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Reaching Pandemic Milestones with Country
Primary and Secondary Vaccination Inflection
Points: An Assessment of Foundational and
Hybrid Forecasting Methodologies

Marco M. Vlajnic® & Steven J. Simske®

ABSTRACT

The devastating worldwide impact of the
COVID-19 pandemic created a need to better
understand the effects of vaccination on case
fatality rates (CFR) in a pandemic setting.
Foundational time series forecasting models
(ARIMA, Prophet, LSTM) and novel hybrid
models (SARIMA-Bidirectional LSTM and
SARIMA-Prophet-Bidirectional LSTM) were
compared for performance and accuracy to
forecast vaccination inflection points for 26
countries. Correlation analyses demonstrated
that stringency index, age 65 and older, life
expectancy, and positive test rate, are factors
correlating the most with the vaccination and
case fatality rates. The primary vaccination
inflection point was reached at 83.27 days
(15-367 days), at the vaccination rate of 13.1%
(0.1% - 50%), with 42% of countries seeing the
initial impact in <50 days.

The secondary vaccination inflection point
(SVIP) was reached at 339.31 days (161-560
days) at the cumulative vaccination rate of
67.8% (28% - 89%), with 23.1% of countries
reaching it in < 300 days, 73% in the second half
of 2021, and 27% in early 2022. The highest
vaccination rate was achieved in Portugal (89%)
and the lowest in Bulgaria (28%). All assessed
machine and deep learning methodologies
performed with high accuracy relative to
COVID-19 historical data, demonstrated strong
forecasting value, and were validated by
anomaly and volatility detection analyses. The
novel triple hybrid model performed the best
and had the highest accuracy across all
performance metrics. Countries prioritizing the
health of elderly and frail populations and

© 2024 Great Britain Journals Press

utilizing AI technology will be better prepared
for any future pandemic.

Index Terms: COVID-19, primary vaccination
inflection point, secondary vaccination inflection
point, ARIMA, prophet, LSTM, double hybrid,
triple hybrid, SARIMA-bidirectional LSTM,
SARIMA-prophet-bidirectional LSTM.

Author a, o Systems Engineering Department,
Colorado State University, Engineering Building Suite
202, 400 Isotope Dr, Fort Collins, Colorado,
80523-6029 United States of America.

|, INTRODUCTION

COVID-19 is an infectious disease, caused by the
Severe Acute Respiratory Syndrome Coronavirus
2 (SARS-CoV-2) characterized by high morbidity
and mortality, and a significant burden on
hospital systems and country economies. Over
the last three years, the COVID-19 virus infected
over 300 million people, caused death for
approximately seven million people [1], and had a
negative impact of $3.8 trillion on economies
around the world. At the end of 2023, COVID-19
is still present with different virus mutations
continuing to cause infections and deaths across
the world [2, 3, 4].

The experience with the COVID-19 pandemic
demonstrated the inadequate levels of
preparedness across countries. Two thirds of
world countries have a good capacity for public
health threat surveillance and analytics in order
to drive policy and planning. However, half of the
countries have a limited capacity to
systematically monitor care, including the impact
of vaccination [5]. Both surveillance and

London Journal of Engineering Research
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monitoring are needed to adequately plan and
prepare for possible infectious disease outbreaks
with novel viruses [6, 7, 8, 9, 10, 11, 12, 13].

Vaccination is an effective way to obtain
individual and herd immunity [14]. When the
herd immunity threshold is reached, naturally or
through vaccination, it creates an environment
that is sufficient to control large outbreaks,
reduce the number of infected individuals and
possible deaths, protect vulnerable individuals in
the society, and relax other public health
measures [15]. There are many factors that
influence a success of a vaccination campaign,
such as availability of vaccine supply (e.g. speed
of development, level of demand, difficulties with
production and distribution of vaccines
worldwide), vaccination strategy outlining
priority groups for vaccination, and population
acceptance of vaccination (e.g. anti-vaccination
movement).

The vaccination efforts for COVID-19 started in
December of 2020 for most of the countries in
the world. There were several types of vaccines
that were available: genetically engineered
messenger RNA, viral vector, and protein subunit
vaccines. The initial vaccinations from 2020 were
followed with booster doses in 2021, 2022 and
2023, for a total of four booster doses, specifically
in developed countries [16]. Understanding the
impact of vaccination campaigns, the correlation
of vaccination rates, incidence of COVID-19, and
mortality rates was researched over the last two
years. The results confirmed that successful
vaccination efforts (e.g. availability of vaccines,
public acceptance, strong government programs,
etc.) can significantly reduce the negative effects
of the COVID-19 pandemic, with a sharp decrease
in the fatality rate [17, 18, 19]. Some researchers
were able to define the vaccination threshold,
identifying that a mean level of administering
about 80 doses of vaccines per 100 inhabitants
can sustain a reduction of confirmed cases and
number of deaths [11], or when the mean
cumulative vaccination rate reaches 29.06 doses
per 100 people and 7.88 doses per 100 people,
respectively, for spread and mortality [19]. Many
researchers also looked at the sentiment around
vaccination. Attitudes toward COVID-19 and

vaccination, conspiracy beliefs, misconceptions,
and complaints about COVID-19 control, were
documented as dominant sentiments [21, 22, 23].
Researchers used data from different sources
(local, national, and global registries) and
different time frames (e.g., periods of 3 or 6
months post initial vaccination).

Diverse research methodologies were applied to
increase sensitivity of analyses and achieve more
accurate results, such as neural networks with cut
effect [17], Augmented Artificial Neural Network
Model for the COVID-19 Mortality Prediction
relative to the vaccination rates [24]; Deep
Learning Sequence Models for Forecasting
COVID-19 Spread and Vaccinations with two
recurrent neural network-based approaches,
LSTM and GRU [25]; amalgamation of neural
network with two powerful optimization
algorithms, firefly algorithm and artificial bee
colony based feed-forward neural networks to
look at the effect of vaccinated population on the
COVID-19 prediction [26]; and a multi-path long
short term memory (LSTM) neural network for
COVID-19 forecasting of new viral variants and
vaccination [27]. Other researchers explored
other models, structured and unstructured
machine learning (ML) models [22], structural
topic modeling [23], Latent Dirichlet Allocation
(LDA) [28], deep learning and NLP [29, 30].
Cheng applied newly developed ARIMA models
to improve the accuracy of weekly COVID-19 case
growth rates and forecast COVID-19 spread
according to protective behavior and vaccination
[31]. Dhamodharavadhani and colleagues used
hybrid models to forecast the vaccination rate,
such as HARIMA, a hybrid of ARIMA and
HGRNN, a hybrid of Generalized Regression
Neural Network and the Gaussian Process
Regression model [32]. Yi-Tui Chen and
colleagues explored the effect of vaccination
patterns and vaccination rates on the spread and
mortality of the COVID-19 pandemic [19], and
Kumar utilized the recurrent neural network
(RNN)  Convolutional Residual  Network
(RNNCON-Res) [33].

Nicholson and colleagues used both supervised
and unsupervised methodologies to identify the
critical county-level factors for studying COVID-

Reaching Pandemic Milestones with Country Primary and Secondary Vaccination Inflection Points: An Assessment of Foundational and
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19 propagation prior to the
availability of a vaccine [40].

widespread

Published research has increased collective
knowledge and has answered many questions.
With limitations of every research, availability of
more data and novel methodologies, there is a
need and a responsibility to continue to expand
the knowledge around pandemic vulnerability
that can allow for better understanding of the
dynamics of vaccination, infection rates and
mortality.

This research was conducted to identify the
vaccination inflection points and the time needed
to reach the critical cumulative vaccination rate
thresholds to observe continuous decrease of the
case fatality rates. It was conducted both at an
aggregate and at the country level. COVID-19
historical data was utilized to develop models
that can be used for future pandemics. Applying
advanced AI methodologies to forecast time to
country specific vaccination inflection points, and
assessing the vaccination rates relative to the case
fatality rates, can provide another useful tool to

guide countries in their pandemic risk
preparedness.

. MATERIALS AND METHODS
21 Data

This research utilized data from the Oxford
University Our World in Data Covid 19 Dataset.
This dataset contains data points collected on an
ongoing basis from Johns Hopkins University,
Center for Systems Science and Engineering
COVID-19 data, European Centre for Disease
Control, and OXFORD COVID-19 Government
Response Tracker, from January 2020 to the
present. The original dataset contains data from
207 countries and territories from which 26
countries were selected for this research: United
States, Canada, Italy, Ireland, Finland, Iceland,
Denmark, Belgium, Sweden, United Kingdom,
Switzerland, Slovenia, Austria, Portugal, France,
Netherlands, Luxembourg, Spain, Romania,
Latvia, Cyprus, Estonia, Czechia, Slovakia,
Serbia, and Bulgaria. Data for this research paper

was accessed and downloaded on Dec 30, 2022
[35], and this longitudinal dataset was used from
the period of December 2020, when most of the
countries in the research dataset started
vaccinating their population, to December 30,
2022.

The analyses in this research used 16 variables.
Table 1 presents the 14 variables that represent
the actual values from the research dataset. Two
additional variables, case fatality rate and
vaccination rate, were derived. The case fatality
rate (CFR), an epidemiologic metric defined as
the proportion of deaths within an observed
population of interest [34], was calculated by
dividing the respective values in the total deaths
column by the total cases column of the dataset,
for each of the 26 countries. The vaccination rate
was calculated by dividing the number of people
vaccinated (with at least one dose) by the total
population of each country, for each of the 26
countries.

For a more meaningful interpretation of the data
variables used to assess the correlation with the
vaccination and CFR rates, data variables were
organized into novel public health

Reaching Pandemic Milestones with Country Primary and Secondary Vaccination Inflection Points: An Assessment of Foundational and
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Table 1. Public Health Indices definitions from the Our World in Data metadata file [20]

Population Health Index (PHI) Pandemic Sensitivity Index (PSI)

cardiovasc death rate: death rate from the
cardiovascular disease in 2017 (annual
number of deaths per 100,000 people)

stringency_index: Government response stringency
index: composite measure based on 9 response
indicators including school and workplace closures, and
travel bans.

diabetes prevalence: Diabetes prevalence (%
of population aged 20 to 79) in 2017

positive_rate: The share of COVID-19 tests that are
positive given as a rolling 7-day average

female smokers: Share of women who smoke,
most recent years available

hosp_ patients: Number of COVID-19 patients in
hospital on a given day

male smokers: Share of men who smoke,
most recent years available

icu_patients: Number of COVID-19 patients in intensive
care unit (ICUs) on a given day

life_expectancy: Life expectancy at birth in
2019

reproduction_ rate: Real time estimate of the effective
reproduction rate of COVID-19

aged 65 or older: Share of the population that
is 65 years or older, most recent years
available

total_cases: Total confirmed cases of COVID-19

median age: Median age of the population,

total_deaths: Total deaths attributed to COVID-19

UN projection for 2020

indices, the Population Health Index, PHI [35],
and Pandemic Sensitivity Index, PSI (Table 1).
The PHI contains the parameters that describe
the health of the population such as:
cardiovascular death rate, diabetes prevalence,
female smokers, male smokers, life expectancy,
age 65 and older, and median age. The PSI Index
represents variables that are directly impacted by
the pandemic, such as total COVID-19 cases and
deaths, number of COVID-19 hospital and ICU
admissions, Government response stringency
index (a composite measure based on nine
response indicators including school and
workplace  closures, and travel bans),
reproduction rate of transmission of COVID-19,
and positivity rate of COVID-19.

This research was conducted to identify the
vaccination inflection points and the time needed
to reach the critical cumulative vaccination rate
thresholds to observe continuous decrease of the
case fatality rates. It was conducted both at an
aggregate and at the country level. To
accommodate for the peaks and troughs of the
case fatality rate curves, the vaccination inflection
points were assessed at two different timepoints.
The first vaccination inflection time point,
primary vaccination inflection point (PVIP) was
assessed from the vaccination start date to the
date of the first CFR drop post vaccination. The

secondary vaccination inflection point (SVIP) was
assessed from the vaccination start date to the
steepest, most significant CFR decline post
vaccination. It represents the time point when the
cumulative vaccination rate reached a critical
threshold showing a continuous decrease of the
case fatality rate, signaling the turnaround in the
pandemic. Table 2 provides an overview of
descriptions of critical variables used in this
research relative to the vaccination inflection
point. COVID-19 historical data was utilized to
develop models that can be used for future
pandemics.

In this research, it was assumed that all vaccines
produced by different technologies and
manufacturers have the same effectiveness. It
was also assumed that distribution of different
vaccines in different countries includes a
combination of initial two-dose and single-dose
vaccines and single dose booster vaccines over
the two-year period (Dec 2020-Dec 2022). Since
all vaccines require approximately two weeks to
produce immunity, the effect of performance of
vaccines on CFR was examined two weeks after
the start of vaccination.

Several types of vaccines were available at the
time of the initial vaccination: genetically
engineered messenger RNA Pfizer/BioNTech and
Moderna, viral vector vaccines (Janssen/Johnson

Reaching Pandemic Milestones with Country Primary and Secondary Vaccination Inflection Points: An Assessment of Foundational and
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& Johnson and University of
Oxford/AstraZeneca, Sputnik V), protein subunit
vaccine (Novavax, Sinovac). The initial
vaccinations in 2020 were delivered, in most
cases, in sets of 2-doses, with a 3-week period in
between (Pfizer/BioNTech, Moderna, Sinovac,
Sputnik V). Some initial vaccines were delivered
as a single dose vaccine (J&J, AZ/Oxford).
Consequently, booster doses were delivered as
single dose vaccines, starting in the third quarter
of 2021 (Sep 2021 in the US, Oct/Nov 2021 in the
EU) and continuing in 2022 (approved boosters
in Mar and Sep 2022 in the US) and 2023
(approved in Sep 2023 in US and EU), for a total
of four booster doses [16]. Today there are
approximately 40 COVID-19 vaccines that were
approved by regulatory agencies for full
emergency use authorization. Of those 40, 16

have full authorization in only one country, 12 in
ten or fewer countries, and 12 in more than 10
countries [36]. Emergence of new variants may
be a challenge for the vaccines, reducing their
protective power with the transmissibility of new
variants  substantially  higher than the
pre-existing SARS-CoV-2 variants. Booster dose
vaccines were introduced to boost the protection
power of vaccines and help the individuals with
weakened immune systems. Efficacy of most
vaccines range from 70-95%, mainly against
symptomatic disease [37, 38]. All countries from
this dataset (26 countries) are classified in three
categories relative to their GDP per capita
(>$50,000, $35,000-$50,000, and <$35,000)
[20]. Table 3 summarizes the distribution of
countries. This research was solely conducted by
using publicly available data.

Table 2: Description of derived variables used for vaccination inflection point analyses

Variables
vaccination start date

Description
first documented date when vaccination started at the country level

CFR at vaccination start

Case fatality rate at the time on the 1st day of vaccination

CFR + 14 days

case fatality rate at the time when initial immunity from vaccination
should be developed

vaccination rate at CFR +14 days

vaccination rate at the time of initial immunity

Primary vaccination inflection
point (PVIP)

date when the first case fatality rate reduction is observed post
vaccination, measured on the day of the 1st CFR peak post vaccination
+ one day

CFR at PVIP

case fatality rate at PVIP, measured on the day of the 1st CFR peak
post-vaccination + one day

vaccination rate at PVIP

vaccination rate at the PVIP, measured as the vaccination rate on the
day of the 1st CFR peak post vaccination + one day

Secondary vaccination inflection
point (SVIP)

date when the most significant CFR reduction is observed post
vaccination, measured on the day of the CFR peak that is followed by
the most significant and continuous CFR reduction post vaccination +
one day

CFR at SVIP

case fatality rate at the SVIP, measured as the CFR rate on the day of
CFR peak that is followed by the most significant CFR reduction post
vaccination + one day

vaccination rate at SVIP

vaccination rate at the SVIP, measured as the vaccination rate on the
day of the CFR peak that is followed by the most significant CFR
reduction post vaccination + one day

Table 3: Distribution of countries based on GDP per capita

GDP per Capita Country Distribution

> 50,000

Ireland, Luxembourg, Switzerland, United States

35,000-50,000

Austria, Belgium, Canada, Denmark, Finland, France, Iceland, Italy, Netherlands,
Sweden, United Kingdom.

< 35,000

Bulgaria, Cyprus, Czechia, Estonia, Latvia, Portugal, Romania, Serbia, Slovakia,
Slovenia, Spain.

Reaching Pandemic Milestones with Country Primary and Secondary Vaccination Inflection Points: An Assessment of Foundational and
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2.2 Methodologies

Data utilized in this research was pre-processed
by assigning the original time series dataset to
training and testing datasets temporally. For each
country, the training set included data from the
beginning of the pandemic (March 1, 2020) until
a few weeks post vaccination start. The testing set
included the remaining data post vaccination
until the end of the dataset (December 30, 2022).

Data cleaning was conducted by resolving the
problem of missing and duplicate values,
resolving data inconsistencies, removing outliers,
and smoothing variables used for forecasting
(vaccination_rate and case_fatality_rate),
including all exogeneous variables (stringency
index, aged_65_older, life_expectancy, and
positive_rate). Smoothing was conducted by
using a window of seven days to remove all noisy
data. The current day value was calculated using
the mean of the previous seven days for each
variable. In this type of dataset, it is common that
some data is missing, both at random and not at
random. For this research, it was important that
the data on the total number of cases and deaths
was complete since it was used to derive the case
fatality rates. This missing data was resolved by
taking the mean values of the total number of
cases and deaths from the previous day and the
next day. Other missing data was managed in a
similar manner. Data quality assessments
(completeness, reliability, consistency, validity,
and no redundancy) were also completed.
Exploratory Data Analysis was conducted by
exploring graphs and visuals in order to observe
trends over time of the vaccination and case
fatality rates for each country.

