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Abstract 

 
This research is focused on the estimation of dissociation constants (pKa) of eight amines, 

namely: 3-(Diethylamino) propylamine, 1,3-Diaminopentane, 3-Butoxypropylamine, 2-

(Methylamino) ethanol, Bis (2-methoxyethyl) amine, α-Methylbenzylamine, 2-Aminoheptane, 3-

Amino-1-phenylbutane in the temperature range of 293.15K to 323.15K using the potentiometric 

titration method. The van’t Hoff equation was used to estimate the standard state enthalpy 

change (∆H0) and standard state entropy (∆𝑆0). 

pKa values were predicted using the Perrin−Dempsey−Serjeant (PDS) functional additivity 

model, the modified PDS and the Qian, Sun, Sun, and Gao (QSSG) model. The obtained root mean 

square (RMS) errors for the three models were 0.41, 0.25 and 0.17, respectively. 

pKa values of amines that have significant importance in the process of CO2 capture were 

predicted using an Artificial Neural Network (ANN) model, with the help of a back-propagation 

algorithm. Ten variable parameters were used as input data in this estimation, which were further 

broadly divided into 3 subcategories, namely: 1) The properties that are used to identify the 

compound are considered as the inputs such as the molecular weight, numbers of H atoms, N 

atoms, C atoms and O atoms; 2) The properties that were used to correlate the pKa values were 

the temperature, density, viscosity, refractive index, and sound velocity. Finally, the 

experimentally determined pKa values were considered as the output. The density, viscosity, 

refractive index and sound velocity of the eight amines under study were experimentally 

determined in this work. The detailed experimental procedure was also reported. The developed 

architecture consisted of 10 inputs, 40 neurons in the first hidden layer and 39 neurons in the 

second hidden layer, and a single output parameter leading to a model with 10-40-39-1 

parameters. This model was found to be very efficient in predicting the pKa of amines not 
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included in the training database. The regression coefficient was 0.90755 and the mean squared 

errors for training, validation and testing were MSEtrain = 0.0069, MSEvalidation = 0.037 and 

MSEtest = 0.0597, respectively. 

To reduce the complexity of the model, another architecture with a structure of 8-40-39-1 

was developed. Density and viscosity values remained as inputs, which led to a slightly lower 

regression coefficient of 0.89225 and higher mean squared errors  MSEtrain = 0.00881, MSEvalidation 

= 0.02945 and MSEtest = 0.0789. With just two parameter representing the physical and tramport 

properties of the amines, the complexity of the system was greatly reduced, but it was still able to 

predict accurately the pKa values of amines .
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Chapter 1 : Introduction 
 

1.1 Emissions and policies 
 

The necessity of CO2 capture is of paramount importance in today’s world as CO2 is one of 

the most influential greenhouse gases (GHG). It captures the infrared radiation and causes the 

temperature to increase. The current increase and decrease in temperatures depending on locations 

and change in climatic conditions are due to global warming, which in the past few years has risen 

the overall temperature by approximately 2 C. This has been one of the major reasons for the 

increase in precipitation, low snowfall years and heavy snowmelt in northern Canada and the 

western USA [1]. Even though an increasing number of governments and public associations 

started becoming conscious of global warming and legislated strict laws to lessen fossil fuel 

consumption, it is not entirely possible to find an alternative to fossil fuels yet. 

 

Figure 1.1 Global CO2 emissions based on total consumption [2] 
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The quantity of fossil fuels burnt yearly has been reaching a new record level every year 

since 1990, a break to this trend was observed in the year 2020 due to Covid -19. The change can 

be observed from the graphical representation provided in Figure 1.1 [2]. Similarly, the 

contribution to these emissions by individual nations is represented in Figure 1.2 [2]. 

 

Figure 1.2 CO2 emissions worldwide in the year 2020. [2] 

The energy sector is the largest source of CO2 emissions. One of the most carbon-intensive 

fuels is coal. For instance, every tonne of coal burned produces approximately 2.5 tonnes of CO2 

which is alarmingly high for any type of fossil fuel [3]. Due to various other factors, coal 

constitutes one-third of fossil fuels’ share in the entire world and hence is responsible for almost 

43% of CO2 emissions from the use of fossil fuels [3].  

The transportation sector is considered the second-largest source of CO2 emissions. The 

transportation of people and goods produced around 22% of CO2 emissions around the world by 
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the burning of fossil fuels [4]. This energy-intensive industry utilizes petroleum-based fuels like 

gasoline, diesel, kerosene etc. Since the 1990s transport-related emissions have grown at an 

alarming rate of 45% in less than 3 decades [4]. The aviation industry has accounted for 11% of 

transport-related CO2 emissions. About 62% of these emissions were generated by international. 

flights and domestic flights make up for the remainder 38% of emissions [4]. Over the last decade, 

aviation has become one of the fastest-growing carbon-intensive forms of transportation. 

The industrial sector comes in the third position for CO2 emissions. This sector is usually 

made up of construction, mining, manufacturing, and agriculture. The sector produces 20% of 

fossil fuel-related CO2 emissions [3]. The manufacturing process is a major player in this sector. 

For instance, the production of 100kg of cement produces 900kg of CO2, and 1 tonne of steel 

manufactured produces 1.9 tonnes of CO2 [3]. 

The natural sources of CO2 emissions are much larger than human sources of emissions. The 

amount of CO2 produced by natural sources is completely offset by natural carbon sinks [4]. As a 

result, steady levels of CO2 were observed before the industrial revolution. The major contributing 

factors are atmospheric changes in the ocean, respiration of humans and animals, decomposition 

and volcanic eruptions. The overall percentages of contribution for these may be staggering but 

have been balanced out for thousands of years now [4]. 

In 2015, 195 nations signed the Paris Agreement [5, 6], whose primary goal was to restrict 

common worldwide temperature increase to less than 2 C by 2050. The world is well behind the 

target of meeting the weather goals set out by the agreement. Due to the constant depletion of 

resources and increase in usage of available resources, it is about time for the governments to turn 

their attention to installing new CO2 capture plants. To support this ambition, some governments, 

private and public sector organizations have refocused their efforts to further reduce CO2 
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emissions, after the COP-26 meeting in Glasgow [5]. Much stronger climate policies have been 

laid out and many companies have targeted to reduce one, two and three types of emissions. 

Around 50 countries, provinces or cities have pledged and committed to achieving net zero-

emission by the date set by the agreement i.e., 2050 [5, 6]. 

1.2 Carbon Capture and Storage (CCS) 
 

CCS faces numerous challenges even with today’s technologically advanced world. One of 

the major concerns is the overall financial costs incurred during the implementation of CCS. As 

outlined, a CCS system broadly performs actions including but not limited to CO2 capture, storage 

and transportation, out of which CO2 capture alone is responsible for more than ¾ of the entire 

incurred costs [6, 7]. Considering the brighter side of this workflow, the price of electricity 

produced from coal-fired power plants is predicted to rise twice the amount [8], however, the use 

of CCS facilities would decrease the use of combustion and effectively decrease the price of 

electricity by a huge margin [7, 8, 9]. This has resulted in an exponential growth in the number of 

R & D efforts focussed on decreasing the overall costs for CCS implementation. 

According to the global status report 2020 [10], CSS facilities will be classified as follows: 

• Commercial-CCS facilities: These are the facilities that would be used for CO2 capture and 

permanent storage as part of a commercial operation. 

• Pilot and demonstration facilities: These facilities hold the CO2 captured for testing, 

developing and demonstrating the CCS technologies. 

In the past decade, the CCS facility pipeline development has been quite turbulent. The total 

capacity of these pipelines decreased steadily between 2011 and 2017, possibly because both the 

public and private sectors focussed on short-term goals after they were hit by a financial crisis. 

Nevertheless, there has been strong growth in the past three years. [10] 
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A few of the milestones that the CCS industry has achieved in the past few years can be highlighted 

as follows [10]: 

• The Alberta Carbon Trunk Line (ACTL) started its operation in March 2020 with a 

capacity of 14.6 Mt of CO2. It is an infrastructure that has been considered to store the 

highest capacity of CO2 in the world [10]. 

• In Australia, the Gorgon Carbon Dioxide Injection Facility has been storing CO2 since 

August 2019, it is the largest dedicated geological storage operation in the world [10]. 

• Quest CCS facility is the hub that captures CO2 from three steam methane reformers in 

Alberta, Canada. In July 2020, the facility reached a total CO2 storage level of 5Mt [10]. 

The global emission of CO2 has taken a gradual increase over the past few decades, the 

change can be observed from the graphical representation provided in Figures 1.1 and 1.2 [2]. In 

early 2020, the development and deployment of CCS gained a significant boost. This was hit by 

Covid-19, this pandemic impacted the production which scaled back significantly. The carbon 

capture operation was paused in several CCS facilities and was strictly indicated to restart when 

the global economic conditions improve. 

Many CSS projects use oil and gas fields to store their CO2 as they are the most secure and 

proven structures that can hold huge amounts without any issues. The field of oil and gas has been 

majorly researched for decades and this helps in identifying any issues and also helps us respond 

to failures much more easily. The approximate number of CO2 storage resources of major oil and 

gas fields is presented in Figure 1.3 [10]. The geological storage resources for CO2 in saline 

formation are significantly greater than the storage resources of oil or gas as shown in the adjoining 

Figure 1.3. 
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Figure 1.3 Geological CO2 storage resources (in millions of tonnes) [10] 

 

In 2020, CSS was mainstreamed into energy and climate policy discussions with the support 

of all political parties in the Americas region. The operational CSS facilities have a capture 

capacity of over 30 million tonnes per annum [11]. CSS is being welcomed by numerous states 

and provinces. Promises to decarbonize power by different provinces have been on the rise, in both 

the USA and Canada. Several states are trying to achieve a zero-emission goal shortly, which 

would require setting up and running CSS facilities [11].  
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Figure 1.4 Various CO2 capture technology originating from energy conversion [11] 

 

The major source of CO2 emission is the combustion of fuels for electricity production in 

coal-fired plants. The process of capturing the emitted CO2 can be broadly classified into three 

groups namely, pre-combustion, post-combustion and air separation that would be followed by 

oxyfuel combustion [11]. The initial process of a separation typically involves either Absorption, 

Adsorption or Membrane. The decision is based on a set of variables that include the amount of 

CO2 present in the gas mixture, the current chemical environment that the gas is present in and 

properties such as temperature and pressure etc. An outline has been described in Figure 1.4 [11]. 

