value of 0.9919, exhibits a 
noticeably flatter trajectory, particularly at low false-positive rates. This behavior suggests that the linear 
model produces more classification errors than the tree-based models when the decision threshold is 
set to a lower value. Although Logistic Regression still demonstrates strong discriminative performance 
overall, its lower AUC value reflects a reduced ability to capture the complex nonlinear relationships 
present in the NSL-KDD dataset compared with Decision Tree and Random Forest approaches.

Figure 5 illustrates the precision–recall (PR) curves and the corresponding Average Precision (AP) values 
for the three classification models. Since the class distribution in the dataset is moderately imbalanced, 
PR curves provide a complementary perspective to ROC curves by emphasizing the trade-off between 
precision and recall, particularly for the positive (attack) class.

The Random Forest model, with an AP value of 1.0000, and the Decision Tree model, with an AP value of 
0.9970, maintain consistently high precision across nearly the entire recall range. This behavior indicates 
that both models are capable of identifying attack instances with very few false positives, even as recall 
approaches its maximum value.

In contrast, the Logistic Regression model achieved an AP value of 0.9904. Its precision–recall curve 
begins to decline noticeably once recall exceeds approximately 0.85, indicating a rapid decrease in 
precision at higher recall levels. Consequently, when the decision threshold is relaxed to capture a greater 
proportion of attack instances, the false-positive rate of Logistic Regression increases more rapidly than 
that of the tree-based models. This finding further highlights the superior ability of Decision Tree and 
Random Forest models to preserve a favorable balance between precision and recall across a wide range 
of operating conditions.

Figure 5. Precision–recall curves of the evaluated models

To assess the extent to which the results obtained from a single train–test split were affected by random 
variation, 5-fold cross-validation was performed. According to the results summarized in Table 4 and 
visualized through box plots in Figure 6, the Random Forest model demonstrated the highest average 
performance and the lowest variance, achieving a mean accuracy of 99.86% with a standard deviation 
of 0.01%, thereby confirming the model’s stability and robustness. In contrast, the Logistic Regression 
model exhibited both lower average performance and relatively higher variability, with a mean accuracy 
of 95.46% and a standard deviation of 0.14%.
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These findings support the conclusion that the performance differences reported in Table 2 are not 
merely the result of random sampling effects associated with a particular train–test split, but rather 
reflect systematic differences in predictive capability among the evaluated models. The consistently 
high mean scores and low standard deviations observed for the tree-based methods indicate that their 
superior performance remains stable across different data partitions.

Table 4. Results of 5-fold cross-validation

Model
Mean 

Accuracy 
(%)

Accuracy 
Std. (%)

Mean F1-
Score (%)

F1-Score 
Std. (%)

Mean 
AUC

AUC Std.

Logistic Regression 95.4600 0.1400 95.0700 0.1500 0.9917 0.0002
Decision Tree 99.7500 0.0500 99.7400 0.0600 0.9976 0.0005
Random Forest 99.8600 0.0100 99.8500 0.0100 1.0000 0.0000

Figure 6. Cross-validation accuracy distributions

6.3. Statistical Significance Analysis

To determine whether the observed performance differences among the evaluated models were 
statistically significant, the McNemar test, a widely used method for pairwise comparison of binary 
classifiers, was applied. The results are presented in Table 5. The calculated p-values for all model 
pairs were found to be well below the significance threshold of 0.05, specifically at the p < 0.001 level, 
indicating that the observed differences in classification performance are not attributable to random 
chance but are statistically significant.

In particular, the differences between Logistic Regression and the tree-based models (Decision Tree and 
Random Forest) exhibited extremely strong statistical significance, with χ2 values exceeding 1600 and 
corresponding p < 0.001. Furthermore, the performance difference between Decision Tree and Random 
Forest was also found to be statistically significant, yielding χ2 = 18.35 and p = 1.8 × 10−5. This result 
confirms that the performance gain achieved through the ensemble approach of Random Forest is 
genuine and cannot be attributed merely to measurement error or random variation.
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Table 5. McNemar test results

Model A Model B
Correct 

Only by A
Correct 

Only by B
Chi-

Square (χ2)
p-value

Significant 
(p < 0.05)

Logistic 
Regression

Decision Tree 39 1,724 1608.54 < 0.001 Yes

Logistic 
Regression

Random Forest 11 1,731 1696.30 < 0.001 Yes

Decision Tree Random Forest 14 49 18.35 1.8 × 10−5 Yes

6.4. Feature Importance Analysis

Figure 7 presents the fifteen most important features according to the Random Forest model. This 
analysis identifies the network traffic attributes that contribute most strongly to distinguishing 
between attack and normal traffic. Consequently, it not only enhances model interpretability but also 
provides valuable guidance for future feature selection studies.