Three foundational forecasting methodologies
were applied: Autoregressive Integrated Moving
Average (ARIMA), Prophet, and Long-Short
Term Memory (LSTM) models. These models
were then enhanced and combined to develop
novel double and triple hybrids, SARIMA-
Bidirectional LSTM and SARIMA-Prophet-
Bidirectional LSTM models. They were used to
forecast the primary and secondary vaccination
inflection points (PVIP and SVIP) relative to the
case fatality rates, for each of the 26 countries. All

machine learning and deep learning analyses
were done using Python version 3.10.1 and the
scikit-learn library version 1.2.0 [39]. In addition,
the novel Vaccination Inflection Point Score was
developed, and countries were classified
according to the score.

221 Correlation Analysis

The correlation analysis was performed using
Ordinary Least Squares Multifactor Regression
Methodology to identify the top four variables
that correlate the most with vaccination and case
fatality rates for implementation into forecasting
methodologies. These analyses were performed
as an aggregate analysis of 14 variables that were
assessed for correlation with vaccination and case
fatality rates. All variables were used for the
correlation assessment with the vaccination rate.
Two variables, total cases and total deaths were
not used in the assessment of the case fatality
correlation since the CFR is a ratio of these two
variables. In order to derive the list of the top
four variables most correlated with both
vaccination and case fatality rates together, the
ranking order was assessed across both target
variables (vaccination and case fatality rates).

2.2.2 Foundational Forecasting Methodologies

Baseline forecasting methodologies were selected
based on literature search, model strengths and
limitations.

A. Autoregressive Integrated Moving Average
(Arima)

ARIMA (Autoregressive Integrated Moving
Average) model is selected for its characteristics
of being well-suited for forecasting time series
data that exhibits trends and seasonality. It is
deemed to be effective in forecasting a variety of
real-world phenomena, which has good
applicability for COVID-19, showing greater
flexibility, = accuracy, interpretability, and
robustness. The parameters of the ARIMA model
are defined as follows: p is the lag order, which
represents the number of lag observations
incorporated in the model, d is the degree of
differencing, which denotes the number of times
raw observations undergo differencing, and q is
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the order of the moving average, which indicates
the size of the moving average window [41].

B. Prophet

The Facebook Prophet algorithm is an
open-source software developed by Facebook’s
core Data Science Team. If the time series data
has strong seasonal effects, this model works the
best. It is a regression model for forecasting,
specifically designed to forecast time series data
that exhibits trends, seasonality, and coverage for
holidays. It is also fast and scalable, and similar
to ARIMA, this model is interpretable, robust,
flexible, and accurate [42].

C. Long Short-Term Memory (LSTM)

LSTM Model is a neural network model that can
learn long-term dependencies in time series data,
handle nonstationary and noisy data, as well as
leverage additional features. It is also accurate,
flexible, and scalable [43, 83].

1) Double Hybrid Forecasting Model: Sarima-
Bidirectional LSTM

Review of published literature showcases the use
of different forecast models and enhancements in
COVID-19 research, demonstrating Dbetter
accuracy and performance in forecasting by
hybrid models. For example, ARIMA-LSTM
hybrid model was used to predict future
COVID-19 transmissions in China where
ARIMA-LSTM model was paralleled by weight of
regression coefficient performing better than
ARIMA alone [45]; the same group also looked at
COVID-19 prediction using data from Germany
and Japan and utilized three enhanced hybrid
models: PSO-LSTM-ARIMA, MLR-LSTM-
ARIMA, and BPNN-LSTM-ARIMA. The research
showed that BPNN-LSTM-ARIMA had the best
prediction accuracy [46]. Priya and colleagues
compared time series forecasting models utilizing
ARIMA, Facebook Prophet, Holt-Winters Model,
and Hybrid ARIMA-ANN (to take advantage of
the unique characteristics of ARIMA and ANN
models in linear and nonlinear modeling). The
Hybrid model showed better accuracy and root
mean square error [47]; Morais looked at
forecasting daily Covid-19 cases with a hybrid

ARIMA and neural network model to capture the
linear and non-linear structures of daily Covid-19
cases (MLP-ARIMA) [48]; and Nawi researched a
hybrid ARIMA-SVM model [49]. Borges looked
at COVID-19 ICU demand forecasting utilizing
Prophet-LSTM approach vs a stand-alone
approach in  Brazil, confirming better
performance of the hybrid model [50], and Long
researched an efficient forecasting tool for
Monkeypox outbreak in the US using ARIMA,
Prophet, Neural Prophet, stacking model, and
LSTM models. NeuralProphet achieved the
optimal performance [51]. In addition, Guha, in
his paper, presented two recurrent neural
network-based approaches to predict the daily
confirmed COVID-19 cases, daily total positive
tests and total individuals vaccinated using LSTM
and gated recurrent unit (GRU) [25]; Shastri
looked at time series forecasting of Covid-19
using deep learning models: the recurrent neural
network based variants of long-short term
memory (LSTM) such as Stacked LSTM,
Bi-directional LSTM and Convolutional [52];
Devaray utilized ARIMA, LSTM, Stacked LSTM
(SLSTM) and Prophet approaches [53]; Zhenyu
Li researched convolutional neural network
combined with the stacked long-short-term-
memory network model (CNN-Stack BiLSTM)
[54]. The Stacked LSTM (SLSTM) model was also
researched by Maaliw [55] and Ali, who also use
the bidirectional enhancement to create a stacked
Bi-directional long short-term memory (Stacked
Bi-LSTM) network that forecasts COVID-19 more
accurately [56]. Sah compared different
COVID-19 forecasting models, Prophet, ARIMA,
LSTM, and stacked LSTM-GRU models
demonstrating better prediction results with the
hybrid stacked LSTM-GRU model [57]. Other
researchers looked at the Ensemble Empirical
Mode Decomposition and Deep Learning creating
an EEMD-LSTM hybrid model [58] and EEMD
method with the Autoregressive Integrated
Moving Average Exogenous inputs (ARIMAX)
method, which they called EEMD-ARIMAX [59].

Hybrid models for this research were selected
based on the literature search, strengths, and
limitations of the individual components for
forecasting performance, available enhancements
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to address limitations, and for their specific
complementary characteristics that land them
well for hybrid application. SARIMA-
Bidirectional LSTM hybrid model combines the
strengths of two powerful forecasting techniques,
ARIMA enhanced with a seasonality component
(the S) in SARIMA and enhancing the LSTM
model to analyze data in both directions
(Bidirectional component). This hybrid combines
a linear and non-linear model, benefits from
forecasting time series data that exhibits trends
and seasonality and at the same time, an ability
to learn long-term dependencies in time series
data, as well as capture both forward and
backward dependencies. SARIMA-Bidirectional
LSTM complements the strength of each model
and is expected to achieve better forecasting
accuracy than either model individually [44].

2) Triple Hybrid Forecasting Model: Sarima-
Prophet-Bidirectional LSTM

The triple hybrid SARIMA-Prophet-Bidirectional
LSTM forecasting model enhances the previously
mentioned hybrid model with a Facebook
Prophet forecasting model that is specifically
designed to forecast time series data that exhibits
trends, seasonality, and holidays. The new triple
hybrid combines the strengths of all three
forecasting techniques with an ability to capture
short-, medium-, and long-term dependencies,
handle non-stationary and noisy data, and
leverage additional features. Due to the
complementary nature of the hybrid model
components and a better fit for the data being
researched, it would be expected that the new
models would achieve better forecasting accuracy
than either model individually.

3) Accuracy and Performance Assessment

Accuracy and performance assessment was
conducted across all the models (foundational
and hybrid models) evaluating vaccination and
case fatality rates: Mean Absolute Error (MAE),
Mean Squared Error (MSE), Root Mean Squared
Error (RMSE) and Entropy, relative to the actual
data. In addition, the accuracy of the forecasting
results of each model was compared with actual
historical data from the Our World in Data

dataset, specifically, to the actual time needed to
reach the vaccination inflection points for each
country.

4) Anomaly and Volatility Analyses

Anomaly and Volatility analysis and assessments
were conducted across all-time series analysis
and forecasting models utilizing Isolation Forest
and Generalized Autoregressive Conditional
Heteroskedasticity (GARCH) models, both
well-studied in this field. These methodologies
were selected based on the review of published
literature that showcase their good performance
as well as being valuable algorithms for anomaly
and volatility detection in the context of
COVID-19 vaccination forecasting [60]. The
results obtained upon performing anomaly and
volatility detection were used to select the best
performing model for forecasting the time to
COVID-19 vaccination inflection point for each
country.

A. Isolation Forest

The last part of the research was focused on the
assessment of anomaly and volatility detection
analysis across the time series analysis models.
These analyses were conducted to identify
unusual or unexpected patterns in data, to
prevent overfitting, improve the accuracy,
performance, and reliability of machine learning
models and complex systems. It is often used in
Systems Engineering to detect unusual activity in
system logs, performance bottlenecks in systems,
and anomalous patterns in system data and to
improve overall reliability, efficiency, and
security of complex systems. The first algorithm
used in this research is Isolation Forest.

Isolation Forest can detect anomalies in an
unsupervised manner. This model is used to
compare the accuracy of different forecasting
models and considered to be efficient, scalable,
and robust to outliers. It works by randomly
selecting features and splitting values to create
partitions of the data. This process is repeated
until isolation of the anomalies. It is particularly
well-suited for high-dimensional data, which is
the case with COVID-19 vaccination data, which
includes features such as vaccination rate, case
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fatality  rate, population density, and
socio-economic factors. It is also relatively
insensitive to outliers, which can be a problem for
other anomaly detection algorithms. Isolation
Forest can be used to detect anomalies in the
vaccination and case fatality rates. This can be
useful for identifying periods where the
vaccination and CFR rate are significantly higher
or lower than expected, adjusting, or improving
the forecasts for the vaccination inflection point
[61].

Isolation Forest measured three parameters:
Precision, Recall, and Fi-score. Precision
measures the proportion of detected anomalies
that are actually true anomalies, where high
precision (closer to 1) is very accurate in its
anomaly detections, with few false positives. A
good threshold for Isolation Forest is 0.7 or
higher. Recall measures the proportion of true
anomalies that are correctly identified by the
model, high recall (closer to 1) means the model
is sensitive and can capture most anomalies. A
good threshold for Isolation Forest is 0.7 or
higher. Fi-score combines precision and recall
into a single metric, balancing their trade-off. A
high Fi-score (closer to 1) indicates a good
balance between precision and recall, suggesting
a reliable anomaly detector. Isolation Forest
results at 0.7 or higher for all parameters are
considered to be good results [61].

B. Generalized Autoregressive  Conditional

Heteroskedasticity (Garch)

The second algorithm used to compare the
accuracy of different forecasting models is the
Generalized Autoregressive Conditional Heteros-
kedasticity (GARCH) model. The GARCH model
is a powerful tool employed to capture and model
volatility patterns in the residuals. This model
considers the conditional variance and accounts
for the time-varying volatility and is especially
well suited for time-series analysis, which is the
case with COVID-19 vaccination and case fatality
rate data.

The GARCH model was used to forecast the
volatility of the COVID-19 vaccination and CFR
rate. This helped to identify periods where the
vaccination and CFR rates are likely to increase

or decrease more rapidly than expected. If the
model detects anomalies, this could indicate that
the vaccination and CFR rates are not following
the expected patterns [62].

Isolation Forest and GARCH models are both
well-suited for anomaly and volatility detection,
respectively, in the context of COVID-19
vaccination inflection point forecasting. They are
both efficient, important for anomaly and
volatility detection in large datasets, and robust
to outliers. This can be a problem in COVID-19
vaccination data due to factors such as data entry
errors and reporting delays. These models are
also flexible, due to ease of adaptation to a variety
of different anomaly detection tasks. The GARCH
model also has several limitations, such as
sensitivity to the choice of parameters, less robust
performance for very short time series datasets,
and the inability to capture all types of anomalies.

The GARCH model measures three parameters:
Volatility Persistence, Relative Importance of
ARCH Term, and Relative Importance of GARCH
Term. Volatility Persistence represents the degree
to which shocks to volatility persist over time,
with an acceptable range between 0.7 and
1. Values below 1 are considered
acceptable, ensuring stationarity of the volatility
process. However, values closer to or exceeding 1,
indicate stronger persistence, meaning shocks
have longer-lasting impacts on volatility and
might suggest issues like integrated volatility or
model misspecification. The range that is typical
and acceptable for Relative Importance of ARCH
Term is 0 to 0.4. Relative Importance of GARCH
Term captures the persistence of volatility shocks
over time with an acceptable range of 0.3 to 0.9
[62].

1. Vaccination Inflection Point Score

Vaccination Inflection Point score was developed
to categorize countries based on their actual time
to achieving secondary vaccination inflection
point, representing the time of the most
significant CFR reduction post vaccination, and
therefore, identifying the critical threshold
signaling the turnaround in the pandemic.
Countries were categorized into three groups
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corresponding to scores 1, 2, and 3, with a score
of 1 indicating that the country needed the
shortest amount of time to reach their secondary
vaccination inflection point. This tool can help
with the interpretation of changes in the
pandemic dynamic, serve as a learning tool for
the importance of the contribution of vaccination
to achieving faster herd immunity, and improving
the overall pandemic risk of countries.

ll.  RESULTS
3.1 Correlation Analysis Results

The correlation analysis was performed using
Ordinary Least Squares Multifactor Regression
Methodology. These analyses were performed as
aggregate analysis with 14 variables. The
correlation was assessed first with the
vaccination rate as the target variable, followed

by the case fatality rate. The top four variables
most correlated with vaccination rate were:
stringency_index, life_expectancy, positive_
rate, and total _deaths. The top four variables for
the case fatality rate were: stringency_index,
aged_65_older, life_expectancy, and positive_
rate. The top four variables that are the most
correlated with both vaccination and case fatality
rates together were derived by using the ranking
order of variables across both vaccination and
case fatality rates. The final ranking order of the
four variables was: stringency_index, aged_
65_older, life_expectancy, and positive_ rate,
representing the exogeneous variables that were
used in the primary and secondary vaccination
inflection point forecasting analyses. The
stringency index and positive rate were variables
representing the PSI index and aged 65 and older
and life expectancy represented the PHI index.

ordinary Least Squares Multifactor Regression Feature ImportanceVaccination Rate Correlation (Aggregate Analysis)

stringency_index
life_expectancy
positive_rate
total_deaths
male_smokers
female_smokars
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median_age
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reproduction_rate
icu_patients
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hosp_patients
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Figure 1. Correlation Analysis for Vaccination Rate (Aggregate Analysis)
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Ordinary Least Squares Multifactor Regression Feature Importance-Case Fatality Rate Correlation (Aggregate Analysis)
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Figure 2: Correlation Analysis for Case Fatality Rate (Aggregate Analysis)

3.2 Forecasting Analysis Results

The summary of the conducted analyses is
presented in Table 4, first as an aggregate and
then per GDP per capita category (>$50,000,
$35,000-$50,000, and <$35,000). Overall, all
countries started their vaccination campaigns
within the 43 days, starting with Latvia on
December 4, 2020, and ending with the UK
starting on January 10, 2021. Countries with the
higher GDP initiated their vaccination efforts
faster than the other countries (15 days vs 26 and
35 days), however, countries with the mid-range
GDPs reached the PVIP and SVIP faster than the
other two groups, with high and low GDP per
capita. PVIP was reached in 37.5 days vs 76 and
131.7 days, and SVIP in 299.2 days vs 336.5 and
380.4 days.

Similar results were observed when median
numbers were used, with the mid-range GDP
countries again performing better, with the
shortest time needed to reach both PVIP (34 days
vs 80.5 and 82 days) and SVIP (316 days vs 343.5
and 365 days), and with the highest achieved
vaccination rate (74.7% vs 70.6% and 63.3%), for
GDP mid-range, high-range, and low-range
respectively. Overall, all countries reached an
average vaccination rate of 67.8% (mean) and
71.25% (median) at the time they observed the
significant CFR drop post-vaccination (SVIP).

The highest vaccination rate was achieved in
Portugal (89%) and the lowest in Bulgaria (28%).

Analysis of vaccinations by age group in Our
World in Data (except for three countries)
showed similar distribution by age [20]. The
elderly population (60-70, 70-80, and 80+ years
of age) achieved the highest vaccination rates in
all, but three countries (Latvia, Romania, and
Bulgaria), followed by the middle age group
(18-24, 25-59). The smallest vaccination rates
were observed in the youngest age group (0-17).

The data for the US and UK were not available in
the Our World in Data dataset, however, data
from official government sites demonstrated the
same patterns observed with the rest of the
countries [81, 82], supplement Tables S10, S11,
and S12. There were no official records available
for Serbia at the time of this research. This
confirms earlier statements that most countries
prioritize elderly and frail populations in their
vaccination campaigns. Looking at the countries
based on their GDP per capita grouping, the
mid-range group on average achieved higher
vaccination rates of the elderly population than
the countries with higher and lower GDP per
capita. These findings support the better
performance of the countries in the mid-range
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GDP group, demonstrating the importance of
prioritizing the needs of the elderly population
(age 65 and older and life expectancy) in a
pandemic setting. It should be assumed that
other factors, such as acceptance and robustness
of the vaccination campaign and vaccination
mandates imposed by governments played a
significant role as well [71].

Table 5 presents the ranking order of the
countries based on the time to reach SVIP. The
UK observed the SVIP in the shortest amount of
time, at 161 days (CFR 3.3%, vaccination rate

63.8%), while Romania reached the same point in
560 days (CFR 2.2%, vaccination rate 41.6%).

Supplemental Tables (Table S1, S2A-B, S3A-B)
present all results of all forecasting models, the
three foundational (ARIMA, PROPHET, LSTM)
and the two hybrid forecasting models (double
hybrid: SARIMA-Bidirectional LSTM, and triple
hybrid: SARIMA-Prophet-Bidirectional LSTM).
The baseline data for each country, as well as the
actual historical data from the COVID-19
pandemic are also documented in these
supplemental tables.