The pre-combustion strategy mainly focuses on achieving a combustion system that is very 

low carbon-intense and follows the Integrated Gasification Combined Cycle (IGCC) method to 

achieve the same. In the case of post-combustion, an attempt to remove the CO2 is done after the 

fuel combusts with air [12]. 

Absorption is considered to be the most reliable separation strategy and is widely used in 

industrial applications today. The organic compounds that can absorb CO2 without any chemical 

reaction are called physical absorbents [12]. The process of physical absorption is considered to 

be highly beneficial if the stream pressure is high, usually above 1.4 MPa. This process allows for 
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the regeneration of absorbents at considerably lower energy levels, achieved by the technique of 

flashing [6, 11, 13]. The major drawback of physical absorption is that it is difficult to achieve a 

high rate of CO2 removal and also a low rate of mass transfer. 

The separation of CO2 from the gas is also achieved by the process of chemical absorption 

as it has a considerably high rate of mass transfer. The chemical reactions taking place in this 

process act as an additional supplementing force [1, 6, 13]. The CO2 consumed is between the 

range of 0.4-0.7 MPa in partial pressure, which shows that low partial pressure is the most 

economical situation for this process. In the case of post-combustion power plants, the partial 

pressure observed for the mixture is approximately 0.012 MPa, leading to chemical absorption 

being more applicable for CO2 capture as it has very low partial pressure for flue gases. The CO2 

gas can be treated by smaller amounts of absorbent which makes it possible to achieve a lower 

level of CO2 concentration when compared to the process of physical absorption. 
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Chapter 2 : Literature Review 
 

2.1 CO2 capture based on amine-based absorption  
 

Even as technology has advanced over the decades for capturing CO2, the chemical 

absorption field had a considerable number of issues including high energy of regeneration and 

high corrosion [1, 6, 11-15]. The appropriate selection of a chemical solvent is of paramount 

importance in the CO2 capture process. Amines’ ability to react with CO2 reversibly makes them 

the perfect fit for this process [16]. As amines are classified namely as primary, secondary and 

tertiary depending on the replacement of ammonia molecules with the number of hydrogen atoms. 

Primary amines have a limited CO2 absorption capacity compared to tertiary amines because they 

needed more energy for regeneration, whereas tertiary amines produce bicarbonates by absorbing 

CO2 and promoting hydrolysis. This substitutes the need for a direct chemical reaction with CO2 

so that the overall energy required for regeneration is less [16]. 

The reaction processes for primary and secondary amines are depicted through Equations 

2.1 and 2.2 [17], where B is any base. 

 R1R2NH + CO2 ⇆ R1R2NH+CO2
− Eqn. 2.1 

 B + R1R2NH+CO2
− ⇆ BH+ + R1R2NCO2

− Eqn. 2.2 

 

As for tertiary amines, the nitrogen bond has three substitutes so they will react with CO2 

only and produce bicarbonates as outlined in Equation 2.3[17]. 

 R1R2R3N + H2O + CO2 ⇆ R1R2R3NH+ + HCO3
− Eqn. 2.3 

Amines are also classified into different categories depending on the number of amino 

groups. If an amine has one amino group it is called monoamine and if it has two or three amino 
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groups, it is called di- and tri-amine, respectively. In an amino group, a nitrogen atom plays an 

important role in the reaction process. Alkanolamines are used for the CO2 capture-based 

experimental process because if alkanolamines have one hydroxyl group it will increase the 

water solubility along with reducing vapour pressure [1]. Among all the alkanolamines 

commercially available, MEA, DEA and MDEA are very well known and widely used in the 

CO2 capture process. Primary alkanolamines with hydroxyl group are the most preferred for the 

post-combustion CO2 capture process. 

Table 2.1 Widely used amines that are commercially used for CO2 capture 

Chemical Type Structure 

Monoethanolamine 

(MEA) 

Primary 
 

 

Diethanolamine     

(DEA) 

Secondary 

 

Methyldiethanolamine 

(MDEA) 

Tertiary 
 

 

 

The studies being conducted in the field of pKa measurement and prediction have helped 

understand and analyze the behaviour of these compounds under test during the chemical reaction. 

This knowledge has been applied in numerous fields including but not limited to physicochemical 

reactions, drug discovery, synthesis and analysis of compounds [18, 19]. The estimation of pKa 

values of amines is very significant as it helps learn more about the behaviour of amines in the 

process of CO2 capture. Qiang et al. explored the relationship and importance of pKa of amines in 

the development of human and veterinary antibiotics [20]. Nath and Henni studied the efficiency 

of diamines to act as a solvent for CO2 capture in a wide range of temperatures [21]. Joback et al. 

explored the influence pKa and amine structure on the overall energy consumption for the post-
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combustion CO2 capture process [22]. Gao outlined a comparative analysis between pKa values 

that have been experimentally determined and the values determined using an ANN model [23]. 

Nguyen et al. proposed the use of density functional theory to optimize the geometrics after each 

protonation step that helps in the comparison of pKa values of amines [24]. 

 

2.2 Significance of pKa 
 

According to the theory proposed by Brønsted-Lowry, an acid is defined as a substance that 

will be ionized into a given solution, while a base acts as a substance that will accept a hydrogen 

ion. In other words, it states that an acid is a proton donor and a base is a proton acceptor. This 

relation is explained in equation 2.4 [19]. 

 Acid1+Base2 ⇆ Acid2+Base1 Eqn. 2.4 

The relative strength of the acids determines the proton separation between bases. In an 

amine-based absorption, CO2 reacts with water leading to the formation of carbonate and 

bicarbonate ions as reported in equations 2.5 and 2.6 [19]. 

 B + H2O ⇆ BH+ + OH- Eqn. 2.5 

 2H2O + CO2 ⇆ H3O+ +HCO3
− Eqn. 2.6 

2.3 Scope 
 

This work majorly focuses on the pKa determination of conjugate acids of eight novel amines 

at (20, 25, 30, 35, 40 and 50) oC. The potentiometric titration was used to experimentally determine 

pKa values. In addition to the experimental determination of pKa values, an Artificial Neural 

Network (ANN) model was devised to predict the pKa of amines. To assist in building a robust 

model, several different physical properties like Density, Viscosity, Refractive Index and Sound 
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Velocity of the amines were also measured experimentally at the aforementioned temperature 

points. pKa values that were obtained as results from this model were compared with those 

obtained using the Perrin−Dempsey−Serjeant (PDS) Group-Additivity model [19], its modified 

version (New PDS) [39] and a model called QSSG [20]. 
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Chapter 3 : Experimental procedure and PDS prediction of pKa of 

amines 
3.1 Introduction 
 

There have been different studies that explore the experimental determination of pKa values 

which included potentiometric titration, spectrophotometry and capillary electrophoresis [16]. The 

most widely used method for this purpose in the case of regular amines is potentiometric titration. 

We utilized a pH meter to measure the values in this case. The pH meter was made of one electrode 

which measured the pH value of the solution into which it was inserted. The potential difference 

was the value that was of interest in the experiment. Based on the activity of hydrogen ions in the 

solution the potential of the pH electrode kept changing dynamically. The relationship between 

the difference in potential and the activity of hydrogen ions is given by the Nernst equation 

outlined in equation 3.1 [18]. 

 
E = −

RT

F
In{H+} 

Eqn. 3.1 

 

Where E represented the potential in Volts, T was the absolute temperature in Kelvin, R 

denoted the gas constant and F represented the Faraday number. 

It is very important to note that the electrodes need to be recalibrated at each temperature 

level as the potential measured was dependent on the change in temperature as reported in equation 

3.1 [18, 26, 27]. The pH of a solution at a given temperature can be calculated using the 

aforementioned equation and is given in the following equation 3.2 [19]. 

 
pH = log{H+} =

Ecell − Eref

A
 

Eqn. 3.2 
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3.2 Apparatus and chemicals required 

 

A total of eight amines were studied. Six were purchased from Sigma-Aldrich Canada and 

two were obtained from Tokyo Chemical Industries (TCI). The list of amines used along with their 

molecular structures, CAS Numbers and Purities are reported in Table 3.1. Monoethanolamine 

(MEA), was chosen to validate the instrument and experimental procedure as its pKa was well-

documented in the literature. For the process of titration 0.1 M Hydrochloric acid (HCL) was 

purchased from Fisher Scientifics, Canada. The pH meter was manufactured by Denver 

Instruments (model 270 pH/ ion/ conductivity/ titration controller). Buffer solutions of 4.00 pH, 

7.00 pH and 10.00 pH were purchased from VWR and their pH values were measured and reported 

in Table 3.2. To obtain the desired temperature and maintain it throughout the experiment the 

beaker was connected to a water bath and equipped with a temperature controller unit. There is a 

possibility that the amines may absorb small traces of CO2 in the atmosphere. To prevent this from 

happening, pure nitrogen (purity 99.99%) was used as a blanket over the beaker for the entire 

experiment. This ensured that the potentiometric titration was well secured and sealed off from the 

atmosphere. The nitrogen used in this process was purchased from Praxair, Canada. 
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Table 3.1 List of amines used in this experimental work 

 

Structure Chemical Name CAS 

Number 

Purity 

 

 

Monoethanolamine 

(MEA) 

 

141-43-5 ≥99% 

 

 
 

3-(Diethylamino)propylamine 104-78-9 

 

>99% 

 

 

 

1,3-Diaminopentane 

 

589-37-7 

 

98% 

 

 

 

3-Butoxypropylamine 

 

16499-88-0 

 

99% 

 

 

 

2-(Methylamino)ethanol 

 

109-83-1 

 

≥98% 

 

 

 

Bis(2-methoxyethyl) amine 

 

111-95-5 

 

98% 

 

 

 

α-Methylbenzylamine 

 

618-36-0 

 

99% 

 

 

 

2-Aminoheptane 

 

123-82-0 

 

99% 

 

 

 

3-Amino-1-phenylbutane 

 

22374-89-6 

 

98% 
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Table 3.2 Experimentally determined pH values of buffer solutions at specific temperatures 

 

 

 

3.3 Experimental procedure 
 

Initially, we needed to set the desired temperature in the water bath with the help of a 

thermostatic controller which brought the actual temperature inside the jacketed beaker to the 

desired temperature. Before the start of each experiment, we calibrated and validated the pH meter 

at that particular temperature using the three standard buffer solutions with known pH values and 

it is tabulated in Table 3.2.  