The features with the highest importance scores are src_bytes and dst_bytes, followed by dst_host_
srv_count, same_srv_rate, dst_host_same_srv_rate, and flag. These findings suggest that attack traffic 
is primarily differentiated from normal traffic through characteristics related to the volume of data 
transferred per connection and patterns of service access directed toward target hosts.

This observation is consistent with the nature of many cyberattacks. In particular, probing (probe) 
and denial-of-service (DoS) attacks typically generate either unusually high or unusually low byte-
transfer volumes, as well as abnormally frequent and repetitive service requests directed at the same 
target host. As a result, traffic-volume-related features such as src_bytes and dst_bytes, together with 
service-similarity indicators such as same_srv_rate and dst_host_same_srv_rate, emerge as highly 
discriminative attributes for intrusion detection. The prominence of these features demonstrates that 
traffic behavior characteristics play a crucial role in distinguishing malicious activities from legitimate 
network operations.

Figure 7. Random Forest feature importance ranking
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7. Discussion and Conclusions
When the findings are considered collectively, the superiority of tree-based models over the linear model 
does not appear to be coincidental. This advantage is consistently observed across summary metrics such 
as accuracy and F1-score. The error distribution reflected in the confusion matrices also supports the 
same conclusion. The McNemar test confirms that this difference is statistically significant, while cross-
validation demonstrates that it is not attributable to sampling randomness. This consistency indicates 
that the attack/normal classification problem in the NSL-KDD dataset contains nonlinear interactions 
among features that cannot be captured by the linear decision boundary of Logistic Regression but can 
be readily learned by tree-based models through recursive partitioning.

The nature of the differences among the models is as important as their magnitude. Even when 
two models achieve high accuracy, the distribution of error types may lead to different operational 
outcomes. In an intrusion detection system, a missed attack generally carries a higher cost than a false 
alarm. The false-negative rate of Logistic Regression is considerably higher than those of the tree-based 
models. This suggests that, despite its high overall accuracy, the model may not be considered sufficient 
as a standalone solution for operational deployment. Random Forest, on the other hand, maintains 
both false-negative and false-positive rates at low levels. In this regard, it emerges as a more balanced 
candidate from a security perspective, as it keeps both types of errors under control.

It is noteworthy that features related to the volume of data transferred per connection emerged as 
the most important variables in the feature importance analysis. This finding indicates that the model 
learned the distinction based not on random or superficial patterns, but on signals that can be associated 
with attack behavior. Therefore, the high performance achieved can be considered to be largely driven 
by meaningful learning.

On the other hand, the fact that all models achieved AUC and AP values above 0.99 should also be 
interpreted as a cautionary signal. Such high and closely clustered values may suggest that the NSL-
KDD dataset is relatively separable compared with real-world network traffic. Consequently, whether 
the performance ranking observed in this study would be preserved to the same extent on noisier and 
more imbalanced real-world datasets remains an open question. In this context, it is recommended 
that: (i) additional validation be performed on the separate KDDTest+ dataset to provide a more robust 
assessment of model generalization capability; (ii) systematic hyperparameter optimization and the 
comparison of deep learning-based architectures be conducted under the same experimental protocol; 
(iii) classification be extended beyond the binary setting to perform a multiclass analysis of DoS, Probe, 
R2L, and U2R attack categories; and (iv) model complexity be reduced through feature selection based 
on the obtained feature importance rankings.
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Abstract