Table 4. Summary of Results Across 26 Countries

London Journal of Engineering Research

Aggregate data for 26 countries

Countries with GDP per capita
>$50,000

Countries with GDP per capita
$35,000-$50,000

Countries with GDP per capita
< $35,000

4 countries (15.4%])

11 countries (42.3%)

11 countries {42.3%)

vaccination start

43 days (Dec 8,2020 - Jan 10,2021

15 days {Dec 13 - Dec 28, 2020}

26 days (Dec 8,2020 - Jan 3, 2021}

35 days (Dec 4, 2020 - Jan 8, 2021}

mean (range}

time to reach PVIP*

83.27 days (15-367 }

76 days (49-94)

37.5 days (15-75})

131.7 days (16-367)

vaccination rate at PVIP 13.1% (0.1-50} 9.7% (0.9-24.8) 5% (0.4-33.1) 18.6% (1.5-50.1}
time to reach SVIP** 339.31 days (161-560) 336.5 days (296-363) 299.2 days {161-371}) 380.4 days (319-560}
vaccination rate at SVIP 67.8% (28-89) 71% (66.4-76.5) 74.2% (63.8-81.8} 60.3% (28-89.1)

median (range}

time to reach PVIP

57.5 days (L5-367 )

80.5 days (49-94}

34 days (15-75})

82 days (16-367}

vaccination rate at PVIP

6.05% (0.1-50)

6.6% (0.9-24.8)

2.4% (0.4-33.1)

9.5% (1.5-50.1)

time to reach SVIP

355.5 days (161-560}

343.5 days (296-363}

316 days (161-371)

365 days (319-560)

vaccination rate at SVIP

71.25% (28-89)

70.6% (66.4-76.5)

74.7% (63.8-81.8}

63.3% (28-89.1)

Volume 24 | Issue 3 | Compilation 1.0

*PVIP: Primary vaccination inflection point
**SVIP: Secondary vaccination inflection point

Table 5: Ranking of the Countries based on the Time to Reach SVIP

oy Time (days) to Vaccination Date SVIP Vaccination
reach SVIP start date reached rate at SVIP
1 United Kingdom 161 days Jan 10 2021 Jun 20 2021 63.88%
2 Iceland 201 days Dec 30 2020 Jul 19 2021 71.64%
3 Denmark 274 days Dec 8 2020 Sep 8 2021 73.99%
4 Belgium 292 days Dec 28 2020 Oct 16 2021 74.77%
5 Netherlands 293 days Jan 8 2021 Oct 28 2021 69.99%
6 Ireland 296 days Dec 28 2020 Oct 20 2021 76.58%
7 Italy 316 days Dec 27 2020 Nov 8 2021 79.32%
8 Portugal 319 days Jan 12021 Nov 16 2021 89.10%
9 France 323 days Dec 27 2020 Nov 15 2021 76.88%
10 Switzerland 329 days Dec 21 2020 Nov 15 2021 66.42%
11 Finland 333 days Jan 3 2021 Dec 2 2021 77.16%
12 Spain 337 days Jan 4 2021 Dec 7 2021 80.84%
13 Cyprus 353 days Jan 6 2021 Dec 25 2021 71.53%
14 Sweden 358 days Jan 3 2021 Dec 27 2021 72.39%
15 Luxembourg 358 days Dec 28 2020 Dec 21 2021 70.99%
16 Serbia 361 days Jan 8 2021 Jan 4 2022 48.20%
17 Estonia 362 days Dec 27 2020 Dec 24 2021 63.20%
18 United States 363 days Dec 13 2020 Dec 11 2021 70.30%
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19 Bulgaria 365 days Dec 29 2020 Dec 29 2021 28.08%
20 Canada 370 days Dec 14 2020 Dec 19 2021 81.80%
21 Austria 371 days Dec 27 2020 Jan 2 2022 75.10%
22 Czechia 372 days Dec 27 2020 Jan 3 2022 65.12%
23 Slovenia 374 days Dec 27 2020 Jan 52022 59.07%
24 Slovakia 386 days Jan 3 2021 Jan 24 2022 45.73%
25 Latvia 395 days Dec 4 2020 Jan 3 2022 71.06%
26 Romania 560 days Dec 27 2020 Jul 10 2022 41.64%

In the dataset used for this research, 65% of
countries started their vaccination efforts in
December 2020, and 35% started in January
2021. The primary vaccination inflection point
representing the first observed reduction in the
CFR post vaccination was reached at 83.27 days
(mean, range 15-367 days), with 42% of countries
seeing the initial impact in less than 50 days,
38.4% in 50-100 days, and 19.2% above 100 days
(Figure 3). This reduction was achieved with the
initial vaccination rate of 31.1% (mean, range
0.1% to 50%), with 27% of countries reaching the
vaccination rate of >25%, 15.3% reaching the rate
between 11-25%, and 57.7% reaching the rate of
<10% (Figure 4). Finland observed the fastest
PVIP in only 15 days (CFR 1.6%, vaccination rate
of 1.1%), while Romania had the longest wait to
first reduction at 367 days (CFR 3.2%,
vaccination rate 27.8%).

inflection point
most significant

The secondary vaccination
(SVIP), representing the

reduction in CFR post vaccination, signaling the
start of the continuous CFR reduction and
turnaround in the pandemic, was reached at
339.31 days (mean, range 161-560 days), with
23.1% of countries observing this impact in less
than 300 days, 53.8% from 300-370 days, and
23.1% in more than 370 days (Figure 5). This
reduction was achieved with the cumulative
vaccination rate of 67.8% (mean, range 8%-89%),
with 50% of countries reaching the vaccination
rate between 50-75% (Figure 6). Most of the
countries reached a significant drop in the CFR in
2021 (73%), out of which 61.5% reached it in the
4" quarter of 2021, 11.5% in the 3'¢ quarter of
2021, and 27% in early 2022. The highest
vaccination rate at this inflection point was
achieved in Portugal (89%) on November 16,
2021.
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Overall, at the time of the SVIP, all countries with
the exception of three, showed a reduction in the
CFRs relative to the CFRs at the beginning of the
vaccination. The highest CFR at the time of the
SVIP was in Bulgaria (4.1%), followed by the UK
(3.32%), and Italy (2.75%). Belgium and Romania
had the CFRs that were > 2.0%, and the
remaining countries had the CFRs <2.0%. The
lowest CFRs were documented in Cyprus (0.42%)
and Iceland (0.45%). Bulgaria, Latvia and
Slovakia had the CFRs at the SVIP that were
higher than the CFR at the vaccination start date,
however, all three countries showed a reduction
in the CFRs from the PVIP to the SVIP, indicating
a positive impact of the vaccination.

3.3 Accuracy and Performance Assessment

Accuracy and performance assessment was
conducted across all the models (foundational
and hybrid models) evaluating vaccination and
case fatality rates: Mean Absolute Error (MAE),
Mean Squared Error (MSE), Root Mean Squared
Error (RMSE) and Entropy, relative to the actual
data. Tables 6-7 showcase the mean and median
results for all calculated metrics indicating the

superior performance of the triple hybrid model
SARIMA-Prophet- Bidirectional LSTM.

3.4 Anomaly and Volatility Analysis Results

Anomaly and Volatility analysis and assessments
were conducted across all time-series-analysis
and forecasting models utilizing Isolation Forest
and Generalized Autoregressive Conditional
Heteroskedasticity (GARCH) models. In the
Isolation Forest model, precision, recall, and
Fi-score values above 0.7 indicate good
performance. As presented in Tables 8 and o,
both mean and median values were above 0.7,
indicating that all forecasting methodologies are
performing well and accurately, validating
performance of all forecasting models. In the
GARCH model, Volatility Performance between
0.7-1, Relative Importance ARCH Term between
0-0.4, and Relative Importance of GARCH Term
between 0.3 - 0.9, indicate good performance.

Tables 10 and 11 presented that both mean and
median values are within typical and acceptable
ranges for all three indicators, suggesting that all
forecasting methodologies are performing well
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and accurately, validating performance of all
forecasting models.

Metric

Country

Table 6: Vaccination Rate Forecasting Metrics

Prophet

SARIMA-Bidire
ctional LSTM
Double Hybrid

SARIMA-Prophet
-Bidirectional

LSTM Triple
Hybrid

Mean Mean: 0.273440346 0.269496 0.246185113 0.197624417 0.04688918
Absolute .
Error (MAE) Median: 0.2801870395 0.264832 0.190341017 0.091510384 0.008675794
Mean Mean: 0.147081 0.185847 0.184565242 0.12681021 0.022887863
S d E
qu?;Z,SE)rror Median: 0.104444003 0.161433 0.076258508 0.0723305005 0.0000841
Root Mean Mean: 0.333789454 0.321616 0.298212928 0.210208282 0.053976834
S d E
qlE;iSE;ror Median: 0.327567389 0.322921 0.31088121 0.187344609 0.009161993
Mean: 0.197672158 0.172476 0.093079818 0.111602614 0.10330825
Entropy -
Median: 0.157320015 0.181081 0.02683001 0.0245333975 0.02033074

Table 7: Case Fatality Rate Forecasting Metrics

SARIMA-Bidi
rectional

SARIMA-Prophet-B

Metric Country Prophet idirectional LSTM

LSTM Double

London Journal of Engineering Research

Hybrid

Triple Hybrid

Mean Absolute Mean: 0.423921554 0.240282 0.243192654 0.240685426 0.059632661461538
Error (MAE) Median: 0.271977023 0.211509 0.206126957 0.163648243 0.033323647
Mean Squared Mean: 0.430524623 0.225626 0.165527034 0.147206818 0.008526044
Error (MSE) Median: 0.106648124 0.213829 0.0766076 0.062206746 0.001274246
Root Mean Mean: 0.500104124 0.275272 0.271744391 0.303519309 0.063672814
S d E
qlzzgf/[SE;ror Median: 0.326569872 0.273384 0.2643577545 0.258133644 0.037807365
Entro Mean: 0.199711931 0.19532 0.083534021 0.042455902 0.034290933
Py Median: 0.217112239 0.193974 0.0327498355 0.009875701 0.0095256035

Table 8: Isolation Forest: Anomaly Detection for Vaccination Rate

Isolation Forest-Anomaly Detection Results (Vaccination Rate Forecasting)

Country Precision Recall F1 Score
United States 0.957 0.739 0.8007
Austria 0.9117 0.8159 0.9772
Serbia 0.7469 0.9786 0.8216
Canada 0.9969 0.8121 0.7191
Belgium 0.7331 0.9941 0.8332
Bulgaria 0.7079 0.8811 0.7067
Czechia 0.9397 0.8437 0.7551
Denmark 0.9514 0.8081 0.7378
Estonia 0.7033 0.9454 0.9022
Finland 0.8061 0.8942 0.7076
France 0.7569 0.9209 0.7978
Iceland 0.7113 0.7931 0.7926
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Ireland 0.8135 0.8411 0.7034
Ttaly 0.7614 0.8705 0.8592
Latvia 0.7289 0.8352 0.786
Luxembourg 0.7961 0.7753 0.8538
Netherlands 0.7212 0.7771 0.9907
Portugal 0.8517 0.9156 0.8336
Romania 0.9704 0.7877 0.7137
Slovakia 0.7616 0.904 0.9632
Slovenia 0.8737 0.7902 0.7825
Spain 0.8443 0.868 0.9747
Sweden 0.8305 0.7749 0.973
Switzerland 0.9417 0.7178 0.7002
United Kingdom 0.915 0.8303 0.8497
Cyprus 0.8723 0.9244 0.7774
Mean: 0.8309 0.8476 0.8197
Median: 0.822 0.8382 0.7993

Table 9: Isolation Forest: Anomaly Detection for Case Fatality Rate

Isolation Forest-Anomaly Detection Results (Case Fatality Rate Forecasting)

Country Precision Recall F1 Score
United States 0.8875 0.7503 0.857
Austria 0.926 0.7301 0.8791
Serbia 0.9929 0.8165 0.8089
Canada 0.797 0.9341 0.7126
Belgium 0.9709 0.7439 0.8172
Bulgaria 0.7817 0.9051 0.9914
Czechia 0.9896 0.9788 0.7884
Denmark 0.8408 0.9157 0.7323
Estonia 0.8036 0.8121 0.8191
Finland 0.9038 0.8677 0.8376
France 0.8538 0.9745 0.7094
Iceland 0.9427 0.9422 0.9627
Ireland 0.8745 0.7822 0.769
Italy 0.9391 0.907 0.9095
Latvia 0.9576 0.9067 0.7518
Luxembourg 0.8179 0.7254 0.996
Netherlands 0.747 0.8287 0.8018
Portugal 0.7876 0.918 0.8372
Romania 0.8899 0.752 0.7196
Slovakia 0.9771 0.9905 0.9455
Slovenia 0.921 0.9264 0.7131
Spain 0.7366 0.9903 0.7089
Sweden 0.7791 0.9988 0.8754
Switzerland 0.8953 0.7339 0.7227
United Kingdom 0.7583 0.7996 0.8798
Cyprus 0.9981 0.7523 0.7227
Mean: 0.8757 0.8609 0.818
Median: 0.8887 0.8864 0.8131
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Table 10: GARCH: Volatility Detection for Vaccination Rate

GARCH-Volatility Detection Results (Vaccination Rate Forecasting)

Volatility Relative Importance of ARCH Relative Importance of
Persistence Term GARCH Term
United States 0.8282 0.2504 0.852
Austria 0.7063 0.1871 0.6404
Serbia 0.8652 0.3208 0.8104
Canada 0.8244 0.026 0.8845
Belgium 0.714 0.0902 0.4021
Bulgaria 0.7451 0.1982 0.3019
Czechia 0.8241 0.1447 0.5649
Denmark 0.7312 0.0737 0.3504
Estonia 0.8505 0.069 0.6422
Finland 0.7691 0.2895 0.4325
France 0.7524 0.1025 0.4491
Iceland 0.8171 0.063 0.63
Ireland 0.7553 0.0197 0.8928
Ttaly 0.7087 0.2201 0.3192
Latvia 0.7707 0.1126 0.7709
Luxembourg 0.7432 0.1899 0.4111
Netherlands 0.7774 0.0394 0.5235
Portugal 0.75 0.0377 0.7828
Romania 0.8011 0.0934 0.3291
Slovakia 0.7535 0.0961 0.6822
Slovenia 0.7218 0.2805 0.3256
Spain 0.7524 0.3012 0.4183
Sweden 0.7409 0.1956 0.8429
Switzerland 0.7716 0.1138 0.4444
United
Kingdom 0.8017 0.0097 0.7839
Cyprus 0.7527 0.3958 0.6299
Mean: 0.7703 0.1511 0.5814
Median: 0.7544 0.1132 0.5974

Table 11: GARCH: Volatility Detection for Case Fatality Rate

GARCH-Volatility Detection Results (Case Fatality Rate Forecasting)

Country Volatility Relative Importance of ARCH Relative Importance of
Persistence Term GARCH Term
United States 0.7459 0.055 0.5546
Austria 0.7973 0.295 0.6177
Serbia 0.7003 0.1989 0.4148
Canada 0.7955 0.0907 0.5704
Belgium 0.837 0.1485 0.5992
Bulgaria 0.7926 0.1119 0.4248
Czechia 0.8525 0.2854 0.815
Denmark 0.8412 0.0142 0.5472
Estonia 0.7639 0.2216 0.5843
Finland 0.7499 0.1335 0.3002
France 0.8511 0.2473 0.8511
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Iceland 0.7068 0.2207 0.3123
Ireland 0.7093 0.3246 0.6198
Italy 0.8087 0.0608 0.8999
Latvia 0.7109 0.0828 0.3823
Luxembourg 0.8555 0.3423 0.6214
Netherlands 0.8424 0.1738 0.3842
Portugal 0.809 0.216 0.7016
Romania 0.7274 0.1294 0.3674
Slovakia 0.8668 0.1789 0.4596
Slovenia 0.846 0.3062 0.7968
Spain 0.8044 0.3552 0.3832
Sweden 0.7273 0.3213 0.602
Switzerland 0.7126 0.3562 0.6668
United Kingdom 0.8057 0.3061 0.5669
Cyprus 0.7119 0.356 0.3568
Mean: 0.7835 0.2128 0.5539
Median: 0.7964 0.2184 0.5687

3.5 Vaccination Inflection Point Score Results

Vaccination Inflection Point score was developed
to categorize countries based on their actual time
to achieving secondary vaccination inflection
point, representing the time of the most
significant CFR reduction post vaccination.
Countries were categorized into three groups
with scores 1, 2, and 3, with a score of 1 indicating
the country needing the shortest amount of time
to reach their secondary vaccination inflection
point.

Table 12 and Figure 7 present the distribution of
countries per VIP score. This data indicates that
the majority of countries (53.8%) reached the
SVIP between 300-370 days (score 2). While
there is a broad range in the achieved vaccination
rates across different countries, the median
values show numerically higher vaccination rates
in the countries with the shortest time to SVIP,
score 1 (72.75%), over score 2 (71.75%), and score
3 countries (62%).

Table 12: Distribution of Countries per SVIP Score

Distribution of Countries @ Of. Vaccination
Countries Rate Range
) < 300 Denmark, Belgium, Iceland, Ireland, 23.10% 63.8-76%.
Netherlands, UK (6) median 72.75%
US, Serbia, Canada, Bulgaria, Estonia,
Finland, France, Italy, Luxemburg, 28-89%.
2 3007370 Portugal, Spain, Swe}(;en, Switzerlind, 53.80% median(')71.75%
Cyprus (14)
3 5370 Austria, Czechia, Latvia, Romania, 23.10% 41.6-75.1%.
Slovakia, Slovenia (6) median 62%
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Percentage of Countries Per Days to reach SVIP

@ Less than 300
days

@ Between 300 and
370 days

@ Longer than 370
days

Figure 7: Percentage of Countries per days to reach SVIP

V. DISCUSSION

The significant negative impact of the COVID-19
pandemic highlighted the need for better
preparedness of countries and more sophisticated
tools to guide the efforts of public health officials
and governments. A wealth of data collected
during the COVID-19 pandemic and advanced Al
methodologies are allowing researchers to
expand our collective knowledge and guide these
efforts. This paper builds on the research that
highlighted the importance of the non-pandemic
predictors in the assessment of pandemic risk
[35]. It expands into pandemic predictors and
utilizes COVID-19 actual data to refine
forecasting tools for future outbreaks. This
research was conducted to identify the
vaccination inflection points and the time needed
to reach the critical cumulative vaccination rate
thresholds to observe continuous decrease of the
case fatality rates. It was conducted both at the
aggregate and country levels, signaling the
turnaround point in the pandemic.