An aqueous amine solution of 100 ml with a concentration of 0.01 mol/L of the studied 

amine was prepared at the start of every titration-based measurement with the help of double-

distilled water that was produced in the lab. A quantity of 50 mL of this diluted solution was 

transferred into a beaker. The beaker was covered with a piece of Parafilm and a slow stream of 

nitrogen is passed into the beaker to ensure that the amine solution is not reacting with air which 

may result in deviations in the results. It is important to note that the nitrogen outlet should be 

above the solution and the flow of nitrogen needs to be slow and controlled. 

T/K pH 

Buffer (4.00) Buffer (7.00) Buffer (10.00) 

293.15K 4.00±0.01 7.02±0.02 10.05±0.02 

298.15K 4.00±0.01 7.00±0.02 10.00±0.02 

303.15K 4.01±0.01 6.99±0.02 9.95±0.02 

308.15K 4.02±0.01 6.98±0.02 9.91±0.02 

313.15K 4.03±0.02 6.98±0.02 9.87±0.03 

323.15K 4.06±0.02 6.97±0.02 9.81±0.03 
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A steady flow of 0.5 mL of HCL was gradually added to the amine solution which was being 

stirred at 100 rpm using a magnetic stirrer and a magnetic bar. We recorded the values at each 

interval of HCL addition and kept the process going forward until a gradual drop was observed. 

We used these values to calculate the pKa value of the specified amine at that particular 

temperature. 

 

3.4 Results & Observations 
 

pKa values of MEA were obtained using the same experimental process outlined in Section 

3.3 and it was used for validation of the apparatus and setup of the equipment. Then the pKa values 

of all the amino groups (monoamines, diamines and triamines) were measured using a similar 

procedure. 

An aqueous amine solution of MEA can be ionized and protonated to MEAH+ as reported in 

equation 3.3, and the pKa of MEA before thermodynamic correction could be obtained using 

equation 3.4. [18]. pKa results would be more accurate if we corrected the results by considering 

the effect of the activity coefficient [18], and this step was called the thermodynamic correction 

(TC). The Debye-Hückel equation (equation 3.5), was used to calculate the activity coefficient 

[18]. The calculated activity coefficient (equation 3.6) was then used to calculate the concentration 

of protonated amines as shown in equation 3.7 [24]. 

 MEA+H3O
+ ⇋ MEAH++H2O Eqn. 3.3 

 
pKa

M = pH + log
[MEAH+]

MEA
 

Eqn. 3.4 

 γi = 
−Azi

2√I

1+Bki√I
 

Eqn. 3.5 
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 [MEAH+] = 
{MEAH+}

γi
 Eqn. 3.6 

 

The constants depended on the temperature and the dielectric constants in the Debye- Hückel 

equation were named B and A. The charge of the ion is given by Zi. The mean average distance of 

approach of ions was given by ki. The values A and B were reported in Table 3.3 and were taken 

from the literature [28]. The ionic strength (I) can be calculated using Equation 3.7[18]. 

 I = 0.5∑(ciZi
2) Eqn. 3.7 

 

Table 3.3 Debye-Hückel equation constants for aqueous solution 

 

Temperature (K) A (mol-1/2L1/2) B (× 108 cm-1) 

293.15 0.5046 0.3276 

298.15 0.5092 0.3286 

303.15 0.5141 0.3297 

308.15 0.5190 0.3307 

313.15 0.5241 0.3318 

323.15 0.5351 0.3341 

 
pKa value after thermodynamic correction can be obtained by simply subtracting the TC from the 

raw experimental pKa value as shown in equation 3.8[24]. 

 pKa
T = pKa

M − TC Eqn. 3.8 
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By combining all the calculated values, the determined pKa values for MEA at 298.15K are 

reported in Table 3.4 and plotted in Figure 3.1. A titration curve was shown for MEA at all 

temperatures studied. 

 

 

Figure 3.1 A comparative plot of titration curves at different temperatures for MEA 

Table 3.4 pKa value of MEA at 298.15 K 

 

HCL 

(ml) 

pH [MEAH+]

MEA
 log

[MEAH+]

MEA
 

TC pKa 

 0.0 10.77 - - - - 

0.5 10.39 0.11 -0.96 0.02 9.41 

1 10.11 0.24 -0.61 0.02 9.48 

1.5 9.9 0.42 -0.38 0.03 9.50 

2 9.71 0.65 -0.19 0.03 9.49 

2.5 9.54 0.97 -0.01 0.03 9.49 

3 9.36 1.44 0.16 0.03 9.48 

3.5 9.17 2.21 0.34 0.04 9.48 

4 8.92 3.68 0.57 0.04 9.45 

4.5 8.57 7.68 0.89 0.04 9.41 

5 7.32 - - - - 

Average 
9.47 
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In Figure 3.2, plots are presented based on the ionization constant of MEA and a comparison 

between the experimental and literature values is presented. 

 
 

 

Figure 3.2 Comparative analysis of ionization constants of MEA between a specified range 

of temperatures of 298.15K and 313.15K. 
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Table 3.5 pKa1 values of the studied amines at different temperatures 

 

 

 

Chemical 

pKa1 

293.15K 298.15K 303.15K 308.15K 313.15K 323.15K 

  

 Monoethanolamine 
9.60 9.47 9.29 9.18 9.05 8.79 

 

3-

(Diethylamino)propylamine 
10.58 10.44 10.30 10.15 10.03 9.83 

 

1,3-Diaminopentane 

 
10.56 10.38 10.23 10.07 9.92 9.70 

 

3-Butoxypropylamine 

 
10.04 9.90 9.74 9.59 9.43 9.18 

 

2-(Methylamino)ethanol 

 
9.91 9.84 9.70 9.54 9.40 9.22 

 

Bis(2-methoxyethyl)amine 

 8.69 8.62 8.51 8.37 8.25 8.07 

 

α-Methylbenzylamine 

 
9.50 9.37 9.17 8.94 8.83 8.57 

 

2-Aminoheptane 

 
10.71 10.53 10.24 9.99 9.24 8.65 

 

3-Amino-1-phenylbutane 

 
10.42 10.19 9.98 9.79 9.61 9.34 
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Table 3.6 pKa2 values for the two diamines at different temperatures 

 

 

Chemical 

pKa2 

293.15K 298.15K 303.15K 308.15K 313.15K 323.15K 

 

3-(Diethylamino)propylamine 8.42 8.24 8.06 7.91 7.73 7.52 

 

1,3-Diaminopentane 

 

8.36 8.17 8.06 7.86 7.69 7.40 

 

 

 Based on the values obtained from the experimental data and calculations, we can observe 

that the amine basicity was susceptible to temperature because the pKa values decreased with an 

increase in temperature for the protonated amines. 

The relationship between the ionization constant (Ka), standard state enthalpy (H0 ) and 

standard state entropy (S0 ) are described in the van’t Hoff equation (equation 3.9) [24]. 

 In(Ka) =−
∆𝐻0

𝑅𝑇
+

∆𝑆0

𝑅
 Eqn. 3.9 

 

Following the van’t Hoff equation, there is a linear relation between ln(Ka) and 1/T and the 

data was plotted in Figures 3.2, 3.3 and 3.4. The basicity of the amines was compared in Figures 

3.3 and 3.4. As discussed earlier, pKa is the negative logarithm of Ka, which means that ln(Ka) 

value decreases as the amine’s pKa value increases and vice versa. In Figure 3.3, the basicity of 

primary and secondary amines was compared. In Figure 3.4, the first and second dissociation 

constants were compared. The results for the calculated enthalpy and entropy values are listed in 

Tables 3.7 to 3.10. 
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(c) 
 

Figure 3.3 ln (Ka1) vs 1000/T f (a) all amines; (b) primary amines; and (c) secondary amine
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 (a) 
 

 
(b) 
 

 
 

Figure 3.4 ln (Ka) vs 1000/T for studied amines. (a) ln (Ka1) for monoamines (b) ln (Ka2) of 

diamines 
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Table 3.7 Standard state enthalpy change and entropy change of the first pKa of the studied 

amines 

 
 

 

Solvent 

 

∆Ho (kJ∙ mol-1) 
 

 

∆𝑆o (kJ∙mol-1∙K-1) 

 

Monoethanolamine 

 

49.16 

 

 

-0.02 

 

 

3-(Diethylamino)propylamine 

 

46.03 

 

 

-0.05 

 

 

1,3-Diaminopentane 

 

 

52.45 

 

 

-0.02 

 

 

3-Butoxypropylamine 

 

 

53.14 

 

 

-0.01 

 

 

2-(Methylamino)ethanol 

 

 

44.26 

 

 

-0.04 

 

 

Bis(2-methoxyethyl)amine 

 

 

39.03 

 

 

-0.03 

 

 

α-Methylbenzylamine 

 

 

58.14 

 

 

0.02 

 

 

2-Aminoheptane 

 

 

130.72 

 

 

0.24 

 

 

3-Amino-1-phenylbutane 

 

 

65.74 

 

 

0.03 
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Table 3.8 Standard Gibbs-Free energy of reaction for the first pKa of the studied amines at 

various temperatures 

 
 

                                          ∆𝐺o (kJ∙mol-1) 
 

 

                                                 T (K) 

 
Solvent 

 

293.15  

 

298.15  

 

303.15  

 

308.15  

 

313.15  

 

323.15  
 

Monoethanolamine 
53.87 54.07 53.89 54.17 54.26 54.35 

 

3-(Diethylamino)propylamine 59.39 59.58 59.76 59.88 60.14 60.82 

 

1,3-Diaminopentane  
59.27 59.26 59.36 59.40 59.47 60.02 

 

3-Butoxypropylamine  

56.36 56.53 56.54 56.55 56.55 56.78 

 

2-(Methylamino)ethanol  

55.61 56.14 56.29 56.30 56.36 57.01 

 

Bis(2-methoxyethyl)amine  

48.77 49.20 49.37 49.40 49.48 49.93 

 

α-Methylbenzylamine  

53.30 53.50 53.22 52.71 52.94 53.04 

 

2-Aminoheptane  

60.09 60.09 59.42 58.94 55.42 53.50 

 