Today, many commercially available fabric softeners contain encapsulated fragrances to provide 
consumers with prolonged release of the fragrance even after extended storage periods. Among various 
techniques, in situ polymerization is one of the most common methods, as it offers a cost-effective 
and easily scalable method for fragrance encapsulation. In that regard, the primary performance 
requirements are generally fragrance protection and prolonged release. On the other hand, the dispersion 
stability of the microcapsules prior to addition to a fabric softener formulation is as important as the 
primary requirements since in many commercial applications, capsule systems are supplied as ready-
to-use capsule dispersions. In this context, this study investigates the preparation of fragrance-loaded 
microcapsules using methanol-modified melamine-formaldehyde resin (MMF) and their post-curing 
modification with glycidyl trimethylammonium chloride to improve long-term dispersion stability. 
Optical microscopy and SEM analyses revealed predominantly spherical microcapsules with sizes 
in the 20-30 µm range, and TGA was conducted to support the presence of the thermally resistant 
MMF shell. It was found that modification with glycidyl trimethylammonium chloride did not alter 
the performance but provided long-term dispersion stability and suggested improved deposition and 
retention on the fabric after laundering.
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1. Introduction
The Fragrance materials are widely used in consumer products, such as detergents, fabric softeners, 
household cleaners, shampoos, shower gels, etc., to provide a pleasant and long-lasting dour [1]. 
However, their practical performance is often limited by their volatile and chemically sensitive nature, 
as many fragrance components can readily oxidize or degrade, such as essential oils and unsaturated 
compounds [1]. Additionally, in commercial household and personal care applications, maintaining a 
consistent fragrance character across different products is of utmost importance. For all these reasons, 
encapsulation of fragrance materials is done not only to protect the fragrance components from external 
factors such as air, light, heat, etc., but also to improve compatibility with different formulations. Among 
several applications, fabric softeners represent an important application area, as not only protection of 
fragrance material and improved compatibility in softener formulations needed, but also retention on 
fabric and prolonged release should be provided as the performance generally associated with longevity 
[1–3].

For that purpose, two distinct methodologies are often used: (i) encapsulation of the fragrances with 
polymeric material, which depends on the triggered release of fragrance upon mechanical stress, or (ii) 
use of pro-fragrances, which relies on the controlled degradation of fragrance under mild conditions 
like everyday sunlight exposure. In this context, fragrance encapsulation is more widely applied in 
consumer products, as it can be directly used with complex commercial fragrance blends, whereas pro-
fragrance systems generally require specific molecular design, which limits their practical [2, 4–6].

Both in the literature and in many industrial applications, prepolymers are widely used for fragrance 
microencapsulation, including urea-formaldehyde (UF), melamine-formaldehyde (MF), polyurethane, 
and polyurea-based systems [1, 7–10]. Although conventional polymeric microcapsules are generally 
designed to protect fragrance components for shelf life and prolonged release, many of them do not 
provide additional advantages for capsule deposition and retention on the fabric surfaces, which is 
directly related to the performance of the consumer product, as quality and performance are often 
associated with the longevity of the fragrance.

In this study, to improve deposition on fabric surfaces, cationic functionality was introduced onto 
the capsule shell after oil-in-water (O/W) fragrance encapsulation, which was carried out by in situ 
polymerization of MMF resin as the shell-forming material.

2. Conceptual Framework 
Microencapsulation of target materials can be done with several methods but can be classified to three 
main categories, (i) chemical methods, which includes in situ polymerization, interfacial polymerization, 
and photopolymerization, physicochemical methods which basically stands for coacervation techniques 
and lastly (iii) physical methods that consist of spray drying and solvent evaporation, that rely on the 
removal of a carrier phase to obtain encapsulated materials [1, 11–13].

In this context, fragrance microcapsules for fabric-softener applications are commonly produced by 
in situ or interfacial polymerization, as these methods provide rapid, cost-effective, scalable, and 
reproducible production routes suitable for commercial use [6]. Moreover, the capsule shell must retain 
its structural integrity not only during product formulation, storage, and transportation, but also after 
deposition onto the textile, including during drying, folding, wardrobe storage, and routine handling, 
thereby requiring a dense and sufficiently crosslinked polymeric shell to minimize diffusion and leakage 
and maximize the retention of encapsulated fragrance deposition on the fabric following laundering, 
ironing and subsequent storage [6].