The analysis of the actual COVID-19 historical
data shows that all of the countries, in aggregate,
had the highest fatality rates during the first year
of the pandemic. Implementation of the
pandemic measures, such as masks, social
distancing, school and workplace lockdowns, and
testing, had a significant impact on the initial
lowering of the case fatality rates. With the
introduction of first vaccines in December of
2020, the case fatality rates decreased even
further, often reflected as steep downward slopes

in graphs. Several types of vaccines were
available at the time of the initial vaccination:
genetically engineered messenger RNA, viral
vector vaccines, and protein subunit vaccine [63].
The initial vaccinations were delivered as single
dose or 2-dose vaccines, followed by single dose
booster vaccines to improve already established
immunity. The first booster dose was approved
for use in the third quarter of 2021, followed by
two in 2022, and one in 2023, for a total of four
booster doses, in developed countries [16]. As of
today, there are approximately 40 different
vaccines that were approved by regulatory
agencies for full emergency use authorization
across different countries [36].

In the dataset used for this research, 65% of
countries started their vaccination efforts in
December 2020, and 35% started in January
2021. On average, looking at the mean values, the
time to reach the primary vaccination inflection
point, the first reduction in the case fatality rate
post vaccination, was on day 83.27 at the
vaccination rate of 31%. The secondary
vaccination inflection point, representing the
most significant and continuous CFR drop post
vaccination, was reached at day 339.31 at the
average vaccination rate of 67.8%. All four
parameters had a very large range, signalizing the
presence of outliers. Median values indicate a
shorter time to reach the PVIP (57.5 days), lower
vaccination rate at PVIP (6.05%), a longer time to
reach the SVIP (355.5 days) and a higher overall
vaccination rate at SVIP (771.25%). Countries with
the mid-level GDP per capita implemented their
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vaccination campaigns in the most successful
way, securing the shortest times to reach both
vaccination inflection points looking at both
mean and median values. Regarding the
individual countries, Finland was the first
country to reach the PVIP in only 15 days with the
vaccination rate of 1.1%, while Romania had the
longest wait, reaching the PVIP in 367 days with
a vaccination rate of 27.8%. The UK observed the
most significant CFR reduction (SVIP) in the
shortest amount of time in 161 days (vaccination
rate 63.8%), while Romania reached the same
point in 560 days (vaccination rate 41.6%). The
highest vaccination rate at SVIP was achieved in
Portugal (89%) on November 16, 2021. The SVIP
score was developed to categorize countries based
on their actual time to achieving secondary
vaccination inflection point. The majority of
countries reached the SVIP between 300-370
days, while the countries with the lowest score
(shorter time to SVIP) had the highest median
vaccination rates. This tool can help with the
interpretation of changes in the dynamics of the
pandemic.

Looking specifically at the US (Supplement Table
S1), PVIP was achieved after 94 days
post-vaccination, at a vaccination rate of 24.8%
and CFR of 1.8%. The most significant reduction
in CFR (SVIP) was achieved at 363 days after the
vaccination start date or 269 days after the PVIP
date. The vaccination threshold at the SVIP was
70.3% with the CFR of 1.59%. The CFR reduced
from 1.82 at the time of start of vaccination to
1.59 at the time when it reached the SVIP. In
most countries, including the US, priority for
COVID-19 vaccination was given to health care
workers, residents and personnel of long-term
care facilities, elderly patients, and patients with
certain comorbidities. The US was grouped with
Switzerland, Luxembourg, and Ireland in the
high GDP per capita countries (>$50,000).
Within this group, the US was the first country to
start the vaccination campaign; however, it
needed a longer time than other countries to
reach both vaccination inflection points. These
results were most likely influenced by the impact
of widespread anti-vaccine campaigns, scientific
misinformation, and overall lack of readiness of

certain parts of the population to support
government efforts [21, 22, 23].

It is important to recognize that the impact of
vaccination is dependent on many factors, such
as speed of implementation of the campaign,
availability of vaccines, acceptance of the vaccine
by the targeted population, and others. The direct
impact of vaccination at the population level will
often lag and the data may show some initial
misalignment that can be explained. For
example, the most significant reduction in CFR in
the US was observed in December 2021, signaling
the turnaround of the pandemic in the US, with
the steady decline of the ratio of total infections
and death cases. However, in the next few
months in 2022 there was a significant increase
in new infections and deaths [20]. While the
vaccination rate in the US at that time was
reaching 70%, it can be assumed that the increase
in new cases was caused by several factors, such
as the delay in immunity development post
vaccination, breakthrough infections, lack of
booster vaccination, higher vulnerability of the
unvaccinated population, relaxation of pandemic
measures and, most significantly, the emergence
of new variants with limited immunity coverage
from existing vaccines (e.g., omicron variant
BA.2.86 that emerged in Nov of 2021).

To understand the findings and applications of
this research, it is important to examine the
potential variables that may have influenced the
results. This research indicates that there are four
most important factors that influence the
vaccination, and the case fatality rates in any
country. Two are non-pandemic variables (not
immediately influenced by the pandemic):
percentage of people in the population who are
65 years of age or older, and the life expectancy of
the population. An additional two variables are
pandemic variables: percentage of people who
had a confirmed COVID-19 infection with testing,
and the level and scope of the pandemic
measures that were implemented. The final
ranking order of importance of the four variables
was: stringency_index, aged_65_older, life
expectancy, and positive_rate. It would be
expected that the same factors would be the most
important in a potential new pandemic as well,
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due to the increased vulnerability of the elderly
and sick patient populations to any infectious
disease, and the importance of the infection
transmission rates and the speed of
implementation of response measures. Simply
put, if the vaccines were available at the outbreak
of COVID-19 and campaigns were implemented
fast in targeted populations, the world would not
have a pandemic. This is critical learning
highlighting the need to take care of the most
vulnerable parts of the populations and
implementing appropriate procedures for testing,
vaccination, and other public health measures.

This research may have been influenced by the
inherited challenges of the vaccination process.
Published literature highlights the challenges
introduced by the disparity in the distribution of
COVID-19 vaccines, where the majority of the
vaccines were initially delivered to high — and
upper middle-income countries vs lower-income
countries [64]. This was evident by the
differences in times to first vaccination inflection
point, demonstrating that lower-income
countries had a higher case fatality rate and
needed a longer time to observe the CFR
reduction as a result of vaccinations, than the
higher-income countries. Lack of availability of
sufficient doses of vaccines, less organized
execution of vaccine campaigns, including the
order of vaccination (elderly and
immunocompromised population) may have also
influenced the results across countries. In
addition, factors affecting vaccination acceptance,
confidence in safety and efficacy and the risk of
side effects, preference for natural immunity,
scientifically sounding misinformation, as well as
different cultures and political systems, also
played a role in the observed vaccination
patterns, spread of infection, and mortality of
COVID-19 [65, 66, 67, 68, 69, 70].

All foundational forecasting methodologies
utilized in this research (ARIMA, Prophet, and
LSTM) showed good accuracy and precision, with
only small numerical differences in results,
relative to the actual values. They performed well
and continue to be a true foundational platform
for time series forecasting. Utilization of
enhancement features to improve limitations of

foundational models is already an established
approach, and customizing enhancement based
on specificities of data allows for more robust
analyses. Combining models into hybrids of
foundational or foundational with enhancement
models is a newer approach requiring validation.
The two hybrid forecasting models (double
hybrid: SARIMA-Bidirectional LSTM, and triple
hybrid: SARIMA-Prophet- Bidirectional LSTM)
utilized in this research are both novel models
and their validation was conducted by comparing
them to foundational models alone, to each other,
and to the actual historical data. They both
performed well with high accuracy and precision,
and better than the foundational models.

However, the performance and accuracy of the
triple hybrid SARIMA- Prophet-Bidirectional
LSTM model was superior to other models. In
addition, the anomaly and volatility detection
analyses, conducted using Isolation Forest and
GARCH models, validated performance of all
forecasting  methodologies, reporting all
indicators within the typical and acceptable
ranges. In summary, all foundational and hybrid
models used for forecasting showed comparable
results at the primary and secondary vaccination
inflection timepoints and performed with high
accuracy relative to the actual data. The best
performance was observed with the novel triple
hybrid SARIMA-Prophet-Bidirectional LSTM,
indicating that hybrid models, combining models
with enhanced capabilities, can result in higher
accuracy and greater sophistication in analysis.
Ability to predict the vaccination inflection point
and measure its immediate, as well as the most
pronounced impacts, allows for a deeper
understanding of the dynamics between the
vaccination and case fatality rates. In addition, it
is important to remember that the data for this
research was trained based on the specificities of
the COVID-19 pandemic. For the use of these
forecasting models for future pandemics, they
may need to be re-trained with the data specific
to the new pandemic.

The results of this research can guide countries in
the assessment of the pandemic risk and inform
public health policy makers in creating measures
to minimize the impact of any potential infectious
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disease pandemic on the people, environment,
and socio-economic systems. It is determined
that countries can achieve a maximum
vaccination rate of 70% with milder measures,
and that 90% can be reached only with strict
mandates imposed by governments [71]. This
highlights the need to plan, organize and execute
efficient vaccination campaigns, and improve
surveillance and monitoring to substantially
reduce morbidity and mortality and avoidance of
breakdown of health care systems in countries to
control potential new pandemics [72, 73, 74, 75,

76, 77,78, 79, 80].

V. CONCLUSION AND FUTURE
RESEARCH

In conclusion, the research conducted in this
paper will add to the knowledge base in the areas
of machine and deep learning, and public health.
It demonstrates that the novel hybrid time series
forecasting models, combining foundational
models with enhanced features, provides better
performance and higher accuracy over traditional
foundational models. The performance and
accuracy of the triple hybrid SARIMA-Prophet-
Bidirectional LSTM model was superior to other
models and was successfully validated with
anomaly and volatility detection analyses. In
addition, it shows that 42% of countries had seen
an immediate effect of vaccination in <50 days,
and 23.1% of countries reached the most
pronounced impact in <300 days, suggesting the
need for improvements. Applying advanced Al
methodologies to forecast time to country specific
vaccination inflection points, and assessing the
vaccination rates relative to the case fatality rates,
can provide another useful tool to guide countries
in their pandemic risk preparedness.

This paper has several limitations that can be
utilized to guide further research, such as: (1)
inherited limitations and variabilities of the
vaccination campaigns in different countries
(supply, distribution, new variants reducing the
effectiveness of current vaccines; (2) differences
in the health system infrastructures, speed and
scope of implementation of other pandemic
measures across countries; (3) limitations of the
Our Word In Data dataset (e.g., size,

completeness, and accuracy, due to the voluntary
data reporting and possible underreporting of
infection and death cases; and (4) selection of
machine and deep learning methodologies and
enhancements.
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ABSTRACT

The main idea of this paper is whether the
catalyst participates in the chemical reaction.
Chemical Reaction Mode catalysis Mechanism-
CRMM considers that catalysts always
participate in chemical reactions, and it's a
cyclic reaction.

The interpretation on the “Catalysis,catalyst”
by.P.Sabatier and M.Boudart principle has
encountered serious difficulties, so the CRMM is
not reliable. Due to the “catalysis,catalyst”
misdirection, As a result, the research and
production of catalysts appears in chaos and
huge economic losses. The catalytic phenomenon
is a physical phenomenon, not a chemical
phenomenon, and the -catalyst does not
participate in chemical reactions. Chinese and
foreign  scholars  should  change  the
interpretation on the “catalysis,catalyst”, or add
two new words: “contact and contactor”, it1is to
give up“catalysis,catalyst“altogether,

Keywords: catalysis catalyst sabatier principle
boudart principle.

Author: Shanghai Research Institute of Materials
200437.

[ INTRODUCTION

Catalysts are widely used in chemical
production. However, the catalysis mechanism
of the catalyst has always remained in the
CRMM. It is more and more Popular for more
than 120 years and deep into middle school
textbooks, it is deeply rooted in the catalytic
academia. But; the author thinks that the
CRMM is contrary to the basic principle

of thermodynamics, Therefore, the CRMM is

(© 2024 Great Britain Journals Press

error. Who is the cause of this result, whether it
is the linguist or the catalysis expert, this
paper is to give some explanati.

Il.  {CONTACT)AND{CATALYSIS)

In the textbooks of our fathers, You can see the
word "contact", but you can't see the word
"catalysis". "Catalysis" is a foreign word, it is
a translation of <Catalysis, Catalyst >from west.

Different translations can be seen from the
[ English-Chinese Dictionary] published in
different periods:

1. 1963, In the[English-Chinese Dictionary]

compiled by Zheng Yili and others published
by Beijing Times Press, The translation of
these two words is as follows:

Catalysis: n. Contact reaction,contact action,
Catalysis.

Catalyst: n. Contact agent, Catalyst.

2. In 1974, Shanghai Translation Publishing
House, "New English-Chinese Dictionary”

compilation group [New English-Chinese

Dictionary] about the translation of these two

words is:
Catalysis: n. Catalysis (action).
Catalyst:.. catalyst Contact agent(Old

translation Contact)

3. In 2006, Shanghai Translation Publishing
House, Zhou Jilian and other edited the [A
NEW ENGLISH -ChINESE ADVANCED
LEARNER'S  DICTIONARY] about the

translation of this word is:
Catalysis: n. Catalysis.
Catalyst: n. Catalyst.
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It can be seen that the translation of
<Catalysis,Catalyst > went from “Catalysis,
Contacct” to completely abandoning “Contact’
and adopting “Catalysis,Catalyst” for over 40
years.

Taken literally, <Catalysis> has the meaning of a
chemical reaction and it belongs to the realm of
chemistry. <Contact > on the other hand, is just

touch, it belongs to the realm of physics. It is

obviously inappropriate to translate one English
into two different fields of meaning.

The reason on the change from "Contact" to
"Catalysis" came from Western -catalytic
academics and linguists (dictionaries).

The definition of this{Catalysis, Catalyst) word

in Western academia is as follows:
A. Sabatiers Principle(1902)[1,2]

Sabatier principle proposes the existence of an
unstable intermetiate compound formed between
the catalyst surface and at least one of the
reactants. This intermetiate must be stable
enough to be formed in sufficient quantities and
labile enough to decompose to yield the final
product or products.

B. Boudart Principle(1992%) [1,3]

Ninety years later, an American scholar M.
Boudart redefined{catalysis, catalyst)like this:

The most fundamental principle in catalysis is
that of the catalytic cycle,which maybe based on a
redefinition of a catalyst by Boudart: “A catalyst is
a  substance that transforms reactants
into products,through an uninterrupted and
repeated cycle of elementary steps in which the
catalyst is changed = through a sequence
of  reactive intermediates, until the last step
in the cycle regenerates the catalyst in its
original form” .

e [ call the principles of these two scholars the
S-B principles. According to the S-B
principle, the linguist (dictionary) was quite
right to drop ( Contact) and translate
{ Catalysis, Catalyst). Unfortunately, it was on

the wrong path, Because the interpretation of
(catalysis, catalyst) is misleading

In the catalyst handbook [4], CRMM is
expressed as follows:

R+M=X
X=P+M

Above; R- reactant, M- catalyst, X- intermediate,
P- product. The product (P) is not produced
directly, but through an intermediate (X).

The catalytic action of biological enzymes is that
enzymes participate in the reaction;

E+S=ES

ES=E+P

Above; S-reactants (proteins, starches, etc.),
E-enzymes, ES-intermediates, P-products. This is
the famous Michaelis-Menten mechanism
proposed in 1913.[1,5]

For Fe catalysts [3,6], the catalytic process is
described asfollows:

CO2 +Fe=FeO+CO
FeO+C=Fe+CO
CO2 +C=2CO

The intermediate of the reaction is the FeO, and
The Iron oxide is constantly reduced - oxidized,

which is called {Oxygen Transfer Mechanism
-OTM). The OTM here is the author tag.

For alkali metal carbonates [3,7], the catalytic
process is described asfollows:

M2C0O3+2C=2M+3CO
2M+2H20=2MOH+H2
2MOH+CO=M2CO3+Hz2
2C+2H20=3C0O+2H2

There are two intermediates in the reaction
process, namely M and MOH. The -catalyst
(M2CO3) continuously decomposes and generates
a cyclic reaction.

The key points of CRMM are that the
catalysts have to participate in the chemical
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reaction, and it is a cyclic reaction. There are a
intermediate. The catalyst is continuously
decomposed and regenerated.

After years of research [8, 9], the author believes
that the catalytic phenomenon is a physical
phenomenon, not a chemical phenomenon, the
catalyst does not participate in chemical
reactions, only contact, is the electron
donate-accept cycle, is the electron orbital
repeated deformation-recovery. Electrocatalysis,
photocatalysis, microwave catalysis, laser
catalysis are all physical phenomena, but the

(a)

(b>

Scheme 1 . The
model.
(a). catalyzing.

R
—e, @ eié—@

energy levels are different. The selectivity of the
catalyst is also related to the energy level.

Compared with CRMM and Electron Cyclic
Donate-Adopt Mechanism-ECDAM or Electron
Orbital  Deformation-Recovery = Mechanism-
EODRM, the former is that the catalyst participat
in the chemical reaction, and it is a cyclic
reaction. The latter is the catalyst does not
participate in the chemical reaction, just contact
or touch. The former is a chemical phenomenon,
the latter is a physical phenomenon.

imaginative catalyzing and poisoning

(b). poisoning.
—es., —e1 ——electron is seized by oxygen or

inhibitoxr.

+e. ——electron is donated by catalyst or promotor.

Schememe 1: Is a imagine figure of catalyzing and poisoning

"-e¢" in schematic diagram 1 indicates that when
the suspended electrons on the surface of the
carbon particle (matrix) or catalyst iron particle
(matrix) are taken away by oxygen or nitrogen,
the carbon or iron matrix tries to regain the take
away electrons in order to maintain the original
low-energy state electron orbital, and the electron
orbital and lattice in matrix must be deformed.

The electrons suspended on the surface of carbon
are not free, and their move causes the
deformation of the electron orbitals in the carbon
or iron matrix, but does not reach the degree of
lattice reconstruction. that is no chemical
reaction. When this kind of electron pulling
occurs, there are two possibilities. One is to
donate electrons to the carbon or iron matrix
, be "+e”, restore the deformed electron orbitals,
reduce the fracture energy of the bond, and speed
up the reaction, which is the catalyst

1) The other is to further rob the electrons of the
carbon or iron matrix, resulting in further
deformation of the deformed electron orbitals,
resulting in higher bond breaking energy and
slower reaction speed, which is the poison
agent.