3-Amino-1-phenylbutane  

58.49 58.14 57.92 57.73 57.63 57.76 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  28 

Table 3.9 Standard state enthalpy change and entropy change of the second pKa of the studied 

amines 

 
 

Solvent 

 

∆Ho (kJ∙ mol-1) 
 

 

∆𝑆o (kJ∙mol-1∙K-1) 

 

3-(Diethylamino)propylamine 

 

55.36 

 

 

0.03 

 

 

1,3-Diaminopentane 

 

 

58.06 

 

 

0.04 

 

 

 

Table 3.10 Standard Gibbs-Free energy of reaction for the second pKa of the studied amines at 

various temperatures 
 

∆𝐺o (kJ∙ mol-1) 
 

 

                                                 T 

 
Solvent 

 

293.15  

 

298.15  

 

303.15  

 

308.15  

 

313.15  

 

323.15  
 

3-(Diethylamino)propylamine 59.39 59.58 59.76 59.88 60.14 60.82 

 

1,3-Diaminopentane  
59.27 59.26 59.36 59.40 59.47 60.02 

 
 

In the studied amines, it was observed that 2-Aminoheptane had the highest pKa value. Out of 

the 8 studied amines we had two diamines namely, 3-(Diethylamino) propylamine and 1,3-

Diaminopentane, out of which 3-(Diethylamino) propylamine had a higher pKa value. As both  

are diamines, their second pKa values had to be further studied and based on the tabulated values 

it was observed that the diamine, 3-(Diethylamino) propylamine, is expected to be more reactive 

towards CO2 than 1,3-Diaminopentane. 
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3.5 PDS prediction of pKa values for protonated amines 
 

The main idea behind the Perrin−Dempsey−Serjeant (PDS) method was to predict pKa 

values using a table with tabulated additive values of pKa depending on the amino groups and 

corrections for functional groups [19]. This group additivity method is also called a computer-free 

method or paper and pencil method unlike other complex computational methods, In the PDS 

method, pKa values can easily be predicted with acceptable accuracy. In some conditions, like in 

the case of the benzene effect, the deviations in prediction are comparatively higher.  

In this prediction process, we have used three methods PDS, New PDS and the model 

proposed by Qian, Sun, Sun, and Gao, named QSSG. There have been two significant changes or 

updates to the PDS method which resulted in the new PDS method. This was achieved by updating 

the parameter values through least-square fits of new experimental pKa data. [39]. The second 

significant modification was done by Qian et al. (QSSG), where the parameters were updated by 

taking additional factors like the steric hindrance, solvent and intramolecular hydrogen bonding 

into account. All these parameters are listed in Table 3.11 [40]. 
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Table 3.11 pKa prediction using PDS, new PDS and QSSG methods [40]. 

 

Terms Functional group PDS 

 

values 

New PDS 

 

values 

QSSG 

 

values 

Base value Primary amine 10.77 10.60 10.60 

Secondary amine 11.15 11.10 10.80 

Tertiary amine 10.50 10.60 10.60 

∆pKa shifts CH3 on tertiary N -0.2 -0.2 -0.2 

CH3 on primary and 

 

secondary N 

-0.2 -0.2 0 

β OR -1.2 -1.4 -1.3 

β NH2 -0.8 -0.9 -0.9 

β NHR -0.9 -1.0 -0.8 

β NR2 -0.9 -1.0 -1.0 

β OH -1.1 -1.0 -1.0 

γ group +0.4Δβ +0.4Δβ +0.6Δβ 

δ group +0.4Δγ +0.4Δγ +0.6Δγ 

ε OH group 0 0 +0.6Δγ 

ring effect +0.2 0 +0.2 

if two equivalent N sites +0.3 +0.3 +0.3 

β- CH(CH3)2 - - -0.3 

β-C(CH3)3   -0.45 
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Terms Functional group PDS 

 

values 

New PDS 

 

values 

QSSG 

 

values 

∆pKa shifts solvent effects (CH2CH2OH)2   +0.3 

solvent effects (CH2CH2OH)3   +0.6 

steric effects of cyclic tertiary 

 

amine 

  -0.5 

intramolecular H bonding   +0.2 

 

 

 

Table 3.12 pKa predictions using the PDS method 

Chemical 

Amine 

Type 

Base 

Value 

N-

Me 

β-

OR 

β-

OH 

γ - 

group 

-

group 

Ring  

Effect PDS Exp error 

Monoethanolamine 1 10.77 0 0 -1.1 0 0 0 9.67 9.47 0.2 

3-(Diethylamino) 

propylamine 
1 10.77 0 0 0 -0.36 0 0 10.41 10.43 -0.02 

1,3-Diaminopentane  1 10.77 0 0 0 -0.32 0 0 10.45 10.39 0.06 

3-Butoxypropylamine  1 10.77 0 0 0 0  -0.19 0 10.58 9.9 0.68 

2-

(Methylamino)ethanol 
2 11.15 -0.2 0 0 -0.44 0 0 10.51 9.87 0.64 

Bis(2-

methoxyethyl)amine  2 11.15 0 

-

2.4 0 0 0 0 8.75 8.64 0.11 

α-Methylbenzylamine  1 10.77 0 0 0 0 0 0 10.77 9.37 1.4 

2-Aminoheptane  1 10.77 0 0 0 0 0 0 10.77 10.52 0.25 

3-Amino-1-

phenylbutane  
1 10.77 0 0 0 0 0 0.2 10.57 10.19 0.38 

          
RMS  0.41 
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Table 3.13 pKa predictions Using the New PDS method 

Chemical 

Amine 

Type 

Base 

Value 

N-

Me 

β-

OR β-OH 

γ - 

group 

-

group 

Ring  

Effect PDS Exp error 

Monoethanolamine 
1 10.6 0 0 -1.0 0 0 0 9.60 9.47 0.13 

3-(Diethylamino) 

propylamine 
1 10.6 0 0 0 -0.40 0 0 10.20 10.43 -0.23 

1,3-Diaminopentane  1 10.6 0 0 0 -0.36 0 0 10.24 10.39 -0.15 

3-Butoxypropylamine  1 10.6 0 0 0 0 -0.22 0 10.38 9.9 0.48 

2-(Methylamino)ethanol 2 11.1 -0.2 0 0.0 -0.40 0 0 10.50 9.87 0.63 

Bis(2-

methoxyethyl)amine  
2 11.1 0 -2.8 0 0 0 0 8.30 8.64 -0.34 

α-Methylbenzylamine  1 10.6 0 0 0 0 0 0 10.60 9.37 1.23 

2-Aminoheptane  1 10.6 0 0 0 0 0 0 10.60 10.52 0.08 

3-Amino-1-

phenylbutane  
1 10.6 0 0 0 0 0 0 10.60 10.19 0.41 

          
RMS  0.25 

 

Table 3.14 pKa predictions using the QSSG model 

Chemical 

Amine 

Type 

Base 

Value 

N-

Me 

β-

OR 

β-

OH 

γ - 

group 

-

group 

Ring  

Effect PDS Exp error 

Monoethanolamine 1 10.6 0 0 -1.0 0 0 0 9.60 9.47 0.13 

3-(Diethylamino) 

propylamine 
1 10.6 0 0 0 -0.48 0.00 0 10.12 10.43 -0.31 

1,3-Diaminopentane  1 10.6 0 0 0 -0.36 0 0 10.24 10.39 -0.15 

3-Butoxypropylamine  1 10.6 0 0 0 0 -0.47 0 10.13 9.9 0.23 

2-

(Methylamino)ethanol 
2 10.8 

-

0.2 0 0.0 -0.60 0 0 10.00 9.87 0.13 

Bis(2-

methoxyethyl)amine  2 10.8 0 

-

2.6 0 0 0 0 8.20 8.64 -0.44 

α-Methylbenzylamine  1 10.6 0 0 0 0 0 0 10.60 9.37 1.23 

2-Aminoheptane  1 10.6 0 0 0 0 0 0 10.60 10.52 0.08 

3-Amino-1-

phenylbutane  
1 10.6 0 0 0 0 0 0.2 10.80 10.19 0.61 

          
RMS  0.17 
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The predicted pKa values using PDS, new PDS and QSSG approaches are presented in 

Tables 3.12 to 3.14. We can observe that the root means square (RMS) error for the obtained 

results were 0.41, 0.25 and 0.17 respectively while comparing all three models, the RMS error was 

reduced from PDS to QSSG. We can observe that the error for -Methylbenzylamine was the 

highest when compared to other amines because of the benzene effect. The effect of the benzene 

ring will influence the reactivity of the compound in the prediction stage, and that compound’s 

pKa would be very hard to predict through the PDS method, as there are no specific parameters to 

predict that benzene effect. 
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Chapter 4 : pKa Predictions of Amines using Artificial Neural Network (ANN) 

 

4.1 Introduction 
 

The experimental estimation of pKa values is usually a time-consuming process, hence an 

alternative approach of predicting the pKa values has been adopted. The interest to understand and 

learn more about the pKa values of un-synthesized compounds has seen a steady rise in the 

scientific community. The predictive approach helps with this purpose as well. Different strategies 

were adopted to improve the prediction accuracy using different approaches and algorithms. New 

and better predictive algorithms are being developed regularly. One such predictive tool is the 

Artificial Neural Network (ANN) and it has been explored in this work. 

 pKa = 
∆Gaq

RTlog10
 Eqn. 4.1 

The base of pKa is related to the energy change of a transferred proton in an aqueous solution 

the relation is given by equation 4.1 [41]. The major advantage of using an ANN model for 

prediction in comparison to the traditional PDS prediction of pKa is that the PDS provides a pKa 

value of a particular amine at 25o C, whereas the trained ANN model gives pKa value 

instantaneously over a range of temperatures. The model being developed spans at a temperature 

range of 293.15 K to 323.15 K. Another significant advantage of using an ANN model is its ability 

to predict the pKa of an amine having a benzene effect with an acceptable level of error which is 

not always possible in the case of PDS approach. 
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4.2 Background and Overview of ANN 
 

ANN replicates the working of a human brain by using a different number of artificial 

neuron associations between each other. The basic ANN architecture is depicted in Figure 4.1 

[42]. 