Within this context, the present study is based on the chemical microencapsulation of two different 
fragrance mixtures through the in-situ polymerization of methanol-modified melamine-formaldehyde 
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resin in an oil-in-water emulsion system. To this end, all fragrance systems were prepared using the 
same encapsulation procedure, and the resulting microcapsule shells were subsequently subjected 
to cationic functionalization to enhance their affinity toward textile surfaces as well as improve the 
colloidal stability of the final formulation. Selected fragrance mixture was utilized for the individual 
analytical evaluations, including encapsulation yield by gravimetric analysis, encapsulation efficiency 
with UV-Vis spectroscopy, morphology with optical microscopy and scanning electron microscopy 
(SEM), and thermal characteristics with thermogravimetric analysis (TGA), while performances are 
evaluated with olfactory scoring.

3. Material and Methods
Two different fragrance mixtures were encapsulated through in situ polymerization of a methanol-
modified melamine-formaldehyde prepolymer in an oil-in-water emulsion system using a modified 
procedure based on previously reported methods [7–9, 14]. The encapsulation performance of the 
formulations was evaluated by determining the encapsulation yield and efficiency, whereas the 
morphology and thermal characteristics of the microcapsules were examined using scanning electron 
microscopy and thermogravimetric analysis, respectively. The performance of the developed systems 
on textile substrates was further assessed through post-laundering olfactory evaluations. Each 
fragrance mixture was selected for specific analytical evaluations.

3.1. Materials and Instrumentation

Materials: The chemicals used in the encapsulation procedure were styrene-maleic anhydride 
copolymer (SMA, ScriptSet 520), methanol-modified melamine-formaldehyde resin (ALMUN 70, 
supplied by Gentaş Chemicals), sodium hydroxide (≥97.0%, ACS reagent), hydrochloric acid (37 
wt.%, ACS reagent), and glycidyl trimethylammonium chloride (≥90%, technical grade), supplied by 
Sigma-Aldrich, dye colourant used in the study was supplied by Sensient. The commercial fragrance 
mixtures PINK Capsule ENC Last, and GREEN CAPSULE ENC Last were supplied by Parkim 
Fragrance House. Deionized water was used throughout the experiments, and all materials were used 
as received without further purification.

Instrumentation: Microcapsule synthesis was performed in a jacketed glass reactor equipped with an 
overhead mechanical stirrer and connected to a temperature-controlled circulating bath. The pH of 
the reaction mixtures was monitored using a calibrated pH meter. Optical microscopy images were 
recorded with marka model tip optical microscope. For SEM imaging a JEOL JSM-5600 scanning electron 
microscope is used after drying and coating with a thin gold-palladium layer under high vacuum. 
Thermogravimetric analysis was conducted using a Mettler Toledo TGA/SDTA851e instrument from 
room temperature to 700 °C at a heating rate of 10 °C/min under a nitrogen atmosphere. UV-vis 
measurements were taken in a T80 + UV/vis spectrophotometer with quartz cuvettes in the 190-1100 
nm range (light path: 10 mm) after phase separation via centrifugation.

3.2. Preparation of Fragrance-Loaded Encapsulate

Fragrance encapsulation was carried out by in situ polymerization in an oil-in-water (O/W) emulsion 
using an overall water-to-fragrance mass ratio of 3:1, with the procedure initiated by adding SMA (5.0 
g, 5% w/w relative to the fragrance) and NaOH (1.5 g, 30% w/w relative to SMA) to 200 g of deionized 
water in a jacketed glass reactor and stirring the mixture at 200 rpm and 80 °C until a clear solution 
was obtained and cooled down to room temperature after which selected fragrance mixture (100 g) 
directly added and the system was stirred at 500 rpm until homogeneous oil-in-water emulsion was 
formed followed by addition of methanol-modified melamine-formaldehyde prepolymer (20 g, 15% 
w/w relative to fragrance) in water (95 g) and firstly stirred at room temperature for 1 h to allow 
the prepolymer to distribute within the continuous phase and accumulate at the fragrance-water 
interface. The initial pH was measured and recorded, and the pH of the mixture was then adjusted 
to approximately 5.5 using 1 M HCl. The reactor was set to 90 °C, and the mixture was heated under 
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continuous stirring for an additional 2 hours. After the curing of the pre-polymer was completed, the 
reactor was set to room temperature, and glycidyl trimethyl ammonium chloride (5 mL, 5% v/w relative 
to the fragrance) was added to the reaction mixture and stirred continuously until the reaction mixture 
was cooled down to the set temperature. The pH of the resulting microcapsule was checked and adjusted 
to 7 with dilute NaOH to end curing and minimize the presence of unreacted formaldehyde, and finally 
diluted with selected fragrance (10 g, 10% w/w) to complete the resulting mixture that is ready to use in 
commercial fabric softener essence.