2) Thence; Naturally, two important conclusions
are drawn, that is, there is a boundary
between catalyst and poison agent, and the
activity size of catalyst or poisonousness of
poison agent is closely related to the
electronegativity difference.

ll. THE DIFFICULTIES ENCOUNTERED BY
CRMM

3.1 Cyclic Reactions Involving Catalysts are
Unlirely to Occur,

e A professor at Shanghai University believes
that all catalysts must meet S-B principle, and
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those that do not meet this principle are not
catalysts. Be visible; The leader of the
catalytic academia regards this "principle" as

catalysts. The author asserts that if this
principle is followed, I am afraid that a
catalyst that meets this principle will never be

a classic, unimpeachable, as if this principle found.
provides a theoretical basis for the study of
655°C 708 C C+C0O,=2C0
%CO g o
g0 =
60
60 -
] Fe;0,+ CO=FeO+CO,
20 Q _
Ll /rz
0 - ] ]

]
600

800

1000 t °C

Figure 2: Iron-Carbon-Oxygen Reaction Equilibrium Diagram [10]

For carbon gasification reaction, iron is a
catalyst, we have proved this many times by
experiments... According to the S-B principle,
iron must undergo an oxidation-reduction cycle
in order to have catalytic activity. Figure 2 is
an iron - carbon - oxygen reaction equilibrium
diagram. As can be seen from the figure, the
C+C02=2CO reaction equilibrium curve and
FeO+CO=Fe+CO2 reaction equilibrium curve
intersect at 708°C. There is only one point in the
figure that meets the requirement of the
oxidation-reduction cycle reaction, that is, the
gas phase composition in the figure is 65%CO,
35%C02, and the air pressure is 1 atmosphere.

Leave this point, the iron cannot undergo the

oxidation-reduction cycle reaction. Above
708°C, the stable phase is iron, the FeO is
unstable, and the FeO will be reduced by carbon.
Below 708°C, FeO is a stable phase, Fe is
unstable, and Fe is oxidized to FeO. Factors
affecting the chemical reaction equibrium in
addition to temperature, as well as pressure
and the form of carbon, if according to the
S-B principle, only at 708°C, 1 atmosphere of
pressure, carbon in the form of graphite can

meet the requirements of the oxidation-
reduction cycle reaction, to have catalytic
activity, leaving this condition,the cyclic reaction
is impossible to occur , iron will lose catalytic
activity. In fact, iron has catalytic activity in a
wide temperature range (600°-1000°C).

For carbon gasification reaction, alkali metal
salt, alkali earth metal salt, transition metals,
precious metals, etc., have catalytic activity, but
the activity size is different, under the same
reaction conditions (such as carburizing
box,940°C), so many salts and metals can not
be able to decompose-generation, or oxidation-
reduction cyclic reaction. The cyclic reaction not
only fails to show that many catalysts have
catalytic  activity under the same reaction
condition, but also fails to show that the same
catalyst has catalytic activity over a wide
temperature range. Therefore, according to the
S-B "principle", it can never be found one
catalyst.

Besides; The decomposition pressure
(equilibrium pressure) of metal oxides has an
exponential relationship with temperature, and
each metal oxide has a decomposition pressure
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curve, which is different. Metal and metal oxide
can coexist only on the decomposition pressure
curve (2MeO=2Me +02), and away from this
point (temperature, pressure, gas phase
composition), Me and MeO cannot coexist. Under
certain reaction conditions, it is impossible for
many metals or salts with catalytic activity to
undergo the cycle reaction of generate and
decomposition, and it is impossible to have
catalytic activity in a wide temperature range.

According to our determination, in the
carburizing box, the catalyst barium carbonate,
BaCO3 and BaO can coexist only at 1048°C,
leaving this point, the decomposition - formation
cyclic reaction is impossible. The actual
production temperature is about 940°C, barium
carbonate has catalytic activity.

Let me take another popular example.
Housewives know that salt has catalytic activity,
and a dying coal stove can be saved by sprinkling
a handful of salt into it. NaCl is a very stable
compound, and it is impossible to undergo
decomposition - generation reaction in coal
furnaces.

3.2 Intermediate is Impossible to Appear

The most fundamental principle in catalysis is the
catalytic cycle, and this cycle is the cycle in which
the catalyst participates in. and in order to
maintain this cycle, an Intermediate is necessarily
needed. The catalyst must form an intermediate
with the reactants that is stable, has a certain
amount, and is easily decomposed. The catalyst
must be continuously decomposed -generated ,
and from literature can see many, each says his
own, completely contrary to the basic principles of
thermodynamics.

For example, barium carbonate catalysts can be
seen as barium metal (Ba), barium oxide (BaO).
Iron catalyst has FeO, carbonate catalyst has Me
and MeOH, precious metal catalyst has PtO and
so on. The author does not want to make one
explanation one by one, only to say that the FeO
intermediate,

In the reaction tank of reduction of iron oxide by
carbon , tens of kilograms of iron oxide by

carbon reduction to sponge iron ingots, the
catalyst Iron in the carbon layer cannot undergo

an oxidation-reduction cycle,

Moreover, For platinum catalyst, due to the very
high decomposition pressure of platinum oxide, it
can only exist in the metal state in nature, In a
strong reducing atmosphere, it can only appear in
the metal state, and it is absolutely impossible to
occur oxidation-reduction cycle reaction.

The literature is full of variously discordant
intermediates that completely contradict the basic

principles of thermodynamics,

3,3. It can be seen from the literature that
catalytic experts use the number of "cyclic
reactions" per unit time, "TOF", to indicate
the activity size of the catalyst, and the total
number of cyclic reactions before the catalyst
failure to indicate the catalyst life. Since the
catalyst participating in the cyclic catalytic
reaction does not exist, the intermediate can not
appear, the use of “TOF” is obviously out of thin
air. It is a pity that the catalytic experts have
deceived their readers. As stated above, The
definition of ’catalysis, catalyst” by the S-B
principle is incorrectthe, Therefore, The
interpretation  on{catalysis, catalyst)by  S-B
principle has being mislead,

IV. THE HARM CAUSED BY CATALYSIS'S
MISDIRECTION

Due to a misinterpretation of the word
"Catalysis", the result was confusion in catalyst
research and application. For this reason, the
author wrote an article "Some Problems in the
research and production of heterogeneous
catalysis" [11].

Several examples are given in the article,

e Such as "The poisoning problem of alumina
in the iron base ammonia synthesis catalyst,
the poisoning of the Cordierite ceramic
Honeycomb support ~ material in  the
automobile exhaust gas purification catalyst,
the poisoning of carbon in the support
material of ruthenium ammonia synthesis
catalyst, and the CRMM has existence
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question. Here are again two examples to
illustrate the confusion caused by the
misleading S-B principle to the research of
catalysts.

1. M.Boudart studied the catalytic effect of Pt on

the reactions of C+CO2 = 2CO and
C+H20=CO+H2 [3]. Finally, he used
the OTM to explain the catalysis of Pt,
that 1is, the oxidation and reduction
reaction of Pt continuously occurs during the
catalytic process. The intermediate is the
oxide of Pt. On this point, it has been
explained before, and will not be repeated
here.

A danger signal can be seen from the
literature, some people in the catalytic
academia believe that the basic principles of
thermodynamics can not guide the research of
catalysts, so there are many different
intermediate compounds that deviate from the
basic principles of thermodynamics. Catalyst
research is getting more and more outrageous.

This is where the misinterpretation of {

Catalysis,catalyst) word lead us.

2. Mckee. W., who used Controlled Atmosphere
Electron Microscopy (CAEM) to study alkali
metal oxides and salts, alkaline earth metal
oxides and salts, transition metals and oxides,
noble metals and other catalysts on the four
reactions of C+02, C+CO2, C+H20, and
C+H2 was studied by referring to 152
literatures and writing 118 pages of articles
[10]. In the end, he thought

“Although it is not yet possible to explain all
the observed -catalytic effects within one
all-encompasing, mechanmistic flamework, on
balance specific oxidation-reduction cycles
have been conspicuously successful in
interpreting the effects of alkli-metal
salts,transition metals and oxides ,and the
noble metals in the various types of carbon
gasification reactions. However, many details
of the complex -catalytic phenomena still
remain obscure and await elucidation by
carefully = designed  experimental and
theoretical investigation.”

Here he still adopt the OTM. The special
oxidation-reduction cycle, but exactly how special
it is, it does not say.

Mr. M. Boudart and D.Mckee were both famous
American scientists.

From these two examples, it can be seen that
scientists have spent a lot of effort trying to solve
this mystery, but the result is helpless and end up
with nothing definite. The research of catalyst fall
into a bottomless pit.

V. CONCLUSION

The author believes that CRMM is deeply rooted
in the catalytic academia and popular for more
than 120 years. The fundamental reason is
that catalytic experts always believe that
catalysts participate in chemical reactions.

The inevitable results of participating in the
chemical reaction is to appear a series of trouble.
Such as ; S-B principle, intermediate , catalytic
cycle,catalyst repeatedly decomposing- generate
or oxidation - reduction and so on.

The  author believes that Chinese and
foreign s catalytic expert must abandon the
inherent idea that catalysts participate in
chemical reactions.

The definition of word{catalysis, catalyst)in
dictionary should be changed to{contact,
contact agent). Or create a new word to
avoid misdirection.

Relevant academic journals and research
institutions should remove the word“ catalysis” to
avoid misleading

The use of CRMM in middle school textbooks to
explain the catalytic role of enzymes should
be deleted to avoid delaying future generations.
The author's knowledge is shallow, outsider,
overreach, inadequacy, please criticize and
correct the knowledgeable person.
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ABSTRACT

Brazil is one of the world's largest producers of
guava. The  estimated  production is
approximately 552,393 tons/year. Most guava
production is processed to manufacture juices,
nectars, pulps, and ice creams. During the
processing of guava, about 40% of the waste
from the processing of guava consists of seeds,
whose disposal causes environmental problems.
Within this context, this work aimed to develop
encapsulating material from guava seed flour
and to study the kinetics, equilibrium, and

thermodynamics involved in the
microencapsulation  process. Initially, the
characterization  of the guava  seeds

(carbohydrates, proteins, fibers, and ashes) was
carried out, then the seed yield was calculated.

After the characterization, the seed yield was
calculated, and these were used to prepare dry
and defatted flour. This flour was characterized
in terms of solubility, hygroscopicity, bed and
compacted density, wettability, morphology, zero
load point, and thermal analysis. The
experimental parameters of the adsorption
process were previously optimized. The
adsorption capacity was evaluated in a batch
system under a controlled temperature of 25 +
2°C. From the results obtained, it is possible to
infer that the dry and defatted seed flour
presented the potential for the proposed purpose,
with a high -capacity to incorporate the
methylene blue dye (~83%). The experimental
results showed that the pseudo-second-order
model better described the adsorption kinetics.

Finally, thermodynamic results analysis revealed
a spontaneous adsorption process (AG°= -44.10

(© 2024 Great Britain Journals Press

kJ mol?), exothermic (AH® = -22.47 kJ mol-1),
and with AS° = -73 .62 J mol® K”, which shows
small changes in randomness at the
solute-adsorbent interface during adsorption.
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I INTRODUCTION

The Psidium guajava L. guava is a tropical fruit
characterized by a low content of carbohydrates,
fats, and proteins and a high content of vitamin C
(more than 100 mg/100 g of fruit) and fiber
content (2.8-5.5 g/100 g of fruit) [1]. In addition
to its nutritional properties, this fruit is very
appetizing due to its sensory properties (taste and
color) [2-3-4]. Brazil is among the largest guava
producers, and guava plantations are
concentrated in the Northeast and Southeast
regions. Production in the country reached 552,
393 tons in 2021 [5], but the commercialization of
the fruit is still national.
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Although the fruit is consumed in nature, most
guava production is processed to manufacture
juices, nectars, pulps, ice creams, jellies and jams,
ingredients for preparing yogurts, jellies, and
recently, the bittersweet guatchup sauce [6-7].

During the processing stages, there is a large
generation of tailings mainly composed of seeds.
When improperly disposed of, these tailings can
cause environmental damage and consequently
become a problem of significant impact on the
environment and agro-industries [8].

The waste resulting from the processing of guava
is a food with great potential to compose diets for
production animals [9] and food for human
consumption, as it has already been used in the
formulation of guava seed flour for the
elaboration of bread [10-11-12]. These seeds are
predominantly composed of cellulose, lignin, and
lignan, which have favorable characteristics for
the development of encapsulating materials, in
addition to  presenting  biodegradability,
biocompatibility, and low toxicity [13]. When used
as an adsorbent or encapsulating agent, guava
seed flour may have promising characteristics.
However, using the microencapsulation process
can solve many problems, such as increasing the
stability, bioavailability, and efficiency of the
action of various natural products [14].

Most encapsulating materials are polymers of
plant origin due to their biodegradability,
biocompatibility, and low toxicity properties [13].
These polymers can be prepared from abundant
and cheap agro-industrial waste, such as seeds,
peels, and fruit pomace [8]. However, the
literature lacks information on this agricultural
waste, from the processing of guava to preparing
wall material to be used in encapsulating systems,
making it possible to carry out studies to identify
the potential of dry flour and defatted guava seed.

Thereby the potential of developing an innovative
and technological product from low-cost and
abundant agricultural waste, the present study
aims to prepare to encapsulate material from the
dry and defatted flour of guava seeds from
agro-industrial waste.

[l. EXPERIMENTAL
2.1 Guava Material

The guava waste was acquired at the fruit pulp
production unit (PapaFruta®), located in the
municipality of Mimoso do Sul, in the southern
region of Espirito Santo, and was immediately
transported in a thermal box to the Ifes Applied
Chemical Laboratory - Campus Alegre. The guava
seeds were separated from the residue by
mechanical friction via wet and subsequently
dehydrated. Their yield and proximate
characterization were determined (moisture,
mineral content, carbohydrates, proteins, lipids,
and fibers). The material was washed with
running water and subjected to sun drying for 8
hours; then, they were separated from the rest of
the residue and placed in a forced air circulation
oven at 55°C for 48 hours.

22  Preparation of Dry and Degreased Guava
Seed Flour (FSDSG)

The guava seeds were ground in a Willey
Marconi® knife mill, MAO 48, with a sieve of 2.0
mm opening and subsequently subjected to
granulometric selection in a stainless-steel sieve
at 80 Mesh. The flour produced was subjected to
lipid extraction in a Soxhlet system (DiogoLab)
for 6 hours, using hexane as a solvent. FSDSG was
suspended in aqueous HCl solution at a
concentration of 0.1 mol L*, using a 5:1 ratio, and
kept under stirring at 1000 Rpm for 3 hours at 25
+ 1°C. Then the material was subjected to
quantitative filtration for 24 hours and dried in an
oven at 105°C for 1 hour.

2.3 VYield and Properties of FSDSG

FSDSG yield was determined by mass difference,
and solubility was calculated according to the
method described by Cano-Chauca et al. (2005).
Wettability was determined according to the
method described by Fuchs et al. (2006).
Hygroscopicity was estimated according to the
methodology of Cai and Corke (2000). Bed
density was conducted following the methods
proposed by Jinapong., Suphantharika., Jamnong
(2008), and Goula and Adamopoulos (2012) with
adaptations. Moisture, ash, protein, lipid, and
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fiber contents were determined by standard
methodologies proposed by the ASSOCIATION
OF OFFICIAL ANALYTICAL CHEMISTS
(CUNNIFF-AOAC, 1995). The gravimetric method
determined the moisture content by drying in an
oven at 105°C (QUIMIS®) until constant weight
and mineral matter were obtained by incinerating
the material in a muffle furnace at 550°C
(QUIMIS®) for five hours. Total nitrogen was
determined by the Kjeldahl method and converted
into crude protein by the factor 6.25 [15]. Total
lipids were determined according to the Soxhlet
method using petroleum ether as the solvent and
crude fiber according to the Weende method [16].
The carbohydrate content was obtained by the
difference [100 — (% moisture - % lipids - %
protein - % fiber - % mineral matter)]. The caloric
value of the seeds was estimated using the
conversion factor of 4 kcal g * for protein and
carbohydrate and 9 kcal g * for lipids [17]. All
assays were performed in triplicate.

231 Scanning Electron Microscope (SEM)

Morphological analysis of the degreased guava
seed was performed on an energy dispersive X-ray
spectrometer (EDS) coupled to a scanning
electron microscope (SEM) using a JEOL JSM
6010LA SEM. The material had to go through the
metallization step, being coated with Au, as it is
not a conductor. All images and EDS spectrum
were acquired using an acceleration voltage of
20kV and 10 mm working distance. The EDS
detector window was beryllium.

2.3.2 InfraRed

The spectra were obtained in the infrared region
by Fourier transform coupled with the attenuated
total reflectance technique (FTIR-ATR) for
products derived from guava seed and were
acquired in the spectral range from 400 to 4000
cm™ in the Varian 660-IR equipment.

2.3.3 Structural Property

As isotermas de adsorcao/dessorcao de nitrogénio
foram medidas em um aparelho NOVA 1200 da
Quantachrome, usando o degaseificador a vacuo a
80°C por 5h. A area superficial usando o método
Brunauer-Emmett-Teller (BET) foi determinada a

partir de Multi Point BET. A distribuicdo do
tamanho de poro e do volume de poro foi obtida a
partir da Teoria da Densidade Funcional (DFT),
que é baseada na modelagem molecular e leva em
consideracao a interacao direta do adsorbato com
a superficie adsorvente.

2.34 Thermogravimetric Analysis

Nitrogen adsorption/desorption isotherms were
measured on a NOVA 1200 instrument from
Quantachrome, using a vacuum degasser at 80°C
for s5h. The surface area using the
Brunauer-Emmett-Teller (BET) method was
determined from MultiPoint BET. The pore size
and pore volume distribution were obtained from
the Density Functional Theory (DFT), which is
based on molecular modeling and considers the
direct interaction of the adsorbate with the
adsorbent surface.