 

Figure 4.1 The basic ANN architecture  

The major processing components of the ANN system are the neurons whose number is a 

deciding factor for the performance of the model. Sigmoid functions work on the inputs and 

weights and further help us to determine the output. The measure of connectivity of these weight 

values with the nodes is called a bias, which is calculated and assigned based on how the training 

data is linked and connected between layers. The network tends to identify particular traits of a 

cluster based on the traits portrayed by the input data, which in this case is a total number of 10 

inputs. The total of two hidden layers with 40 and 39 neurons in each was designed with one output 

which is pKa and is depicted in Figure 4.2. 
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Figure 4.2 ANN architecture used in this work 

 

4.2.1 Feed-forward Neural Network 

 

The Feed-forward network is among the most widely used ANN architecture for chemical 

engineering applications. In this model, the information flow is uni-directional right from the input 

layer to the output layer, irrespective of the number of hidden layers. The major issue with this 

model is that there is no feedback from one layer to another. 

Functional transformations describe the functionality of an ANN model. The equations 

representing the same for a basic ANN model have been defined as the product of weights and the 

input signal with an addition of the bias vector further multiplied by the activation functions. The 

same has been outlined in the following Equation 4.2 [45]: 

 Yi = Pi (WiXi+Bi) Eqn. 4.2 

Where Pi is the vector of activation functions, Wi is the weight from each neuron in each 

layer. Xi represents the input signal where i ranges from 1 to n and Bi represents the bias vector 

and Yi is the total output of the particular layer. 

An activation function is a function that is added to an ANN to help the network learn 

complex patterns of data. Generally, the output signal from one cell is fed to a function which is 

further converted into a form that can be taken as an input to the next cell. Without the activation 
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function, the network would be rendered as a simple linear regression model that greatly restricts 

the ability of the model to solve complex cases. 

We need to consider a non-linear activation function to limit the complexity of the function 

as it is a product of weights and input added to the bias. For instance, if we have a huge neural 

network, we may end up with a value of a very high magnitude. There are various types of non-

linear activation functions like Sigmoid, Softmax, Tanh, ReLU, etc [45]. The most popular and 

fairly complex activation function among these is the Sigmoid function which has been used in 

this study. The function is presented in Equation 4.3 [45] 

 

 

𝑆(𝑥) =
1

1 + 𝑒−𝑥
 

Eqn. 4.3 

4.2.2 Backpropagation algorithm 

Backpropagation in the neural network is an alternative name for the backward propagation 

of errors. With the weights in the network, the gradient of the loss function is calculated. The 

weights can be fine-tuned based on the error rate obtained in the previous epoch (iteration) which 

would help reduce the error rates and further makes the model more reliable. 

In the considered ANN architecture depicted in Figure 4.2, the input arrived through the 

preconnected path and the inputs were modelled using real weights which were selected randomly. 

The output was computed for each neuron that moved between the input and output layer passing 

through any number of hidden layers. The difference between the actual output and the desired 

output would give us the error observed in the output. Finally, we moved back to the hidden layer 

from the output layer to adjust the weights to decrease the error. This entire process was recursively 

repeated until we reached the desired output value. This entire work process can be described with 

the following equations 4.4 to 4.7 [23]: 
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In the case of the hidden layer: 

 
𝑛𝑒𝑡𝑞 =  ∑ 𝑉𝑗𝑖𝑋𝑖

𝑁𝑖𝑛𝑝𝑢𝑡

𝑖=0
 

Eqn. 4.4 

 𝐻𝑗 =  𝜎(𝑛𝑒𝑡𝑞) Eqn. 4.5 

 

In the case of the output layer: 

 
𝑛𝑒𝑡𝑧 =  ∑ 𝑊𝑗𝑘𝐻𝑗

𝑁ℎ𝑖𝑑𝑑𝑒𝑛

𝑗=0
 

Eqn. 4.6 

 𝑂𝑘 =  𝜎(𝑛𝑒𝑡𝑧) Eqn. 4.7 

 

For the ith neuron in the input layer, 𝑋𝑖 was the output; 𝑉𝑗𝑖 represented the weight generated 

by the connection between the ith in input and jth neuron present in the hidden layer; 𝑁𝑖𝑛put gave 

the upper range of the number of neurons in the input layer of the model; 𝑛𝑒𝑡q generated the output 

from the first layer and fed it in as the input to the jth neuron present in the hidden layer; the 

activation function was given by 𝜎 which is our case was the sigmoid equation; 𝐻𝑗 gave the overall 

output of the jth neuron coming from the hidden layer; 𝑊𝑗k gave the weight associated between  the 

jth neuron in the hidden layer to the kth neuron in the output layer; 

In the hidden layer, 𝑁ℎ𝑖𝑑𝑑𝑒𝑛 gave the number of neurons; 𝑛𝑒𝑡z represented the overall 

input to the kth neuron associated with the output layer, and 𝑂𝑘 gave the final output of the kth 

neuron. 

The general equations used to calculate necessary weight changes based on the target data and 

input data are given by Equations 4.8 and 4.9 [23]: 



  39 

 𝑊𝑗𝑘(𝑛𝑒𝑤) = 𝑊𝑗𝑘(𝑜𝑙𝑑) + ∆𝑊𝑗𝑘 Eqn. 4.8 

 𝑉𝑗𝑖(𝑛𝑒𝑤) =  𝑉𝑗𝑖  (𝑜𝑙𝑑) +  ∆𝑉𝑗𝑖 Eqn. 4.9 

 

The necessary weight changes were computed by the ∆ function in the above equations. The 

change in weights is defined as the product of error function and a partial derivate constant and 

the neurons from the hidden layer. The first equation represented the change of weights between 

the hidden layer and the input layer and the second equation represented the change in weights 

between the output layer and the hidden layer. The error function 𝛿 made the backpropagation 

possible and ensured that a connection between neurons of one layer and its previous layer was 

maintained. We repeated the process of correcting weights and increased the number of hidden 

layers until we reached a minimal error as desired. 

 

4.3 Data aggregation and variable selection 
 

The major challenge in variable selection and data aggregation was converting the structural 

information of pKa values into numerical values that can be fed into the ANN model that has been 

devised. The other major challenge was to handle different temperatures in the process of pKa 

prediction. The majority of the generic data was limited to a single temperature of either 20 or 25 

oC, whereas the experimental data measured in this work involved 5 different temperatures. This 

was the major reason why we needed to develop a flexible model that would accurately predict the 

pKa values of the amines at varying temperatures. The objective was to enable the prediction of 

pKa for the physical properties of the compound referring to ANN inputs. 

Collecting a diverse range of data to feed as input into the ANN model was a laborious task. 

A significant amount of data was collected from different literature sources as outlined in Table 
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4.1 This data was enhanced by adding the experimental data recorded in this work for pKa 

prediction. In total, 677 data points relevant to CO2 capture were used as inputs to the model being 

trained. The data can be segregated widely into three segments, 1) The properties that were used 

to identify the compound which was considered as the inputs (Temperature, Molecular Weight, 

Number of H atoms, N atoms, C atoms and O atoms). 2) The properties that were used to correlate 

the pKa values (Density, Viscosity, Refractive Index and Sound Velocity). 3) The experimentally 

determined pKa values which was the output. 

Table 4.1 Data aggregation used in this work 

Amines 

 

 

CAS 

Number 

Temperature(K) Data 

Points 

Reference 

Methyldiethanolamine 

(MDEA) 

105-59-9 298.15 – 313.15 32 [51,0] 

1-amino-2-propanol 

(MIPA) 

78-96-6 298.15 – 313.15 24 [43,57] 

Dimethylpropanolamine 

(DMPA) 

3179-63-3 298.15 – 313.15 24 [26,58] 

2-(Methylamino)ethanol 

(MAE) 

109-83-1 298.15 – 313.15 24 [55,56] 

2-amino-2-methyl-1-

propanol(AMP) 

124-68-5 298.15 – 313.15 24 [56,59-62] 

Diethanolamine (DEA) 

 

111-42-2 298.15 – 313.15 32 [53,63-66] 

Triethanolamine (TEA) 102-71-6 298.15 – 313.15 24 [16,31-33,35-

39] 

3-amino-1-propanol 

(3AP) 

105-87-6 298.15 – 313.15 24 [43,67,68] 

N,N-Dimethylethanolamine 

(DMEA) 

108-01-0 298.15 – 308.15 16 [34,69-74] 

Ethyldiethanolamine 

(EDEA) 

139-87-7 298.15 8 [26,67] 

2-(Ethylamino)ethanol 

(EMEA) 

110-73-6 298.15 8 [33,70,0] 

Diethylethanolamine 

(DEEA) 

100-37-8 298.15 8 [33,55,76] 

Butylamine (BA) 109-73-9 298.15 8 [77-80] 
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Tert-butylamine 

(tert-BA) 

 

75-64-9 298.15 8 [44-46] 

3-(Dimethylamino)-1- 

Propylamine 

(DMAPA) 

 

109-55-7 298.15 8 [58,80,81] 

N-(2-Aminoethyl)-1,3- 

propanediamine 
(n-2AOE13PDA) 

13531-52-7 298.15 – 313.15 28 [23] 

Bis[2-(N,N- 

dimethylamino)ethyl] ether 

(2DMAOEE) 

3033-62-3 298.15 – 313.15 28 [23] 

N,N- 

Dimethyldipropylenetriamin

e (DMAPAPA) 

10563-29-8 298.15 – 313.15 28 [23] 

3,3′-Diamino-N- 
methyldipropylamine 

(DAOMDPA) 

105-83-9 298.15 – 313.15 28 [23] 

2-[2- 

(Dimethylamino)ethoxy]eth

anol 

(DMAOEOE) 

1704-62-7 298.15 – 313.15 28 [23] 

2-(Dibutylamino)ethanol 
(DBEA) 

102-81-8 298.15 – 313.15 28 [23] 

N-Propylethanolamine 
(PEA) 

16369-21-4 298.15 – 313.15 28 [23] 

Monoethanolamine 
 

141-43-5 298.15 – 323.15 45  

 

 

 

 

 

 

 

This work* 

3-

(Diethylamino)propylamine 

104-78-9 298.15 – 323.15 45 

1,3-Diaminopentane 589-37-7 298.15 – 323.15 45 

3-Butoxypropylamine 

 

16499-88-0 298.15 – 323.15 45 

2-(Methylamino)ethanol 

 

109-83-1 298.15 – 323.15 45 

Bis(2-methoxyethyl)amine 111-95-5 298.15 – 323.15 45 

α-Methylbenzylamine 

 

618-36-0 298.15 – 323.15 45 

2-Aminoheptane 

 

123-82-0 298.15 – 323.15 45 

3-Amino-1-phenylbutane 

 

22374-89-6 298.15 – 323.15 45 

* The data extraction process has been outlined in detail in Appendix A
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4.4 ANN Model and Observations 
 

4.4.1 Model with all recorded input parameters 

A total of 10 input parameters were introduced to the model including the molecular weight, 

the number of atoms (H, C, N, O) that were used to identify the compounds. The temperature, 

density, viscosity, refractive index and sound velocity were used as variables for modelling. 