3. Results and Discussion  
In the context of the present study, the performance of synthesized fragrance encapsulates was evaluated 
by their physicochemical characteristics and their olfactory behaviour on textiles. As the primary purpose 
of glycidyl trimethylammonium chloride functionalization was to improve the colloidal stability of the 
microcapsules within the ready-to-use fabric-softener formulation, prepared samples were collected 
and visually monitored immediately after preparation and after 1 day, 1 week, 1 month, and 6 months 
of storage (Figure 1). 

Figure 1. Ready-to-use formulations for Pink Capsule ENC Last (a) immediately after preparation, (b) 1 hour after 
preparation, (c) 1 week after preparation, (d) 1 month after preparation, (e) six months after preparation (left with 

glycidyl trimethyl ammonium chloride, right with no additive)

During this storage period, functionalized microcapsules remained uniformly dispersed, whereas 
unmodified capsules settled a few hours after preparation. This enhanced stability is attributed to the 
positive surface charge introduced by the quaternary ammonium groups, which increased electrostatic 
repulsion between neighboring microcapsules and thereby reduced their tendency to settle, and 
eliminated the dependence on additional suspension-stabilizing additives. The proposed mechanism 
for the encapsulation reaction and underlying this difference in dispersion behaviour is schematically 
illustrated in Scheme 1.
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Scheme 1. Schematic overview of the structural representation of styrene-maleic anhydride copolymer before 
and after hydrolysis (a), in situ polymerization of MMF (b), post-curing cationic surface functionalization of the 
microcapsules with glycidyl trimethylammonium chloride (c), proposed influence of surface functionalization 

on dispersion behaviour (d)

In the context of the study to ensure capsulation, optical microscopy images were recorded at several 
stages of the reaction during the encapsulation process and are shown in Figure 2. According to the 
presented images, spherical and morphologically stable microcapsules were obtained after 2 hours 
of reaction with no apparent coalescence. Nevertheless, limited premixing conditions resulting from 
the absence of a high-shear emulsification device led to a relatively broad particle-size distribution, 
nevertheless, microcapsules with an average diameter of 20-40 µm were obtained, which fall within 
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the range accepted for commercial fabric-softener applications [6]. Also, the addition of glycidyl 
trimethylammonium chloride as a cationic agent after curing does not change the particle size.

Figure 2. ptical microscopy images of fragrance-loaded microcapsules (Pink Capsule ENC Last) recorded after 30 
min of reaction (a), (b), after 2 h of curing and before the addition of glycidyl trimethylammonium chloride (c), 
(d), after glycidyl trimethylammonium chloride addition and cooling to room temperature (e),(f), and particle-
size histograms and distribution curve (g), (h). (Mean diameters were calculated from the particles measured in the 

corresponding images, smoothed curve was obtained with the Gaussian Kernel Method and derived from the same datasets)

To investigate the capsule structure and morphology, SEM images are also provided (Figure 
3). In the light of images, predominantly spherical microcapsules are observed, which support 
the successful deposition and curing of the melamine-formaldehyde prepolymer around the 
fragrance droplets. Parallel to the optical microscopy images, a relatively broad particle-size 
distribution is also seen in the SEM images, as well as continuous film-like residue, which may be 
attributed to the limited premixing conditions that cause free MMF polymer in the continuous 
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phase of the encapsulation process. Importantly, treatment with glycidyl trimethylammonium 
chloride does not cause any morphological changes in the obtained fragrance-loaded capsules.

Figure 3. SEM images of fragrance-loaded (Pink Capsule ENC Last) microcapsules obtained at 500× 
magnification (a), 2500×magnification (b), 5000× magnification (c), 2000× magnification before treatment (d)

Overall, the SEM observations were consistent with the optical microscopy results, and both confirmed 
successful capsule formation. To further support the successful formation of the microcapsules and 
evaluate the thermal behaviour of the encapsulated fragrance systems, thermogravimetric analysis 
(TGA) was performed, and the resulting thermograms are presented in Figure 4.