235 Ponto de Carga Zero

The measurement of pH at zero load point
(pHPCZ) was performed based on the method
proposed by Mall et al. (2006), which consisted of
adding 100 mg of FSDSG in Erlenmeyer
containing 50 mL of distilled water with the pH
values adjusted between 2.0 and 11.0 through
solutions of hydrochloric acid (HCI) and sodium
hydroxide (NaOH ). The suspensions were kept
under constant agitation at 200 rpm for 24 hours
at 25°C. The initial and final pH values were
measured with a pH meter (MS TECNOPON,
Mpa-210). The pHPCZ was measured through the
first derivative (ApH/initial pH) of the pH
behavior curve and assigned to the point where
the sums of the charges tend to zero. This
procedure was performed in triplicate.

2.4 Adsorption

Methylene blue cationic dye (B. Herzog,
Germany) was used as the adsorbate. The
previously optimized parameters were used: mass
of FSDSG 0.1 g, stirring speed = 200 rpm, and pH
= 7.0. Four-milliliter aliquots were taken at
predefined time intervals (10, 30, 60, 90, 120,
240, 360, and 480 min) and placed in Falcon
tubes, later centrifuged (HERMLE) at 6000 rpm
for five minutes. The supernatant was transferred
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to a quartz cuvette for reading in a UV-Vis
spectrophotometer (Agilent, Cary 60 UV/Vis) at
664 nm, and then the aliquot was returned to the
system. All assays were performed in triplicate.
The amount of methylene blue (MB) adsorbed on
the FSDSG, qe (mg g"), was calculated by
Equation 1 [18-19].

(Eq.1)

Where C, and Ce (mg L ~ ') are the initial and
equilibrium liquid-phase concentrations of MB,
respectively, V (L) is the volume of the solution,
and W(g) is the mass of FSDSG used. The same
procedure was followed in batch adsorption and
kinetic studies, but the aqueous samples were
collected at predefined time intervals. MB
concentrations were similarly measured. The
amount of MB adsorbed at any time, qt (mg g ~ "),
was similarly calculated by Equation 2 (Eq. 2)
[18-19].

(Eq.2)

Where C, and Ce (mg L ~ ') are the initial and
equilibrium liquid-phase concentrations of MB,
respectively, V (L) is the volume of the solution,
and W (g) is the mass of FSDSG used. The same
procedure was followed in batch adsorption and
kinetic studies, but the aqueous samples were

collected at predefined time intervals. MB
concentrations were similarly measured. The
amount of MB adsorbed at any time, qt (mg g ~ "),
was similarly calculated by Equation 2 [18-19].

2.5 Adsorption Isotherm and Kinetic Models

The application of adsorption isotherms is very
useful in describing the interaction between the
adsorbate and the adsorbent of any system. The
parameters obtained from the different models
provide important information about the sorption
mechanisms. For example, there are various
equations for analyzing experimental adsorption
equilibrium data. The Langmuir and Freundlich
models are the most widely used and accepted
surface adsorption models for single-solute
systems. On the other hand, an interesting trend
in isothermal modeling is the derivation in more
than one approach, thus leading to the difference
in physical interpretation. In this study, the
Langmuir and Freundlich isotherms [20] were
applied; table 1 shows the equations and
parameters of such isotherms. Kinetic models
such as pseudo-first-order [21], pseudo-second
-order [22], and intraparticle diffusion model
[20-21]. were used to understand the adsorption
dynamics concerning time for the MB-AC-3
system. The equation and parameters of these
models are shown in Table 1.

Table 1. Nonlinear kinetic, isothermal and intraparticle diffusion models

Models Names Expression
qmbce

Q,= T+bC,

Langmuir R =_1
L~ 1+bC,
Isotherms

-1

Rz - 1+k C,

Freundlich ES

qe = KfCeF

K1 t

q,=q,1—e

Pseudofirst order h =Kq

0 1%

kinetics
_ qu:t
qt 1+K2qet
Pseudo Second Order
2
hz — Kqu
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intraparticle diffusion

Qt
K =—%

i (172

05
q,= Kidt +C

Source: BEDIN, et al., 2018., CAZETTA et al., 2011

Langmuir's constant Ka; kf = and nF = Freundlich constants; K1 and K2 = Pseudo-first-order and
pseudo-second-order constants; ho = initial adsorption; kid= intraparticle diffusion; C = intercession

Both the adsorption isotherms and the
pseudo-first and pseudo-second-order kinetic
models were fitted using the nonlinear fitting
method, using the Origin 8.5 software. The
adequate theoretical models that describe the
experimental data of the system were chosen from
the correlation coefficient (R?). In addition, the
experimental data were evaluated by the
chi-square (x*) model (Eq. 3) and by the values of
normalized standard deviation (Aqe) (Eq.4)
[19-20].

@,..4,..,)
XZ — qe cal qe exp (Eq 3)
i=1 qe cal
Z[(qe exp_qe calc)qe exp]z
8, (%)= 100 — (Eq. 4)

Where q. o, (mg g") is the experimental
adsorption capacity, calculated q. (mg g™) is the
adsorption capacity calculated from the kinetic
model and n is the number of treatments.

25 Thermodynamics

The effect of temperature on the adsorption of MB
dye by FSDSG particles was investigated at
concentrations of 60; 75, and 90 mg L* with pH =
7.0, containing 0.1 g of FSDSG, stirring speed =
200 rpm; T = 30, 50, and 70°C kept constant
through the use of an incubator bath with
magnetic agitation (MARCONI/MA 085/CT). The
duration of each trial was eight hours. The
thermodynamic parameters of Gibbs free energy
change (AG °, kJ mol™), enthalpy change (AH °, J
mol™), and entropy change (AS°, J mol™ K*) were
calculated from equations 5 and 6 [24-25], Ke is
the dimensionless constant obtained from the
ge/Ce ratio defined through Equation 5 (Eq. 5), R

is the universal gas constant (8.314 J mol™* K*),
and T is the temperature in Kelvin.

AS AH
K =--— 2

R RT (Eq. 5)

R is the universal constant of ideal gases, whose
value is 8.314 J mol™ K, and T is the temperature
in Kelvin.

The values of AH and AS can be determined
experimentally. For example, the graph of In Ke
versus 1/T generates a line, and the slope is - AH
/R, and the linear coefficient corresponds to
AS/R. With the values of AH and AS calculated, it
is possible to calculate the Gibbs free energy (AG)
value for a given temperature through Equation 6
(Eq.6).

AG = AH — TAS (Eq. 6)

. RESULTS AND DISCUSSION

31 General Characteristics and Properties of
FSDSG

The encapsulating material developed is of
vegetable origin and was obtained from the dried
and degreased guava seed. Visually, the product
appeared in the form of a fine, loose powder with
light cappuccino brown colors. The results
regarding the proximate composition, seed yield
obtained based on the raw guava waste, properties
of the dry and defatted flour of guava seeds, and
the yield after standardization of granulometry at
80 mesh are presented Table 2.

Potential Encapsulating Microparticle from Degreased Dry Flour of Guava Seeds

(© 2024 Great Britain Journals Press

Volume 24 | Issue 3 | Compilation 1.0

London Journal of Engineering Research



London Journal of Engineering Research

Table 2: Centesimal Composition of Guava Seeds and Yield, Characterization of Dry and Defatted
Guava Seed Flour and Yield

Centesimal Composition of Guava Seeds and Yield

seed yield % (m m™) 48.11 + 0.30
Fiber % (m m™) 58.15 + 1.32
carbohydrates % (m m™) 18.7 £ 1.0
lipids % (m m™) 10.82 £ 0.20
proteins % (m m™) 8.71 + 0.30
energy content (kcal 100g™) 206.2 + 5.4
FSDSG Properties and Yield
FSDSG Yield % (m m™) 34.42 £ 0.14
Solubility % (m m™) 1.95 + 0.54
Wetability (min)* 10.13 + 0.02
hygroscopicity (g 4gua 100g™) 7.33 £ 1.10
bed density (g cm™) 0.29 £ 0.05
compacted density (g cm™) 0.46 £+ 0.04

3.2 Characterization of
Material

the Encapsulating

3.21 Morphology by Analysis of Energy Dispersive
X-ray Spectroscopy Coupled to SEM.

Energy dispersive X-ray spectroscopy provides
information on the chemical composition of the

001

Buoyancy and submersion time in minutes

elements in the sample. Figure 1 and Table 3 show
the relative spectrum and atomic composition of
the encapsulating material, respectively, obtained
from guava seed, while Figure 2 shows images
representing the material's morphology at
different scales.
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Fig. 1: EDS Spectrum of the Encapsulating Material
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Table 3: Elemental Composition of the Encapsulating Material

Elements detected Mass(%) atom
C 60,79 67,37
0 39,21 32,63

The EDS analysis indicated that the encapsulating material obtained has only carbon (O) and oxygen

(O) in its elemental composition

b

Toky  WoAgmm

SEl 6kV  WDSmm

SEl _6kV  WDImm %2,500 10pm

Fig. 2: Micrographs of Encapsulating Material Obtained from Guava Seeds

The SEM images at different scales show that the
particles of the encapsulating material developed
from degreased guava seeds have geometrically
irregular surfaces. This characteristic may favor
the process of microencapsulation of other
materials in their structure.

34 Spectroscopy in the Infrared Region

Analyzing the presence of functional groups in the
raw material before and after going through the
lipid extraction process indicates whether there
was complete removal of the lipid fraction present
in the encapsulating material developed (FSDSG),
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whose spectra were obtained in the infrared
region and are represented in Figure 3.

Transmission (%o)

en
O\H
e
&
&

4000 3500 3000 2500

2000 1500 1000 500

Wavenumber (cm™)

Fig. 3: Spectroscopy in the Infrared Region: (a) Dry and Defatted Guava Seed Flour (encapsulating
material), (b) Dry Guava Seed Flour

It is possible to observe in Figure 3(a) that the
spectrum of the encapsulating material obtained
after the process of removing lipid compounds,
has a spectral profile different from that of
spectrum 3(b), which represents the guava seed
just dry, still with lipid content gift. The spectra
have bands in common, highlighting the band
present at 3297.83 cm™ due to the stretching of
the -OH bond. At 3009.87 cm™, a band appears
that can be attributed to the stretching of the N-H
bond associated with amide and is consistent with
the band present at 1640.33 cm™, characteristic of
the amide carbonyl group, which is also common
in encapsulating material developed, but it is
present to a lesser extent. When analyzing
spectrum 3(b), there are two bands at 2925.93
and 2854.28 cm™, which are attributed to
stretching of C-H bonds with sp® hybridization
due to symmetrical and asymmetrical vibrations
of the C-H bond. The intense and narrow band
present at 1741.32 cm™ is typical of carbonyl
stretching (C=0) as described by Pavia et al.

(2010), which was consistent with the presence of
fatty acid ester present in guava seed, observed in
the spectrum (b), thi is the most important in the
analysis performed, as it is absent in the
encapsulating material, which had the acid
content removed, indicating that the material had
the lipid fraction successfully removed. The bands
in 1157.89 and 1098.52 cm™ can be attributed to
the stretching of C-O bonds.

3.5 Propriedade Estrutural

Determining the textural properties of
encapsulating material is of great value for the
knowledge of its characteristics, as it provides
essential information about the material, such as
surface area, volume, and pore size, data
displayed in Table 4 for the material developed.
The N, adsorption/desorption isotherms are
represented in Figure 4.
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Table 4: FSDSG sample Texture Properties Obtained from N2 Adsorption/Desorption Analysis

Surface area
(multiPoint Sggy) (m?/g)

FSDSG

pore volume

s *
(cm?/g)* pore size (nm)

1.342x107*

Depending on the pore size of a material, it can be
classified as macro, meso, or microporous. If the
pore diameter exceeds 50 nm, it characterizes a
macroporous solid, if the pore size is between 2
and 50 nm, it is characteristic of a mesoporous
solid, and if the size is less than 2 nm, it is
considered a microporous solid, which subdivided
into solid ultra-micropores (pore diameter <o0.7
nm), medium-sized micropores (0.7 nm < pore
diameter <0.9 nm) and supermicropores (pore
diameter >0.9 nm ) [25-26]. After analyzing the
results obtained in the texture analysis, it was
possible to infer that the encapsulating material
(FSDSG) is a mesoporous solid due to its pore size
of 5.438 nm. The pore size of the material is
interesting, as materials with a minimal pore size

* DFT method

can make it difficult to encapsulate other
materials in their available sites since the material
to be encapsulated must be able to access the pore
that the encapsulating material does. Following
the classification described by the IUPAC, the N,
adsorption/desorption isotherms have six distinct
classifications. Thommes et al. (2015) describe
that each isotherm characterizes a solid as a
function of the pore size of the adsorption
phenomenon. Type I isotherms are typical of
microporous solids; types II and IV are
characteristics of non-porous solids and
macroporous solids, respectively. Types IIT and V
isotherms are typical of systems where the
adsorbate molecules interact more with each
other than with the solid; finally, type VI
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isotherms occur with the adsorption of a gas by a
non-porous solid with a uniform surface, which is
a rarer phenomenon. The N, FSDSG
adsorption/desorption isotherms obtained for the
material developed here are shown in Figure 4.

Due to the shape of the isotherm obtained for
FSDAG, it can be inferred that the isotherm has a
type IV isotherm characteristic, as Figure 4 shows
a small hysteresis, which characterizes a
mesoporous solid, information that corroborates
the data obtained in the associated texture
analysis and pore size.

3.5 Thermogravimetric Analysis

The thermogravimetric analysis was performed

temperature conditions and allowed the
assessment of the material's thermal stability.
This technique makes it possible to know the
changes that heating can cause in the mass of
substances, allowing us to establish the
temperature range in which they acquire a fixed,
defined, and constant chemical composition, the
temperature at which they begin to decompose,
and to monitor the progress of dehydration
reactions (moisture loss), oxidation, combustion,
and decomposition [27]. The result of the thermal
analysis of the encapsulating material (FSDSG)
obtained from defatted guava seeds is represented
in Figure 5, where the mass loss curves (TG) and
the mass loss curve derivative (DTG) are exposed.

based on pre-defined atmospheric and
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Fig. 5: Mass Loss Curve (TG) and the Derivative of Mass Loss Curve (DTG)

Looking at Figure 5, the mass loss curve of FSDSG
showed a mass loss of approximately 8% during
the temperature variation from 25°C to 175°C,
resulting from the loss of residual water from the
sample. However, the significant mass loss
occurred between 225°C and 375°C. Through the
DTG curve, it was possible to determine the
temperature at which the maximum mass change
rate (decomposition) is around 288°C, indicating
that the material is thermally stable up to a
temperature of 225°.

It is essential to know the thermal stability of
material under development, as it makes it
possible to predict its applications in several
areas. For example, when referring to HTST
(High-Temperature Short Time), heat treatment
processes combine heat, humidity, and
mechanical work, profoundly modify the raw

materials and provide new formats and structures
with  different functional and nutritional

characteristics [28]. Among these materials
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industrialization processes, we can highlight the
extrusion process, which has been widely used in
the last decades in the food industries due to its
numerous advantages such as versatility,
continuous production on a large scale, and per
unit area low cost. With investment, labor, and
energy, the quality of products with better
functional, sensory, and nutritional characteristics
is a process that does not generate effluents [29].

Aiming at the possible use of FSDSG as an
encapsulating material, it is possible to carry out
microencapsulation tests up to a temperature
close to 225°C, above this value. The material
begins the process of degradation of its chemical
composition.

3.6 Point of Zero Charge

The point of zero charges (pHpcz) is one of the
essential characteristics of the surface of
adsorbent material, as it corresponds to the pH
value of the liquid surrounding the material when
the sum of the positive charges is equivalent to the
sum of the negative charges on the surface. The
pHpc, value characterizes the acidity of the
material's surface [30-31]. Thus, in an aqueous
medium, the particles have a positive surface
charge if the pH of the solution is lower than the
PHpc; and a negative surface charge if the pH of
the solution is higher than the pHpc, [32]. The
results referring to the determination of the pHp,
of the FSDSG are shown in Figure 6.
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Fig. 6: Determination of pH at Zero Load point of Dry and Defatted Guava Seed Flour at 80 Mesh

To understands the adsorption mechanism, is
necessary to determine the pHPCZ. The
adsorption of cationic dyes is favored at pH higher
than pHPCZ, while the adsorption of anionic dyes
is favored at pH lower than pHPCZ [33]. Thus,
according to Figure 6, the pHPCZ FSDSG is
equivalent to 2.0 and 11.0. In the pH range below
2.0 and above 11.00, the surface charges of the

material are predominantly negative. Adsorption,
for example, essential (nonpolar) oils, may be
preferable at these pH values. Above 2.0 and
below 11.00, its surface predominates positive
charge, favoring polar molecules' adsorption.
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3.7 Adsorption Isotherm

The Langmuir isotherm was obtained through the
correlation between Ce/qe as a function of Ce. The
values of KL and qm were determined,

respectively, from the linear and angular
coefficients of the equation obtained by the linear
regression of the line, allowed assessing whether
the adsorption process is favorable (Table 5).

Table 5: Langmuir Isotherm Parameter Values for MB Adsorption by FSDSG Microparticles

Parameter Value

Quax (Mg g7)
K. (Lmg™)
Ry
R? adjusted

57,95
8,9645
0,0037 — 0,0012
0,9613

Analyzing the Langmuir isotherm data, it is
evident that the adsorption process fits this model
well since the adjusted R* value is 0.9613, and the
RL values, whose range is between zero and one,
indicate that adsorption is favorable [34]. The
value of the maximum adsorption capacity, qmax
(mg g™), is essential to identify the adsorbent with
the highest adsorption capacity [35]. The value of
gmax depends on several factors, such as the
adsorbent's characteristics and mass and the
adsorbate's volume and concentration. The

FSDSG microparticles used in this study showed a
promising MB incorporation capacity, showing
that they are suitable for incorporating active
principles.

The Freundlich isotherm was obtained by
correlating In ge as a function of In Ce. The kf 1/n
values were determined by the linear and angular
coefficients of the equation obtained by the linear
regression of the line. These parameters and the
adjusted R* value are represented in Table 6.