In the process of modelling, the dataset was divided into 3 sections for training, validation 

and testing. Data representing 70% of the entire database was randomly chosen as the training set 

15% of the remaining data was chosen for validation and the final 15% was used for testing the 

resultant network with the unseen data. 

Any model or network gave its best performance when we optimized and fine-tuned the 

workflow. The major optimizations that were adopted in this work included choosing the 

appropriate number of hidden layers, choosing the number of optimal neurons in each hidden layer 

and choosing the number of epochs that gave us a model with minimal MSE. 

Ideally, we do not have a formulated method to decide the number of hidden layers or the 

number of neurons in each hidden layer. Hence, the program was modelled initially with one 

hidden layer and the number of neurons was kept a variable and run over the range of 30 to 80 and 

the R and MSE values were recorded and graphically represented. 

Figure 4.3 outlined the model’s performance considering a varying number of neurons in 

the first hidden layer with 10 inputs. The values compared were the R and mean squared error 

(MSE). We can observe that the model performed comparatively well when there were 40 

neurons in the first hidden layer (Roverall = 0.86156, MSEtrain = 0.0288, MSEvalidation = 0.0460 and 

MSEtest = 0.09044). For now, we have an architecture that can be described as 10-40-1. To 
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check if the addition of a new hidden layer would improve the performance of the model, the first 

hidden layer was fixed with 40 neurons and the second hidden layer was executed with a variable 

range of 10 to 50 neurons. Figure 4.4 outlines the model’s performance considering the varying 

number of neurons in the second hidden layer. We can observe that there was a significant 

improvement in the overall performance of the model by the introduction of the second layer 

at the mark when it had 39 neurons (Roverall = 0.9075, MSEtrain = 0.0069, MSEvalidation = 0.0372 

and MSEtest = 0.0597). The addition of a third hidden layer was tried as well but it did not 

improve the overall model by a significant number. Hence 10-40-39-1 was chosen as the best 

ANN architecture. The weights and bias values for the second hidden layer generated by the 

ANN network are of a dimension 40*39, hence it has been attached as a reference in Appendix 

B. 

Overfitting of a model occurs when the designed ANN model would be able to predict 

the output with high accuracy for data that has been included in the training set and is not good 

at classifying the data in the validation and testing data set. To avoid overfitting in our model 

it was ensured that the right balance between the variables and hyper parameters were chosen 

including the epochs, number of neurons and also the batch size. 
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 (i) 
 

 
 

 
(ii) 
 

 
 

Figure 4.3 ANN performance with respect to varying number of neurons in the first hidden 

layer. (i) R; (ii) MSE. 
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(i) 

  
 

(ii) 
 

 

Figure 4.4 ANN performance with respect to varying number of neurons in the second hidden 

layer. (i) R; (ii) MSE. 
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The final proposed architecture is described in Figure 4.5. The final tuning step involved 

determining the best overall performance by running a varying number of epoch values ranging 

between 140 to 200 as depicted in Figure 4.6. It can be observed that the best performance with 

respect to overall MSE was observed at epoch 166 with a value of 0.026. 

 
 

Figure 4.5 Final ANN architecture for pKa prediction. 

 

 

Figure 4.6 Performance of ANN with different epochs (MSE) 
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The following Figure 4.7 represents a comparative plot between output and target for the 

entire dataset including training, validation and testing. It can be found that Roverall was above 0.90, 

and hence has a very good predictive accuracy of pKa values and a low MSE was obtained. 

 

 
 

Figure 4.7 Scatter plot for the regressive prediction of pKa 

 

The error histogram is depicted in Figure 4.8, which shows that there are only a few outliers. 

It can be observed that the majority of the errors are close to -0.06303, which is also close to the 

zero line. 
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Figure 4.8 Zero-line representation in an error histogram 

 

4.4.2 Model with optimized input parameters 

 

An ANN model with good prediction accuracy was obtained as outlined in section 4.4.1. 

However, to make the model more robust and faster, further investigation was performed on the 

input parameters and it was concluded that a model with a lesser number of input parameters 

would be beneficial in terms of speed and also helped in cases where the dataset is limited and 

estimation of a few input parameters were difficult. The temperature was kept unchanged as an 

input parameter due to its direct relation to the change in pKa values. This section further 

explored the omission of several input parameters to have an acceptable trade-off between 

complexity and speed. 
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Extensive combinations of optimization were applied and it was found that the model was 

performing worst in every scenario except after removing the refractive index and sound velocity 

as input parameters. The Roverall was observed to be 0.89225 and the MSE values were MSEtrain = 

0.00881, MSEvalidation = 0.02945 and MSEtest = 0.0798 which provided good prediction results as 

well. All the combinations that were tested are reported in Table 4.2. 

Table 4.2 Comparison of different ANN models’ performance  

 

Inputs Removed Roverall MSEtrain MSEvalidation MSEtest 

Density 0.8165 0.0139 

 
0.1127 
 

0.0882 
 

Refractive Index 0.8295 0.002 

 

0.6125 

 

0.1453 

 

Sound Velocity 0.8425 0.01272 

 
0.1369 
 

0.0369 
 

Viscosity 0.6939 0.05784 

 

0.1931 

 

0.1629 

 

Molecular Weight 0.79761 0.03166 0.09731 0.11316 

Sound Velocity & MW 0.8416 0.0053 

 

0.0740 

 

0.0903 

 

Refractive Index & MW 0.8321 0.0084 

 

0.0847 

 
0.0905 

 

Density & MW 0.7231 0.0058 

 

0.1476 

 
0.1427 
 

Density & Sound Velocity 0.8871 0.01051 0.06614 0.05324 

Density & Refractive Index 0.6270 0.03673 0.24193 0.15626 

Density & Viscosity 0.8141 0.00382 0.12018 0.07821 

Refractive Index & Sound Velocity 0.8922 0.00881 0.02945 0.0789 

Refractive Index & Viscosity 0.6970 0.00279 0.11456 0.19534 

Sound Velocity & Viscosity 0.7965 0.00798 0.10864 0.10478 
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The new ANN model that was obtained performed slightly weaker compared to the model outlined 

in section 4.4.1. On further analysis of the newly optimized model, it was observed that the pKa 

predictions were in line with the actual outputs. Figure 4.9 shows that the number of epochs that 

provided the best output was 187. 

In Figures 4.10 and 4.11, it is observed that the total number of outliers was low and the data was 

in close agreement with the zero line with an average value of 0.0136. The weights and biases are 

reported in Appendix B. 

 

 

Figure 4.9 Enhanced performance of the model with respect to the optimized input parameters. 
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Figure 4.10 Scatter plot for the regressive prediction of pKa for the new model 
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Figure 4.11 Error histogram of the optimized ANN model 

The prediction accuracy was observed to be very close to the actual value. It can be noted 

that a standard deviation of 0.02 was observed in the best case and a standard deviation of close to 

0.5 was observed in the worst-case scenario. A few example predictions are presented in Figures 

4.12 to 4.14. 
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Figure 4.12 pKa prediction for amine 1. 

 

 

Figure 4.13 pKa prediction for amine 2. 
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Figure 4.14 pKa prediction for amine 3.
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Chapter 5 : Conclusion 
 

pKa values of eight amines, namely, 3-(Diethylamino) propylamine, 1,3-Diaminopentane, 

3-Butoxypropylamine, 2-(Methylamino) ethanol, Bis(2-methoxyethyl) amine, α-Methylbenzyl 

amine, 2-aminoheptane, and 3-Amino-1-phenylbutane were experimentally measured at six 

different temperatures in the range of 298.15K to 323.15K using the potentiometric titration 

method. 

It was observed that as the temperature increased the basicity of amines decreased. 2-

Aminoheptane, a primary amine, and the two diamines studied, 3-(Diethylamino)propylamine 

with a primary and a tertiary amine,  and 1,3-Diaminopentane with two primary amines had the 

highest pKas of all eight amines. pKa values were predicted for the eight amines using the 

Perrin−Dempsey−Serjeant (PDS), the new PDS and the Qian, Sun, Sun, and Gao (QSSG) 

models. van’t Hoff equation was utilized to determine thermodynamic properties such as the 

standard state enthalpy change (∆H0) and the standard state entropy change (∆S0) for the 

dissociation process. 

pKa values of a set of amines of importance in the process of CO2 capture were predicted 

using an Artificial Neural Network (ANN) with a backpropagation algorithm. Additionally, 

properties like the density, viscosity, refractive index and sound velocity of the selected eight 

amines were measured experimentally at the range of temperatures from 298.15 to 323.18 K.  

Ten parameters were used as input data in this estimation in 2 subcategories. The first 

included the molecular weight, numbers of H, N, C and O atoms. The second included the 

temperature, density, viscosity, refractive index, and sound velocity. An architecture with a 

structure of 10-40-39-1 was selected as the desired ANN model and a prediction user interface 

was also developed. The predicted values were in close agreement with the experimental values. 
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The optimized architecture was a structure of 8-40-39-1. This model had a regression 

coefficient of 0.89225 and MSE values of 0.00881, 0.02945 and 0.0789 for the training, validation 

and testing datasets, respectively. 
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Appendix A: Experimental Determination of Physical Properties of 

Amines 
Appendix A-1: Density Measurement 
 

An Anton Paar DMA-4500 density meter was used to measure the densities for the eight 

amines. For calibrating the density meter, firstly we had to check the atmospheric pressure to make 

sure that it matches the laboratory conditions following which we needed to perform Air and Water 

(double distilled) checks at a specified temperature. Then we need to make sure that the obtained 

values were within 5E-5 g/ml of the desired values. The experimental density of MEA was verified 

with literature values from data published by Vázquez et al. [56] with deviations of 0.003 and 

0.002 g/ml for two different temperatures respectively. All the experimental values are listed in 

Table A-1. 