According to the obtained thermograms, the fragrance mixture (Pink Capsule ENC Last), used as the 
core material, exhibited a rapid weight loss starting at approximately 60 °C, and continued until 200 °C 
resulting in a 90% weight loss and almost complete volatilization occurring at approximately 213 °C. 
The MMF resin, used as the shell material in the procedure, showed three weight loss stages including 
an initial loss below approximately 120 °C, a gradual degradation stage between approximately 120 
and 300 °C, and a more pronounced mass-loss step at around 400 °C, followed by a residual mass 
of approximately 10-12% at 700 °C. As the encapsulated samples were analyzed directly as aqueous 
dispersions, a major weight-loss was observed at around 100 °C in both capsule dispersions and was 
primarily attributed to water evaporation. Although according to the gravimetrically determined solid 
content, the initial weight-loss was expected to be approximately 68%, the thermogram showed nearly 
80% weight loss, which may be attributed to the added free fragrance, fragrance present on the capsule 
surface [15, 16], and volatile fragrance components gradually diffusing through the polymeric shell. 
The unmodified capsules showed a plateau between 110 °C and 300 °C, followed by a second mass-
loss stage at approximately 300-350 °C, supporting the presence of a thermally resistant MMF-based 
shell. Unlike the unmodified capsules, the modified capsules did not exhibit a plateau but instead 
showed a gradual mass decrease between approximately 95 and 210 °C, followed by a second broad 
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weight-loss extending to approximately 320 °C. This change in thermal behaviour may be attributed to 
the use of glycidyl trimethylammonium chloride, which introduces hydrophilic quaternary ammonium 
groups

onto the capsule surfaces, causing a gradual weight-loss due to the presence and subsequent loss of 
bound water on the outer surface of the capsule shell. However, this change in thermal behaviour does 
not necessarily indicate reduced capsule performance.

Figure 4. TGA diagrams

After the formation of the microcapsules had been supported by optical microscopy, SEM, and TGA 
analyses, the encapsulation process was further evaluated in terms of solid yield and encapsulation 
efficiency using gravimetric and UV-Vis spectrophotometric methods, respectively. To determine the 
solid yield, a 10.0 g aliquot was collected from the final microcapsule dispersion of Green Capsule 
ENC Last before the addition of free fragrance and air-dried at room temperature in the dark until a 
constant mass was obtained. The remaining dry residue was weighed directly, and the solid yield was 
calculated relative to the initial mass of the aliquot. According to the measured masses, the calculated 
solid contents range from 24.4% to 34.2% by weight. To determine the encapsulation efficiency, the 
same procedure was followed, with the only modification being the composition of the fragrance phase, 
which consisted of 99.0 g of the Green Capsule ENC Last fragrance mixture and 1.0 g of an oil-soluble 
dye employed as a tracer. To this end, the dye was completely dissolved in the corresponding fragrance 
mixture, and a calibration curve was constructed at the dye’s maximum absorption wavelength (Figure 
5). Aliquots were collected in three separate stages (i) initial fragrance and dye mixture to determine 
initial concentration (the collected sample was measured directly) (ii) after addition of prepolymer resin 
to estimate the amount transferred into the aqueous phase, and (iii) after completion of the curing 
process to quantify the dye remaining in the non-encapsulated oil phase. At each sampling stage 
except the first one, the aliquot was centrifuged to separate the oil phases, which were collected and 
analysed by UV-Vis spectrophotometry at the predetermined wavelength, and in each step, samples 
were taken as duplicates. The theoretical initial dye concentration was 10.10 mg/g, and according to 
the measurements, it was determined to be 10.8 ± 2.1 mg/g, which demonstrates sufficient agreement. 
Following the determination of the initial concentration, the reaction was carried out to the end of 
the emulsion step, which corresponds to 1 hour of mixing after the addition of the MMF resin. After 
centrifuging the samples, the separated oil phases were analysed by UV-Vis spectrophotometry, and a 
decrease in dye concentration was observed, which is accepted as the amount transferred to the aqueous 
phase during emulsification. According to the obtained spectra, the dye concentration remaining in the 
oil phases was determined as 7.09 mg/g ± 0.64 mg/g, indicating 33.6% ± 7.2% of the dye transferred into 
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the aqueous phase during emulsification. Lastly, after completion of the curing process, unfortunately, 
not only did centrifugation fail to produce a visually distinguishable free-oil layer, but the collected 
supernatant also exhibited an absorbance response close to the baseline, thus no quantitative evaluation 
can be done; nevertheless, both observations indicated that residual non-encapsulated fragrance tracer 
remained after curing was negligibly low, thus qualitatively showing high encapsulation efficiency.