Table 6. Values of Freundlich Isotherm Parameters for Adsorption of MB by FSDSG Microparticles

Parameter Value

K;(Lmg™)
1/n

n
R? adjusted

1,0155
0,5679
1,7609
1,0000

Analyzing the data found for this model, it is
evident that it has an adjusted R? value above
0.9999. Thus, the experimental data fit well to
this model, which considers the adsorbent
constituted of multiple layers and is applicable for
reversible adsorption on heterogeneous surfaces,
with available sites with different adsorption
energies [36].

The value of 1/n less than 1.0 indicates that the

adsorption applies to the range of MB
concentrations evaluated in this study [37] and
reveals that the adsorption occurs by

heterogeneous means, with the high-energy sites
being occupied first. Then adsorption occurs at
lower-energy sites [38]. The value of n greater
than 1.0 shows that the process of adsorption of
MB by the FSDSG microparticles was favorable.

3.8 Adsorption Studies

The results for the pseudo-first-order Kkinetic
model were obtained through the linearized
Lagergren equation, through the construction of a
graph of In (qe - qt) as a function of time for each
value of the initial concentration of MB. The
values corresponding to qe for the linearized
Lagergren equation were those obtained
experimentally (qe exp). The parameters
calculated ge (ge calc) and ki were determined
from the linear and angular coefficients of the
equations formed by the regression of In (qge - qt)
as a function of time. These parameters and the
values of the correlation coefficient (R*) adjusted
normalized standard deviation (Aqe), and the
chi-square model (x*) are presented in Table 7.
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Table 7: Kinetic Parameters for the Pseudo-First-Order model, Chi-square model (x2), and normalized
standard deviation (Aqe) of different initial concentrations of MB

Initial Concentrations (mg L)

30 45 60 75 90
e exp (MG &™) 13.84 19.80 26.02 32.12 37.48
e cac (Mg g7) 0.65 16.75 15.7 21.97 32.49
K (min™) -0.0001 -0.0039 -0.0019 -0.0024 -0.0042
R? adjusted 0.0006 0.5006 0.1203 0.2506 0.4590
Aq, 47.6567 7.6908 20.0860 15.8002 6.6594
x> 268.1992 0.5536 7.0180 4.6900 0.7670

After analyzing the R2 values, it is evident that the
adsorption process does not present a good fit for
the pseudo-first-order kinetic model. Further
more, there is a discrepancy between the
experimental and calculated ge values. These data
suggest that the process of MB adsorption by
FSDSG microparticles does not follow this kinetic
model.

The k, parameter plays a time scaling factor. The
higher the value of k,, the shorter the time taken
for the adsorption system to reach equilibrium.
Relatively high values of k1 indicate shorter times
for the system to reach equilibrium. However,
some studies report that the value of ki1 may be
linked to the dependence or independence of
operating conditions [35].

A low correlation coefficient was found with the
application of this model. This parameter cannot
be used in this work to evaluate the speed with
which  the system reaches equilibrium.
Pseudo-first order kinetics is controlled by
diffusion through the boundary layer around the
adsorbent solid [35]. Therefore, it is possible to
state that diffusion is not the determining step of
the process in question since this model did not
present a good fit for the experimental data.

In the pseudo-second-order kinetic model for the
adsorption of MB by the FSDSG microparticles,
the values of q. exp, q. calc, and k, were obtained
using the linearized equation and building a graph
t/qt as a function of time for each value of the
initial concentration of MB, these parameters and
the adjusted R* values are shown in Table 8.

Table 8: Kinetic parameters for the pseudo-second order model, chi-square model (x2) and normalized
standard deviation (Aqe) of different initial concentrations of MB

Initial Concentrations (mg L™)

30 45 60 75 90
e oxp (Mg ) 13.84 19.80 26.02 32.12 37.48
e cate (MG &™) 14.30 19.72 25.75 31.76 37.21
K, (min™) 0.0750 0.0505 0.0382 0.0309 0.0266
R? adjusted 0.9982 0.9999 0.9999 0.9999 0.9999
Aq, 2.3866 0.0606 0.2567 0.2875 0.1807
Xz 0.1080 0.0001 0.0028 0.0043 0.0020
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Through Table 8, was possible to observe the data
obtained through the adjustment performed by
the kinetic model of pseudo-second-order
adsorption. This model's correlation coefficient
(R*») was more significant than 0.99 at different
concentrations. The applicability of the
pseudo-second-order  kinetics model was
confirmed by the low values of normalized
standard deviation (Aqe). Was also possible to
observe that the calculated ge values obtained
through the adjustment are very close to the
experimental q.

It is evidenced that K, values decrease with
increasing concentration. These low values show

that the adsorption process is slow, and
equilibrium was not reached quickly. The
oscillations of these values are linked to the

operational  conditions and the initial
concentration of solute [35].
Kinetic studies are essential tools for

understanding the interaction dynamics between
the adsorbent and the adsorbate. These provide
information that can help model and design
adsorption  processes. For example, the
adsorption kinetics data for MB dye were analyzed
using the pseudo-second-order kinetic model
shown in Figure 7.
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Fig. 7: Non-linear fit of the pseudo-second order kinetic study for different MB concentrations. MB
concentrations of 30 (a), 45 (b), 60 (c), 75 (d) and 90 (e) mg L*
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According to Figure 7, the MB dye adsorption
system by the FSDSG microparticles reached
equilibrium during the first 60 min of the test,

demonstrating that the interactions were
favorable between the adsorbent and the
adsorbate.

The model based on the theory described by
Weber and Morris (1963) was applied to the
adsorption system to identify the intraparticle
diffusion mechanism. The value found through
the slope of the line corresponds to the
intraparticle diffusion constant (k). In contrast,

the approximate value of the boundary layer
thickness (C;) is obtained at the intercept of the
line. The intraparticle diffusion model can
generally occur through the following steps:
external diffusion, surface diffusion, and pore
diffusion [39].

Table 9 shows the values of kdi, C; and
correlation coefficient (R®) obtained for the
different concentrations. The (R?) values are
smaller than predicted by the
pseudo-second-order model, so the experimental
q. value does not agree well with the intraparticle
diffusion model.

Table 9: Intraparticle Diffusion Model Constants and Correlation Coefficients for Adsorption

intraparticle Diffusion

C, (mg L") Ky (mg g” min™/?) Ci(mgg") R?
30 0.0404 12.57 0.1191
45 0.0997 17.90 0.7930
60 0.1637 23.10 0.7506
75 0.2167 28.33 0.6929
90 0.2715 32.33 0.8301

The values related to the five different initial
concentrations showed two stages of linearity. The
first stage was completed in the first 60 min,
known as instantaneous adsorption. The second
region is the gradual adsorption stage, where
intraparticle diffusion is the rate-limiting. The
linear behavior did not pass through the origin or
close to saturation, which indicates that
intraparticle diffusion is not the step that
determines the rate of adsorption, so other
interaction mechanisms must act simultaneously
to control the adsorption process [40-41-42-43].

3.9 Thermodynamic

The thermodynamic study is based on the
determination of quantities, enthalpy variation
(AH®), entropy variation (AS°), and variation of

Gibbs free energy (AG®). By estimating these
thermodynamic parameters, it is possible to
determine whether the process is spontaneous,
exothermic, or endothermic and whether the
adsorbent material has an affinity for the
adsorbate. In addition, these parameters can
provide information regarding the heterogeneity
of the adsorbent surface and whether the process
involves physical or chemical adsorption [44].

Table 10 shows the values of the Gibbs free energy
variation (AG®), ke, and adjusted correlation
coefficient (R?), obtained for the adsorption of MB
dye by FSDSG microparticles at 60, 75, and 90 mg
L*. From the thermodynamic data, was possible
to verify that AG® varies from -28.80 to -64.86 kJ
mol”, having significant oscillations during the
adsorption process.

Table 10: Values of Gibbs free energy variation (AG®), kc and adjusted correlation coefficient (R2) for
the adsorption of methylene blue by FSDSG microparticles

Concentration (mg L)

60 3-52
75 2.10
90 1.62

AG° (kJ mol™)
-44.10 0.9999
-64.86 0.8619
-28.80 0.9295
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With the initial concentration of MB of 60 mg L,
obtaining the highest correlation coefficient (R?)
adjusted for the adsorption was possible.
Therefore, this condition was selected to monitor
the adsorption process and to determine the
values of AH, and AS. Table 11 shows the values of

the Gibbs free energy change ((AG° kJ mol™), ke,
enthalpy change (AH, kJ mol*) and entropy
change (AS, J mol™ ) K*) for the adsorption of MB
by the FSDSG microparticles at an initial
concentration of 60 mg L™.

Table 11: Values of (AG® kJ mol™), ke, (AH®, kJ mol™) and (AS®, J mol-1 K™) for the adsorption of AM
dye by FSDSG microparticles on initial concentration of 60 mg L-1

AG® (KJ mol?)
303.15 35 -22.34
323.15 2.4 -46.26
343.15 1.8 -47.73

AH° (KJ mol™)

AS° (J mol'K?)

-22.47 -73.62

The results concerning the thermodynamics of the
adsorption process revealed that it is spontaneous
(AG® = -46.26 kJ mol™) and exothermic (AH® =
-22.47 kJ mol™). The negative value of AS° (-73.62
J mol* K*) suggests that the dye molecules are
stable on the surface of the adsorbent and that
there is a decrease in randomness at the
solid-solute interface during adsorption. In
addition, the value confirms the affinity of the
adsorbent material for the dye.

With increasing temperature, a reduction in
adsorption at equilibrium occurs, causing a
decrease in kc values and an increase in AG°®,
indicating a reduction in spontaneity. The
increase in the value of AG® being proportional to
the increase in temperature indicates that the
lower the temperature, the easier the adsorption
[45]. This decrease in adsorption capacity can be
explained by the increase in temperature, which
possibly causes an increase in MB solubility,
which makes its adsorption difficult since the dye
will have more affinity with the solvent than with
the adsorbent.

Ahmad and Kumar (2010b) reported that the
enthalpy change due to chemisorption has values
between 84 - 420 KJ mol™. Thus, enthalpy values
below 84 KJ mol™ indicate that the nature of
adsorption is physical, involving weak attractive
forces [46]. Entropy is entirely linked to
disorganization at the adsorbent/adsorbate
interface. Positive values of AS are interpreted as

an increase in disorganization at the adsorbent
material interface [40].

V. CONCLUSION

This work made it possible to prepare good
quality encapsulating material with guava seeds,
as demonstrated by the characterization tests. In
addition, a good yield of flour mass was obtained
through cheap and abundant agro-industrial
waste. The results showed that the material has
promising physical and chemical characteristics
as an encapsulating material for the methylene
blue dye.

The adsorption of methylene blue by
microparticles of dry and defatted guava seed
flour is best explained by the
pseudo-second-order model, indicating that the
adsorption is controlled by sharing or transferring
electrons between the adsorbent and adsorbate
molecules. Regarding the adsorption equilibrium,
the experimental results adjusted all tested
isothermal models.

The results referring to the thermodynamics of
the adsorption process revealed that it was
spontaneous and exothermic. The negative value
of AS suggests that the dye molecules are stable
on the surface of the adsorbent and that there is a
decrease in randomness at the solid-solute
interface during adsorption. In addition, the value
confirms the affinity of the adsorbent material for
the dye.

Potential Encapsulating Microparticle from Degreased Dry Flour of Guava Seeds

Volume 24 | Issue 3 | Compilation 1.0

(© 2024 Great Britain Journals Press



. MERCADANTE, A. Z,

REFERENCE

PEREZ GUTIERREZ, R. M., MITCHELL, S., &
VARGAS SOLIS, R. Psidium guajava: a review
of its traditional uses, phytochemistry and
pharmacology. Journal of Ethnopharma-
cology, 117(1), 1-27, 2008. https://doi.org/
10.1016/j.jep.2008.01.025.
STEINHAUS, M., SINUCO, D., POLSTER, C.,
OSORIO, C., & SCHIEBERLE, P. (2008).
Characterization @ of the  aroma-active
compounds in pink guava (Psidium guajava
L.) by application of the aroma extract dilution
analysis. Journal of Agricultural and Food
Chemistry, 56(11), 4120—4127, 2008. https://
doi.org/10.1021/jf8005245.
STECK, A, &
PFANDER, H. (1999). Carotenoids from guava
(Psidium guajava L.): Isolation and structure
elucidation. Journal of Agricultural and Food
Chemistry, 47(1), 145—-151. https://doi.org/10.
1021/jf980405r.
. GONZALEZ, 1. A., OSORIO, C., MELENDEZ-
MARTINEZ, A. J., GONZALEZ-MIRET, M. L.,
& HEREDIA, F. J. Application of tristiumuls
colorimetry to evaluate color changes during
the ripening of Colombian guava (Psidium
guajava L.) varieties with different carotenoid
pattern. International Journal of Food
Sciences and Nutrition, 46(4), 840-848, 2011.
https://doi.org/10.1111/j.1365-2621.2011.0256
9.X.
IBGE - Instituto Brasileiro de Geografia e
Estatistica — SIDRA - Producdo Agricola
Municipal 2021 - Tabela 5457 - Area plantada
ou destinada a colheita, 4rea colhida,
quantidade produzida, rendimento médio e
valor da producao das lavouras permanentes
(notas). Disponivel em https://cidades.ibge.
gov.br/brasil/pesquisa/15/0, acesso em
17/out. 2022.
EMBRAPA - Colecao Plantar. 66 (2010). A
cultura da goiaba [editores técnicos: Flavia
Rabelo Barbosa e Mirtes Freitas Lima] — 22
edicdo revista e ampliada — Brasilia, DF:
Embrapa Informacao Tecnolégica, 2010.
180p. Disponivel em: https://ainfo.cnptia.
embrapa.r/digital/bitstream/item/128279/1/
PLANTAR-Goiaba-ed02-2010.pdf

7. OSORIO, C.; FORERO, D.P.; CARRIAZO, J.

0.

G. Characterisation and performance
assessment of guava (Psidium guajava L.)
microencapsulates  obtained by spray-
drying. Food Research International, v. 44, n.
5, p. 1174-1181, 2011. https://doi.org/10.10
16/j.foodres.2010.09.007.

SOUZA, G. R., NASCIMENTO M., E,
OLIVEIRA S., P., MERSON, A. A, LIMAS., J.
R. C., MARQUES, F. C, SOUZA, T. D. S.
Desenvolvimento de material encapsulante a
partir da farinha seca e desengordurada de
semente de goiaba. Brazilian Journal of
Development, v. 6, n. 12, p. 98027-98037,
2020. https://doi.org/10.34117/bjdvén12-337
CANO-CHAUCA, M et al. Effect of the carriers
on the microstructure of mango powder
obtained by spray drying and its functional
characterization. Innovative Food Science &
Emerging Technologies, v. 6, n. 4, p. 420-428,
nov./dez, 2005. https://doi.org/10.1016/j.if
set.2005.05.003

FUCHS, M. et al. Encapsulation of oil in
powder using spray drying and fluidised bed
agglomeration. Journal of Food Engineering,
V. 75, n. 1, p. 27-35, jun./jul, 2006. doi:
https://doi.org/10.1016/j.jfoodeng.2005.03.0
47

CAI, Y. Z.; CORKE, H. Production and
Properties of Spray-dried Amaranthus
Betacyanin Pigments. Journal of food science,
Chicago, v. 65, n. 3600, p. 1248-1252,
jun./jul. 2006. https://doi.org/10.1111/j.1365-
2621.2000.tb10273.x.

JINAPONG, N.; SUPHANTHARIKA, M.,
JAMNONG, P. Production of instant soymilk
powders by ultrafiltration, spray drying and
fluidized bed agglomeration. Journal of Food
Engineering, Essex, v. 84, n. 2, p. 194—205,
dez./jan. 2008. https://doi.org/10.1016/].
jfoodeng.2007.04.032.

GOULA, A. M.; ADAMOPOULOS, K. G. A
method for pomegranate seed application in
food industries: Seed oil encapsulation. Food
and Bioproducts Processing, Rugby, v. 90, n.
4, p. 639-652, set./out, 2012. https://doi.org/
10.1016/j.fbp.2012.06.001.

SILVA, E. P. D., SILVA, D. A. T. D,
RABELLO, C. B. V., LIMA, R. B., LIMA, M. B.,

Potential Encapsulating Microparticle from Degreased Dry Flour of Guava Seeds

(© 2024 Great Britain Journals Press

Volume 24 | Issue 3 | Compilation 1.0

London Journal of Engineering Research



London Journal of Engineering Research

10.

11.

12.

13.

14.

15.

& LUDKE, J. V. Composicao fisico-quimica e
valores energéticos dos residuos de goiaba e
tomate para frangos de corte de crescimento
lento. Revista Brasileira de Zootecnia, v. 38, n.
6, p. 1051-1058, 2009. Disponivel em: https://
www.scielo.br/j/rbz/a/vK3tG7XYcofpHVZc6z
d5qNc/?format=pdf&lang=pt.

SILVEIRA, MARCIA LILIANE RIPPEL et al
SILVEIRA, M. L. R., DOS SANTOS, C. O.,
PENNA, N. G., SAUTTER, C. K., DA ROSA, C.
S., & BERTAGNOLLI, S. M. M.
Aproveitamento tecnologico das sementes de
goiaba (Psidium guajava L.) como farinha na
elaboracdo de biscoitos. Boletim do Centro de
Pesquisa de Processamento de Alimentos, v.
34, n. 2, 2017. http://dx.doi.org/10.5380/cep.
v34i2.53178.

SOARES, D. J., DIOGENES, A., MOURA
NETO, L. G., COSTA, Z. R. T., ALVES, V. R.,
SANTOS, M., & MORAIS, B. Utilizacdo de
farinha de residuos de goiaba na elaboracao de
paes. Revista CIENTEC, v. 9, n. 1, p. 97-103,
2017. Disponivel em: http://revistas.ifpe.
edu.br/index.php/cientec/article/view/39/32.
THOMAZ, A. U., SOUSA, E. C, LIMA, A,
LIMA, R. M. T., FREITAS, P. A. P., SOUZA, M.
A. M., & CARIOCA, J. O. B. Elaboracao e
aceitabilidade de produtos de panificacao
enriquecidos com semente de goiaba (Psidium
guajava L.) em p6. HOLOS, v. 5, p. 199-210,
2014. https://doi.org/10.15628/holos.2014.1
895.