Table A-1. Density values for the studied amines 
 

 

 Density (g/ml) 

Chemical 298.15K 303.15K 308.15K 313.15K 323.15K 

Monoethanolamine 1.01172 1.00777 1.00381 0.99983 0.99183 

3-(Diethylamino)propylamine 0.82318 0.81890 0.81463 0.81036 0.80179 

1,3-Diaminopentane 0.85710 0.85285 0.84859 0.84433 0.83576 

3-Butoxypropylamine 0.84626 0.84188 0.83749 0.83310 0.82426 

2-(Methylamino)ethanol 0.93651 0.93263 0.92872 0.92479 0.91687 

Bis(2-methoxyethyl) amine 0.91113 0.90664 0.90214 0.89762 0.88857 

α-Methylbenzylamine 0.95294 0.94864 0.94432 0.93999 0.93128 

2-Aminoheptane 0.76062 0.75643 0.75221 0.74797 0.73946 

3-Amino-1-phenylbutane 0.92301 0.91898 0.91501 0.91104 0.90305 
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Appendix A-2: Viscosity Measurement 
 

Cannon-Fenske viscometers were used to measure the viscosity of all eight amines. A 

water bath (model CT500) from Cannon Instrumental Company was used to control and set the 

desired temperatures and an external thermometer Cole Parmer resistance (model H-01158-65) 

with an accuracy of 0.001K was used to note temperature reading. A digital stopwatch from Fisher 

Scientifics was used to record time and the uncertainty was 0.01s. Firstly, the kinematic viscosity 

was obtained using Poiseuile’s law written in Equation A-2.1. By multiplying the kinematic 

viscosity and density, the dynamic viscosity was obtained. 

 V= k1t−
𝐾2

𝑡
𝜈 Eqn. A-2.1 

We validated the results of MEA by comparing its values to literature data published by 

Mandal [51] and the maximum observed deviation was 0.43 mPa-s. The experimental results are 

listed in Table A-2.1. 

Table A-2.1 Viscosities of the studied amines 

 

 Dynamic Viscosity (mPa·s) 

Chemical 298.15K 303.15K 308.15K 313.15K 323.15K 

Monoethanolamine 18.66 15.55 12.55 10.24 6.88 

3-(Diethylamino)propylamine 1.12 1.01 0.928 0.851 0.726 

1,3-Diaminopentane 1.90 1.69 1.52 1.28 1.06 

3-Butoxypropylamine 1.50 1.31 1.19 1.09 0.924 

2-(Methylamino)ethanol 10.63 8.57 7.06 6.06 4.34 

Bis(2-methoxyethyl) amine 1.15 1.07 0.994 0.922 0.783 

α-Methylbenzylamine 1.89 1.69 1.44 1.311 1.09 

2-Aminoheptane 0.821 0.752 0.699 0.646 0.563 

3-Amino-1-phenylbutane 2.66 2.35 2.10 1.88 1.55 
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 Appendix A-3: Refractive Index Measurement 
 

To measure the refractive index Atago RX-5000 was used, and for validating the 

refractometer the measured values of water were compared with the literature [83] and the 

uncertainty was 0.00003. The experimental results are listed in Table A-3.1. 

 

Table A-3.1 Refractive index of the studied amines 

 

 Refractive Index 

Chemical 298.15K 303.15K 308.15K 313.15K 323.15K 

Monoethanolamine 1.4535 1.4519 1.4505 1.4446 1.43980 

3-(Diethylamino)propylamine 1.43999 1.43787 1.43567 1.43335 1.42868 

1,3-Diaminopentane 1.45042 1.44808 1.44572 1.44344 1.43876 

3-Butoxypropylamine 1.42474 1.42247 1.42018 1.41789 1.41322 

2-(Methylamino)ethanol 1.43701 1.43513 1.43303 1.43099 1.42719 

Bis(2-methoxyethyl) amine 1.41821 1.41605 1.41394 1.41176 1.40739 

α-Methylbenzylamine 1.52412 1.52151 1.51917 1.51659 1.51161 

2-Aminoheptane 1.41633 1.41407 1.41175 1.40930 1.40430 

3-Amino-1-phenylbutane 1.51126 1.50865 1.50668 1.50483 1.50003 
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Appendix A-4: Sound Velocity Measurement 
 

Anton Paar DSA-4500 density meter was used to measure the sound velocity. The 

calibration process was the same as for density measurement, but the sound module was operated 

separately and used for the experimental process. The experimental results are listed in Table A-

4.1. 

 

Table A-4.1 Sound velocity of the studied amines 

 

 Sound Velocity 

Chemical 298.15K 303.15K 308.15K 313.15K 323.15K 

Monoethanolamine 1718.27 1702.06 1686.19 1670.45 1638.65 

3-(Diethylamino)propylamine 1343.68 1333.49 1320.88 1305.47 1277.50 

1,3-Diaminopentane 1491.65 1472.99 1453.88 1435.04 1395.53 

3-Butoxypropylamine 1331.75 1317.35 1302.46 1288.15 1257.70 

2-(Methylamino)ethanol 1469.59 1455.97 1440.54 1425.15 1396.37 

Bis(2-methoxyethyl)amine 1273.78 1259.39 1244.30 1234.62 1202.62 

α-Methylbenzylamine 1482.89 1473.81 1461.42 1446.26 1411.66 

2-Aminoheptane 1277.40 1271.53 1257.26  1240.32 1199.32 

3-Amino-1-phenylbutane 1555.62 1538.69 1520.93 1502.51 1465.26 
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Appendix B: Weights and Bias of different layers in ANN 

Appendix B-1: Weights and bias for the model with all input parameters. 

 On training, the model with the entire feature set has resulted in 40 neurons in the first hidden 

layer. As we have a total of 10 input features, we would be having a 10*40 matrix of weights with 

a column describing the bias. The association between each input parameter and each neuron in 

the hidden layer is outlined in the hidden layer. 

Table B-1.1 Weights and biases of the first hidden layer 

Temperature Molecular 

weight 

Number of 

C 

Number 

of H 

Number of 

N 

Number of 

O 

Refractive 

index 

Sound 

velocity 

Density Viscosity Bias 

-0.1606 0.0418 -0.2179 0.1791 -0.5387 0.5581 -0.0116 0.5601 0.3960 0.5408 0.1280 

-0.0019 0.2824 -0.4485 0.6275 -0.4088 -0.0983 0.2342 0.2044 -0.2735 -0.9534 0.4230 

0.3512 0.5736 -0.4307 -0.0813 -0.7615 -0.0966 0.6547 0.1445 -0.7132 -0.5333 0.3857 

-0.7657 0.4059 0.2351 -0.1342 0.4731 0.5649 -0.5287 0.4273 -0.5889 0.4599 0.0970 

-0.5625 0.6416 -0.0182 -0.5174 0.3660 0.6449 -0.1326 -0.6361 -0.2539 0.2892 -0.1645 

0.0953 0.3919 -0.3118 0.3992 0.7698 -0.6674 -0.5810 -0.1775 -0.4318 -0.7450 0.1681 

0.2029 0.7125 -0.5716 0.0432 -0.3829 0.6687 -0.4168 0.2658 0.2181 0.0705 -0.1781 

-0.3264 -0.7266 0.3055 0.0234 -0.7161 0.0598 -0.5198 0.0999 0.6816 -0.4716 0.1862 

-0.6917 0.3358 -0.2423 -0.3921 0.5583 0.2305 0.3588 -0.6494 0.4169 -0.7451 0.1513 

-0.5985 -0.8256 -0.0713 0.6598 -0.2951 -0.1735 -0.0084 0.6206 0.4261 0.3258 -0.2165 

0.7704 0.3803 0.4634 0.6663 -0.4879 0.6356 0.4890 0.1110 0.2620 -0.2092 0.0304 

-0.3404 -0.5674 -0.7932 -0.5772 -0.4899 -0.2049 -0.5343 0.2947 -0.1619 -0.1266 0.0807 

-0.0338 -0.6166 -0.3253 -0.7251 0.0677 0.6614 0.4311 -0.7018 -0.6937 -0.4153 0.1659 

-0.2682 -0.5091 0.0480 0.3170 -0.7225 0.8834 -0.3158 0.0101 -0.4100 -0.1235 0.2524 

0.2565 -0.1078 0.3414 -0.4316 -0.2166 0.0072 -0.7935 0.5236 -0.0566 -0.4636 -0.0757 

0.3958 0.4307 -0.0701 0.2972 -0.6833 0.5825 0.6117 -0.5569 -0.6424 -0.5044 0.2795 

0.0319 0.0469 -0.3511 0.0314 -0.9649 0.7494 0.4980 0.2465 -0.7343 0.5067 0.2693 

-0.5768 -0.2701 0.6151 -0.5232 0.0859 -0.7951 -0.0321 0.0401 0.2094 -0.0761 0.3236 

-0.1144 -0.7453 -0.0239 0.6069 0.8351 -0.2969 -0.0053 0.0238 -0.1657 0.5311 0.1203 

-0.3066 0.4596 -0.4190 0.0733 -0.7205 -0.9337 -0.1272 -0.2780 -0.3781 0.2868 0.4707 

-0.7033 -0.3322 -0.7593 0.0392 -0.3011 0.8993 0.5743 -0.6363 -0.5388 -0.5341 0.1583 

-0.2757 0.5471 -0.7170 -0.3693 -0.8787 0.6861 -0.6731 -0.6895 0.0206 -0.1790 0.3536 
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0.0430 -0.5891 -0.5039 -0.0625 -0.5739 -0.1442 -0.3621 0.2378 -0.2223 -0.0527 0.3039 

0.0180 0.8456 -0.2889 -0.6364 0.6036 -0.0969 -0.3055 0.2153 -0.3660 0.1361 0.1386 

0.4003 0.1114 0.5461 -0.3675 0.6447 -0.0693 -0.7118 0.6243 -0.0737 0.0206 0.3567 

0.2454 -0.4345 0.3552 0.4435 -0.8293 0.3049 -0.3266 -0.6133 -0.5094 -0.0145 -0.1643 

-0.3604 0.1635 0.4420 0.7140 0.8929 0.0178 -0.2349 -0.6850 0.2051 0.4970 0.1628 

0.3333 0.0583 0.3531 -0.1965 -0.3599 0.5106 -0.2346 -0.7218 0.7650 -0.3121 0.3366 