Figure 5. UV-Vis spectrophotometric analysis of the oil-soluble dye used as a tracer in the Green Capsule ENC 
Last encapsulation study, (a) absorption spectra of the calibration standards (inset as calibration curve), (b) 

representative absorption spectra of the several stages of the encapsulation reactionn

Finally, the olfactory performance of the fragrance-loaded microcapsules (Pink Capsule ENC Last) 
was evaluated on fabric samples following laundering. For this purpose, 1.0 g of each formulation 
was diluted with 99.0 g of the fabric-softener base, and laundering was performed at 30 °C for 17 
min. For each encapsulated fragrance formulation, five separate laundering treatments were 
conducted using two towels per treatment, (i) a control treatment containing the corresponding free 
fragrance (FF), (ii) a treatment containing the microcapsule dispersion collected before the addition 
of glycidyl trimethylammonium chloride, without free-fragrance addition (UMC), (iii) functionalized 
microcapsules with glycidyl trimethylammonium chloride, without free-fragrance addition (CMC),

(iv) blend of UMC with free-fragrance(UMC-FB), (v) blend of CMC with free fragrance (CMC-FB). 
All laundering treatments were performed under identical conditions. The fragrance intensity of the 
treated towels was evaluated immediately after laundering while the fabrics were still wet, and again 
after drying and storage for four days with and without rubbing to mimic and evaluate the effect of 
mechanical stress. All evaluation results were displayed in Table 1.

According to the results, the FF showed the highest olfactory intensity after laundering, as expected, 
with a radical decrease after storage, and without any significant increase after rubbing because no 
microcapsules were present in the system. In contrast, both microcapsule-only treatments (UMC and 
CMC) exhibited low olfactory intensity immediately after laundering and before rubbing, which was 
attributed to the absence of free fragrance on the fabric. On the contrary, after rubbing, olfactory scores 
were increased dramatically, indicating that microcapsules had been retained on the textile surface 
and mechanically ruptured, thereby releasing the encapsulated fragrance. Lastly, both blends (UMC-
FB and CMC-FB) provide a satisfactory olfactory intensity both after laundering and storage, with a 
notable increase after rubbing. When four microcapsule-containing treatments (UMC, CMC, UMC-
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FB, and CMC-FB) in both cases show that the use of glycidyl trimethylammonium chloride produced 
slightly higher olfactory scores, suggesting improved capsule deposition or retention on the fabric 
surface.

Table 1. Olfactory evaluation score of the tested fabrics

Treatment After 
laundering

After 4 days of 
drying and storage 

After rubbing

Free Fragrance (FF) 5 2 2
Unmodified Microcapsules (UMC) 1 1 3
Functionalized Microcapsules (CMC) 1 1 3.5
Unmodified Microcapsules Blend 
(UMC-FB)

3.5 3 4.5

Functionalized Microcapsules (CMC-
FB)

3.5 3 5

4. Conclusions
In this work, synthesized fragrance-loaded microcapsules with MMF resin as shell material with in 
situ polymerization was accomplished, and post-curing functionalization of the capsule shells with 
glycidyl trimethylammonium chloride was done. Imaging analyses revealed predominantly spherical 
microcapsules with clearly distinguishable particle boundaries, while TGA results indicated sufficient 
thermal characteristics. According to the thermogram, post modification caused the plateau observed 
for the unmodified capsules to shift toward a more gradual, multistage mass-loss profile. Moreover, 
UV-Vis analysis showed that applied procedure provides a effective encapsulation with a negligible 
oil residue after curing in the continues phase. Post-curing modification of capsules with glycidyl 
trimethylammonium chloride not only provided the long-term dispersion stability to the ready-to-
use fabric-softener formulation as expected without significant drawbacks but also resulted in slightly 
improved olfactory evaluation scores, which is attributed to the ionic interaction between cationic 
capsule with anionic fabric surfaces.
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