LUO, Ye WANH, Q. Zein based micro and
nano-particles for drug and nutrinet delivery:
A review. Journal of Applied Polymer Science.
v. 131, n. 16, p. 1-12, 2014. https://doi.org/10.
1002/app.40696.

SILVA, P. T. D., FRIES, L. L. M., MENEZES,
C. R. D., HOLKEM, A. T., SCHWAN, C. L.,
WIGMANN, E. F., & SILVA, C. D. B. D.
Microencapsulation: concepts, mechanisms,
methods and some applications in food
technology. Ciéncia Rural, v. 44, p. 1304-1311,
2014. http://dx.doi.org/10.1590/0103-8478cr
20130971.

GALVANI, F; GAERTNER, E. Adequacdo da
metodologia Kjeldahl para determinacgido de
nitrogénio total e proteina bruta. Embrapa
Pantanal-Circular Técnica (INFOTECA-E),

16.

17.

18.

19.

20.

2006. Disponivel em: http://www.infoteca.
cnptia.embrapa.br/infoteca/handle/doc/8121

98.
WILLIAMS, R. D. e OLMSTED, W. H. A
biochemical = method for determining

indisgetible residue (crude fiber) in feces:
lignin, cellulose, and non-water-soluble
hemicelluloses.  Journal of Biological
Chemistry, v. 108, n. 3, p. 653-666, abr/mar,
1935. Disponivel em: https://www.cabdirect.
org/cabdirect/abstract/19351400053.
MERRILL, A. L. e BERNICE, K. W. (1973).
Energy Value of Foods: Basis and Derivation.
Agriculture Handbook. Washington, DC, ARS
United States Departament of Agriculture.
Disponivel em: https://www.ars.usda.gov/
ARSUserFiles/80400525/Data/Classics/ah74.
pdf.

MALL, 1.D., SRIVASTAVA, V.C., KUMAR,
G.V.A., AND MISHRA, I.M. Characterization
and utilization of mesoporous fertilizer plant
waste carbon for adsorptive removal of dyes
from aqueous solution. Colloids and Surfaces
A: Physicochemical and Engineering Aspects,
cidade, v. 278, n. 1-3, p. 175-187, 2006.
doi: 10.1016/j.colsurfa.2005.12.017.  https://
doi.org/10.1016/j.colsurfa.2005.12.017.
BEDIN, K. C., SOUZA. I. P. A. F., CAZETA, A.
L., SPESSATO L. RONIX A. ALMEIDA. V.
C.CO2-spherical activated carbon as a new
adsorbent for Methylene Blue removal:
Kinetic, equilibrium and thermodynamic
studies. Journal of Molecular Liquids, v. 269,
p- 132-139, 2018. https://doi.org/10.1016/j.
molliq.2018.08.020

CAZETTA, A. L., VARGAS, A. M., NOGAM]I,
E. M., KUNITA, M. H., GUILHERME, M. R,,
MARTINS, A. C., ALMEIDA, V. C.
NaOH-activated carbon of high surface area
produced from coconut shell: Kinetics and
equilibrium studies from the methylene blue
adsorption. Chemical Engineering Journal, v.
174, n. 1, p. 117-125, 2011. https://doi.org/
10.1016/j.cej.2011.08.058.

ROYER, B., CARDOSO, N. F., LIMA, E. C,,
VAGHETTI, J. C., SIMON, N. M., CALVETE,
T., & VESES, R. C. Applications of Brazilian
pine-fruit shell in natural and carbonized
forms as adsorbents to removal of methylene

Potential Encapsulating Microparticle from Degreased Dry Flour of Guava Seeds

Volume 24 | Issue 3 | Compilation 1.0

(© 2024 Great Britain Journals Press



21.

22,

23.

24.

25.

blue from aqueous solutions—Kinetic and
equilibrium study. Journal of hazardous
materials, v. 164, n. 2-3, p. 1213-1222, 2009.
https://doi.org/10.1016/j.jhazmat.2008.09.02
8.

MALASH, G. F.; EL-KHAIARY, M. 1L
Piecewise linear regression: A statistical
method for the analysis of experimental
adsorption data by the intraparticle-diffusion
models. Chemical Engineering Journal, v. 163,
n. 3, p. 256-263, 2010. https://doi.org/10.10
16/j.c€j.2010.07.059.

MALASH, G.F.; EL-KHAIARY, M. L
Methylene blue adsorption by the waste of
Abu-Tartour phosphate rock.Journal of
colloid and interface science, v. 348, n. 2, p.
537-545, 2010. https://doi.org/10.1016/j.jcis.
2010.05.005.

R. HAN, J. ZHANG, P. HAN, Y. WANG, Z.
ZHAO, M. TANG. Study of equilibrium,
kinetic and thermodynamic parameters about
methylene blue adsorption onto natural
zeolite. Chemical Engineering Journal, v. 145,
n. 3, p. 496-504, 2009. https://doi.org/10.10
16/j.c€j.2008.05.003.

CARDOSO, N.F., PINTO, R.B., LIMA, E.C.,
CALVETE, T., AMAVISCA, C.V., ROYER, B,,
CUNHA, M.L., FERNANDES, T.H.M., AND
PINTO, I.S., Removal of remazol black B
textile dye from aqueous solution by
adsorption. Desalination, v. 269, n.1-3, p.
92-103, 2011. Disponivel em: https://www.
academia.edu/12233601/Removal_of_remazo
1_black_B_ textile_dye_from_aqueous_soluti
on_by_adsorption.

GAO, Q., ZHU, H., LUO, W.-J., WANG, S.,
AND ZHOU, C.-G., Preparation, characteriza-
tion, and adsorption evaluation of chitosan-
functionalized = mesoporous  composites.
Microporous and Mesoporous Materials, v.
193, p. 15-26, jun./jul, 2014. doi: 10.1016/
j.micromeso.2014.02.025. https://doi.org/10.
1016/j.micromeso.2014.02.025.

PAVIA et al. Introduction of Spectrocopy. 42
edicao. Cegage Learning, 2010.
BARDESTANI, R.; PATIENCE, G. S
KALIAGUINE, S.. Experimental methods in
chemical engineering: specific surface area
and pore size distribution measurements -

26

27.

28.

29.

30.

31.

BET, BJH, and DFT. The Canadian Journal of
Chemical Engineering, v. 97, n. 11, p.
2781-2791, 2019. https://doi.org/10.1002/cj
ce.23632.

. BAE, Y-S.; YAZAYDIN, A. O.; SNURR, R. Q.

Evaluation of the BET method for determining
surface areas of MOFs and zeolites that
contain ultra-micropores. Langmuir, v. 26, n.
8, p. 5475-5483, 2010. https://doi.org/10.10
21/1a100449z.

THOMMES M.; KANEKO K.; NEIMARK A.
V.; OLIVIER J. P.; RODRIGUEZREINOSO F.;
ROUQUEROL J.; SING K. S. W. Physisorption
of gases, with special reference to the
evaluation of surfasse area and pore size
distribution (IUPAC Technical Report). Pure
and Applied Chemistry. V. 87, p. 1051 - 1070,
2015. https://doi.org/10.1515/pac-2014-1117.
CANEVAROLO JR, Sebastido V. et al
Técnicas de caracterizacdo de polimeros.
Artliber, Sao Paulo, v. 430, n. 2004, 2004.
Disponivel em: https://www.artliber.com.
br/amostra/tecnicas_de_ caracterizacao_de_
polimeros.pdf

ZHAO, L. G.; WARRIOR, N. A.; LONG, A.C. A
thermo-viscoelastic analysis of process-
induced residual stress in fibre-reinforced
polymer—matrix composites. Materials
Science and Engineering: A, v. 452, p.
483-498, 2007. https://doi.org/10.1016/
j-msea.2006.10.060.

GUERREIRO, L. Dossié técnico: produtos
extrusados para consumo humano, animal e
industrial. Rio de Janeiro: REDETEC, 2007.
Disponivel em: http://www.respostatecnica.
org.br/dossie-tecnico/downloadsDT/MTcy.
MAITY, J. AND RAY, S.K. Enhanced
adsorption of methyl violet and congo red by
using semi and full IPN of polymethacrylic
acid and chitosan. Carbohydrate Polymers, v.
104, n. s/n, p. 8-16, mar./abr, 2014. https://
doi.org/10.1016/j.carbpol.2013.12.086.
GEZICI, 0., KUCUKOSMANOGLU, M.,
AYAR, A. The adsorption behavior of crystal
violet in functionalized sporopollenin-
mediated column arrangements. Journal of
Colloid and Interface Science, v. 304, n. 2, p.
307-316, 2006. doi: 10.1016/j.jcis.2006.09.0

Potential Encapsulating Microparticle from Degreased Dry Flour of Guava Seeds

(© 2024 Great Britain Journals Press

Volume 24 | Issue 3 | Compilation 1.0

London Journal of Engineering Research



London Journal of Engineering Research

32.

33-

34.

35-

36.

37

48. disponivel em: https://ur.booksc.eu/
book/3654027/7b8f64.

KHAN, T.A., CHAUDHRY, S.A., AND ALI, I
Equilibrium uptake, isotherm and kinetic
studies of Cd(II) adsorption onto iron oxide
activated red mud from aqueous solution.
Journal of Molecular Liquids, v. 202, p.
165-175, 2015. https://doi.org/10.1016/j.mo
llig.2014.12.021.

MALL, 1.D. SRIVASTAVA, V.C., KUMAR,
G.V.A., AND MISHRA, I.M. Characterization
and utilization of mesoporous fertilizer plant
waste carbon for adsorptive removal of dyes
from aqueous solution. Colloids and Surfaces
A: Physicochemical and Engineering Aspects,
cidade, v. 278, n. 1-3, p. 175-187, 2006.
doi: 10.1016/j.colsurfa.2005.12.017.  https://
doi.org/10.1016/j.colsurfa.2005.12.017.
TANHAEI, B., AYATI, A., LAHTINEN, M.,
AND SILLANPAA, M., Preparation and
characterization of a novel chitosan/Al203/
magnetite nanoparticles composite adsorbent
for kinetic, thermodynamic and isotherm
studies of Methyl Orange adsorption.
Chemical Engineering Journal, v. 259, p. 1-10,

2015. https://doi.org/10.1016/j.cej.2014.07.
1009.

PLAZINSKI, W., RUDZINSKI, W., AND
PLAZINSKA, A. Theoretical models of

sorption kinetics including a surface reaction
mechanism: A review. Advances in Colloid
and Interface Science, v. 152, n. 1-2, p. 2-13,
nov./dez, 2009. https://doi.org/10.1016/j.cis.
2009.07.009.

DAHRI, M.K., KOOH, M.R.R., LIM, L.B.L,,
Water remediation using low cost adsorbent
walnut shell for removal of malachite green:
Equilibrium, Kkinetics, thermodynamic and
regeneration studies. Journal of
Environmental Chemical Engineering, v. 2, n.
3, P.- 1434-1444, 2014. https://doi.org/10.10
16/j.jece.2014.07.008.

MUSYOKA, S.M., MITTAL, H., MISHRA, S.B.,
NGILA, J.C., Effect of functionalization on the
adsorption capacity of cellulose for the
removal of methyl violet. International
Journal of Biological Macromolecules, v. 65, p.
389-397, jun./jul, 2014. https://doi.org/10.1
016/j.ijbiomac.2014.01.051.

38.

39-

40.

41.

42.

43.

44.

PERUCHI, L.M., FOSTIER, A.H., RATH, S.,
Sorption of norfloxacin in soils: Analytical
method, kinetics and Freundlich isotherms.
Chemosphere, v. 119, p. 310-317, jun./jul,
2015. https://doi.org/10.1016/j.chemosphere.
2014.06.008.

WEBER JR, W. J.; MORRIS, J. C. Kinetics of
adsorption on carbon from solution. Journal
of the sanitary engineering division, v. 89, n.
2, p. 31-59, 1963. https://doi.org/10.1061/
JSEDAI.0000430.

GUPTA, S. S.; BHATTACHARYYA, K. G.
Kinetics of adsorption of metal ions on
inorganic materials: a review. Advances in
Colloid and Interface Science, Amsterdam, v.
162, n. 1-2, p. 39-58, dez./jan, 2011.
https://doi.org/10.1016/j.cis.2010.12.004.
AHMAD, R.; KUMAR, R. Adsorptive removal
of congo red dye from aqueous solution using
bael shell carbon. Applied Surface Science,
Amsterdam, v. 257, n. 5, p. 1628-1633,
nov./dez, 2010. https://doi.org/10.1016/].
apsusc.2010.08.111.

ALZAYDIEN, A. S.; MANASREH, W.
Equilibrium, kinetic and thermodynamic
studies on the adsorption of phenol onto
activated phosphate rock. International
Journal of Physical Sciences, Lagos, v. 4, n. 4,
p. 172-181, 2009. Disponivel em: https://
academicjournals.org/journal/IJPS/article-ful
I-text-pdf/B3C1A9F18737.

AHMED, M. J.; THEYDAN, S. K. Adsorption
of cephalexin onto activated carbons from
Albizia lebbeck seed pods by
microwave-induced KOH and K2CO3
activations. Chemical Engineering Journal,
Amsterdam, v. 211-212, n. 1, p. 200—207,
2012. https://doi.org/10.1016/j.cej.2012.09.0
89.

AHMED, M. J.; THEYDAN, S. K
Fluoroquinolones antibiotics adsorption onto
microporous activated  carbon  from
lignocellulosic  biomass by microwave
pyrolysis. Journal of the Taiwan Institute of
Chemical Engineers, Taipei, v. 45, n. 1, p.
219—226, 2014. https://doi.org/10.1016/j.
jtice.2013.05.014.

ARAUJO, A. L. P.,, SILVA, M. C. C,
GIMENES, M. L., & BARROS, M. A. S. D.

Potential Encapsulating Microparticle from Degreased Dry Flour of Guava Seeds

Volume 24 | Issue 3 | Compilation 1.0

(© 2024 Great Britain Journals Press



Estudo termodindmico da adsorcdo de zinco
em argila bentonita bofe calcinada. Scientia
plena, v. 5, n. 12, 2009. Disponivel em:
https://www.scientiaplena.org.br/sp/article/v
iew/680.

45. LI, P., SU, Y.-J., WANG, Y., LIU, B.,, AND

SUN, L.-M., Bioadsorption of methyl violet
from aqueous solution onto Pu-erh tea
powder. Journal of Hazardous Materials,
2010. 179(1-3): p. 43-48. https://doi.org/10.
1016/j.jhazmat.2010.02.054.
AHMAD, R.; KUMAR, R. Adsorptive removal
of congo red dye from aqueous solution using
bael shell carbon. Applied Surface Science,
Amsterdam, v. 257, n. 5, p. 1628-1633,
nov./dez, 2010. https://doi.org/10.1016/j.
apsusc.2010.08.111.

46. GERCEL, O., OZCAN, A., OZCAN, A. S, &
GERCEL, H. F. Preparation of activated
carbon from a renewable bio-plant of
Euphorbia rigida by H2SO4 activation and its
adsorption behavior in aqueous
solutions. Applied surface science, v. 253, n.
11, p. 4843-4852, 2007. https://doi.org/10.
1016/j.apsusc.2010.08.111.

Research Highlights

Encapsulating material from guava seed.
High capacity to incorporate the methylene
blue dye.

e Pseudo-second-order model better described
the adsorption kinetics.

Potential Encapsulating Microparticle from Degreased Dry Flour of Guava Seeds

(©2024 Great Britain Journals Press Volume 24 | Issue 3 | Compilation 1.0

London Journal of Engineering Research



Great Britain Journal Press Membership

For Authors, subscribers, Boards and organizations

Great Britain Journals Press membership is an elite
community of scholars, researchers, scientists, profess-
sionals and institutions associated with all the major
disciplines. Great Britain memberships are for indivi -
duals, research institutions, and universities. Authors,
subscribers, Editorial Board members, Advisory Board
members, and organizations are all part of member
network.

Read more and apply for membership here:
https.//journalspress.com/journals/membership

For Authors For Institutions For Subscribers

Author Membership provide Society flourish when two institutions Subscribe to distinguished STM
access to scientific innovation, Come together." Organizations, (scientific, technical, and medical)
next generation tools, access to research institutes, and universities publisher. Subscription member-
conferences/seminars,/ can join GBJP Subscription member- ship is available for individuals
symposiums/webinars, shipor privileged "Fellow Membership" universities and institutions
networking opportunities, membership facilitating researchers to (print & online). Subscribers

and privileged benefits. publish their work with us, become can access journals from our
Authors may submit research peer reviewers and join us on libraries, published in different
manuscript or paper without Advisory Board. formats like Printed Hardcopy,
being an existing member of GBJP. Interactive PDFs, EPUBs,

Once a non-member author submits eBooks, indexable documents

a research paper he/she becomes and the author managed dynamic
a part of "Provisional live web page articles, LaTeX,
Author Membership". PDFs etc.

(© 2024 Great Britain Journals Press Volume 24 | Issue 3 | Compilation 1.0



PRINTED VERSION, INTERACTIVE PDFS, EPUBS, EBOOKS, INDEXABLE
DOCUMENTS AND THE AUTHOR MANAGED DYNAMIC LIVE WEB PAGE
ARTICLES, LATEX, PDFS, RESTRUCTURED TEXT, TEXTILE, HTML, DOCBOOK,
MEDIAWIKI MARKUP, TWIKI MARKUP, OPML, EMACS ORG-MODE & OTHER

© COPYRIGHT 2024 GREAT BRITAIN JOURNALS PRESS

GO GREEN AND HELP
SAVE THE ENVIRONMENT




	1. Reaching Pandemic Milestones with Country 

Primary and Secondary Vaccination Inﬂection 

Points: An Assessment of Foundational and 

Hybrid Forecasting Methodologies
	2. Discussion on the Interpretation of the Word

"Catalysis, Catalyst"
	3. Potential Encapsulating Microparticle from

 Degreased Dry Flour of Guava Seeds