-0.4641 -0.4724 -0.5901 0.2899 -0.0581 -0.5267 -0.3159 -0.8717 -0.0177 -0.0139 0.1253 

0.1067 -0.4578 -0.2740 0.2515 -0.7895 -0.2120 0.1888 -0.3705 0.6872 -0.1911 0.3330 

-0.3392 -0.1498 0.3646 0.6204 -0.1839 0.6582 -0.3199 0.1551 0.3568 0.1923 0.1583 

0.4965 0.5742 -0.3691 0.1134 -0.0984 -0.8393 -0.8090 -0.2186 -0.6202 0.1156 0.2307 

0.6700 0.2042 -0.0350 0.3204 0.3162 0.4469 -0.8651 0.5723 0.0352 0.3410 -0.2331 

0.1773 -0.5900 0.4932 0.3290 -0.4802 -0.3170 0.5759 0.5560 -0.6513 -0.9507 0.3155 

-0.2870 -0.0699 -0.0866 -0.2916 -0.1423 0.3922 0.7709 0.0266 -0.4360 0.1056 -0.1400 

0.3352 -0.3374 -0.7176 -0.3203 0.6644 -0.0147 0.3215 0.2830 -0.7252 0.4149 0.3521 

0.0020 -0.2064 -0.5518 -0.0655 0.2919 -0.6655 -0.6246 -0.6007 0.7581 0.5035 -0.1730 

0.7213 -0.0464 0.2616 -0.7370 0.0446 -0.4197 -0.6358 -0.5214 -0.4455 0.3504 0.1515 

0.0745 0.7063 0.3609 0.0959 -0.1461 -0.2016 -0.1824 0.7324 0.1838 -0.7503 0.2346 

-0.7435 -0.4516 0.6738 -0.1484 -0.1391 0.3766 0.5637 0.3620 -0.5014 -0.2568 0.1497 

 

Based on the introduction of the second hidden layer with 39 neurons, the weights and bias 

have been calculated. This matrix was of dimension 40x39. Table B-1.2 contains this 

information and can be found at the following google drive link 1. 

The weights and biases of the neurons connected from the second hidden layer to the output 

layer would be of a 39x1 dimension represented in Table B-1.3 which can be found at the 

following google drive link 2.

https://docs.google.com/spreadsheets/d/1RDDV4_DUCkMYALJhbxxNlwq8ayp19LiC/edit?usp=sharing&ouid=107035961576022100034&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1Gu-4I1Ai3kiJboXT85bPaFWJanG9qao7/edit?usp=sharing&ouid=107035961576022100034&rtpof=true&sd=true
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Appendix B-2: Weights and bias for the model with optimized inputs. 
 

Training the model with optimized parameters in which the Sound Velocity and Molecular 

weight were eliminated resulting in a highly scalable and less complex model, which had a good 

prediction accuracy. The weights and biases were reported in the following Table and links. 

Table B-2.1 Weights and bias of first hidden layer 

Temperature Molecular 

Weight 

Number of C Number of H Number of N Number of O Density Viscosity Bias 

-1.12E-01 6.35E-01 -1.87E-01 4.64E-01 1.03E-01 2.24E-01 1.63E-04 -1.05E-01 -1.16E-01 

6.15E-02 -3.45E-01 -8.29E-01 -1.80E-01 -4.87E-01 -2.35E-01 5.33E-02 -3.13E-01 1.33E-01 

5.46E-01 -9.27E-02 6.76E-01 2.88E-01 -6.07E-01 4.30E-01 -4.68E-01 -5.56E-01 1.20E-01 

9.27E-02 5.84E-01 -1.07E-01 5.23E-01 -4.25E-01 -4.34E-01 -4.75E-01 5.57E-01 -1.09E-01 

1.49E-01 -5.44E-01 6.04E-01 4.29E-01 4.62E-01 -4.95E-01 -2.20E-01 -1.08E+00 3.01E-01 

5.76E-01 2.66E-01 -5.99E-01 8.54E-02 -4.17E-01 5.11E-01 -3.40E-01 8.66E-01 2.32E-01 

5.14E-01 5.38E-01 4.00E-01 5.43E-01 -2.44E-01 4.39E-01 -5.13E-01 3.05E-01 1.07E-01 

5.63E-02 2.17E-01 4.33E-01 5.61E-01 5.30E-01 -1.89E-01 -3.63E-01 4.12E-01 2.37E-01 

4.65E-01 -3.00E-01 1.16E-01 7.32E-01 3.86E-01 -8.81E-01 3.44E-01 4.82E-01 -5.31E-02 

7.42E-01 3.28E-01 -6.44E-01 7.12E-01 4.06E-01 -8.01E-01 -1.24E-01 -3.98E-01 1.85E-01 

2.28E-01 8.76E-01 6.16E-01 8.75E-01 4.00E-02 3.59E-01 -8.72E-01 6.41E-01 -2.10E-01 

1.09E-01 -7.28E-01 2.79E-01 5.03E-02 -1.20E+00 -3.28E-02 3.78E-01 -2.24E-02 3.55E-01 

-5.20E-01 6.77E-01 -2.61E-02 -6.91E-01 8.76E-01 -9.84E-01 3.94E-02 6.51E-01 1.74E-01 

5.31E-02 8.79E-01 9.90E-01 -8.19E-02 -3.54E-01 -1.23E-01 -2.71E-01 7.15E-01 1.84E-01 

2.42E-01 8.38E-01 -6.45E-01 9.18E-01 6.95E-01 4.07E-01 -2.74E-01 8.45E-01 -1.89E-01 

8.90E-02 4.07E-01 6.35E-02 5.08E-01 5.60E-01 -4.59E-01 -4.79E-01 -8.58E-01 2.15E-01 

2.64E-01 -3.41E-01 -6.56E-01 -5.09E-01 1.73E-01 3.70E-01 -4.62E-01 -4.94E-01 1.53E-01 

7.85E-01 -3.59E-01 5.91E-01 1.13E-01 3.09E-01 1.57E-01 6.12E-01 -3.84E-01 1.08E-01 

1.41E-01 -1.14E-02 7.49E-01 -7.06E-01 -6.96E-01 3.82E-01 6.78E-01 -2.40E-01 2.20E-01 

3.10E-01 -6.27E-01 -3.26E-01 -1.63E-01 -4.58E-01 -4.79E-01 -7.15E-01 1.69E-02 3.60E-01 

4.94E-01 2.62E-03 5.36E-01 -6.17E-02 -3.08E-02 5.48E-01 -6.16E-01 -7.89E-01 3.11E-01 

7.64E-01 -1.26E-01 2.09E-01 9.11E-01 -5.84E-01 -7.30E-01 6.67E-01 -2.21E-01 -2.15E-01 

1.17E-01 1.04E-01 3.70E-01 -9.41E-01 8.75E-01 2.05E-01 3.03E-01 1.62E-01 -3.29E-02 

6.09E-02 -1.35E-01 -1.92E-01 3.79E-01 -8.31E-01 6.28E-01 6.99E-01 -6.93E-01 2.67E-01 

-6.55E-01 7.36E-01 -4.25E-01 3.77E-01 2.13E-01 -3.71E-01 -3.42E-02 -6.67E-01 3.87E-01 
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6.89E-01 -5.66E-01 6.20E-01 -2.86E-01 -3.52E-01 -2.70E-01 5.16E-01 5.08E-01 -1.35E-01 

-6.73E-01 2.03E-01 5.10E-01 -1.97E-01 -9.72E-01 -6.39E-01 6.42E-01 -6.94E-01 2.78E-01 

2.17E-01 5.48E-01 -3.09E-01 6.21E-02 1.74E-01 -6.55E-01 2.07E-01 4.69E-01 -3.03E-02 

-6.97E-01 4.66E-01 1.49E-01 -3.03E-01 7.72E-01 9.05E-01 -7.43E-01 -6.09E-01 1.54E-01 

1.53E-01 -4.81E-01 -6.96E-01 8.16E-01 -7.64E-01 4.78E-01 2.93E-01 7.57E-01 1.91E-01 

9.45E-02 -5.13E-01 -2.31E-01 7.20E-01 9.50E-01 -5.22E-01 -5.60E-01 6.87E-01 8.59E-02 

2.47E-01 -2.84E-01 -2.65E-01 6.38E-01 -7.15E-01 -4.95E-01 -4.65E-01 -5.65E-01 5.16E-01 

3.65E-02 -7.15E-01 6.10E-01 8.26E-01 -3.67E-01 -8.25E-01 -1.36E-01 8.58E-01 -2.32E-01 

5.21E-01 2.59E-01 -8.06E-01 1.78E-01 1.46E-01 3.02E-01 -5.66E-01 3.80E-01 -3.20E-01 

-2.94E-01 -7.26E-01 7.99E-01 3.32E-01 -3.57E-02 3.26E-02 2.62E-01 4.75E-01 2.34E-01 

4.61E-02 -5.90E-01 9.10E-01 -7.34E-01 -6.31E-01 5.02E-01 -2.02E-01 5.71E-01 3.06E-01 

1.19E-01 5.19E-01 6.00E-01 -7.23E-01 -3.86E-01 8.40E-01 -3.78E-01 -2.76E-01 2.42E-01 

9.02E-01 4.59E-01 -7.77E-01 2.78E-01 -1.63E-01 1.61E-01 -3.14E-01 6.06E-01 -2.49E-01 

-2.67E-01 -8.04E-02 1.35E-01 1.86E-01 -7.96E-01 4.83E-01 -7.49E-01 -6.08E-01 6.13E-01 

 

Based on the introduction of the second hidden layer with 39 neurons, the weights and bias 

have been calculated. This matrix is of dimension 40x39. Table B-2.2 containing this 

information can be found at the following google drive link 3. 

The weights and bias of the neurons connected from the second hidden layer to the output 

layer would be of a 39x1 dimension represented in Table B-2.3 which can be found at the 

following google drive link 4. 

https://docs.google.com/spreadsheets/d/1B0yMnXUW4oGQb5fBz0Cbb2SY4yhKX6Hr/edit?usp=sharing&ouid=107035961576022100034&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1mWMcttjvUlDPMJrdX72lePQHUvY-cScV/edit?usp=sharing&ouid=107035961576022100034&rtpof=true&sd=true

