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A predictive model can be learned using historical information. Thereafter, information about

a running case is combined with a predictive model to estimate the case's remaining flow

time. The predictive model is based on data from past events, which can be used to make

predictions for current operating situations. For example, the case of coronavirus disease 2019

(COVID-19), which is currently infecting the whole world, including Indonesia, have

influenced various aspects, ranging from the educational environment, business, economy, to

the companies. Data scientists are urgently needed who can help organizations improve their

operational processes. Therefore, this journal discusses the prediction of the peak number of

COVID-19 cases in Indonesia, using two prediction models, logistic and Gompertz. The

results obtained show that the Gompertz model has higher accuracy than the logistic model,

with an accuracy of 99.85%. This journal's results are expected to help organizations estimate

the time to rebuild themselves after being affected by COVID-19.
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1. Introduction

The interdisciplinary area of data science is which aims at translating true value

data. Data can be small or large, static or streaming, structured or unstructured. In

the form of forecasts, computerized decisions, data-finding models, or some kind

of insight-providing visualization of documents, the value can be given.

The interest in data science is rapidly on the rise. Recent years have seen the

rise of data science as a modern and significant discipline. It can be seen as a

combination of traditional disciplines such as analytics, data processing, databases,

and distributed systems. New strategies need to be integrated to transform readily

available data into meaning for individuals, organizations, and society. Many see

data science as a future profession—the hype around big data and predictive

analytics show this. Data ("Small" or "Large") is valuable to individuals and

organizations and can only increase their significance [1].

Most of the digital universe information is unstructured, and companies have

difficulty managing such vast volumes of data. The extraction of knowledge and

meaning from data contained in there is the IS. It is one of the key challenges facing

today's organizations. To detect patterns and forecast future trends and outcomes,

predictive analytics is the method of extracting data from established data sets. New

approaches to mining and learning are applied to generate predictions in an

enterprise environment. Business analysis and market intelligence help with

predictive analysis. Predictive analytics uses historical data to make predictions

[1].

Models with a high predictive value can only be generated by experienced

designers and analysts and can be used as a starting point for re-implementation or

redesign. Hence, we promote the use of data from cases. Process mining permits

the extraction of fact-based models. On the one side, it can be seen that all manner

of inefficiencies exists. On the other hand, process mining may also imagine some

workers' exceptional versatility in solving problems and varying workloads [1].

The findings from data mining can be descriptive as well as predictive. Decision

trees, rules of the association, regression functions say something about the set of

data used to learn the model [1] [2] [3]. Nevertheless, they can also be used to make

projections for new cases, such as forecasting the peak number of COVID-19 cases

in Indonesia based on the number of the first cases.

Based on the facts, the number of COVID-19 cases in Indonesia has increased

day by day since March 2020. Not only does it have an impact on health that leads

to death, but it also impacts on various aspects, such as the educational

environment, business, economy, and even large companies, which implement

work from home (WFH) and even layoffs. Therefore, based on these conditions, it

becomes essential for researchers, especially in data science, to predict the peak

number of COVID-19 cases to help organizations estimate the time to rebuild

themselves after being affected by COVID-19.

In data science, many prediction models are often used to predict a case. One

of them is the logistic model and the Gompertz model that is used in this journal.

Various studies have used growth analyses to describe species growth [4] [5] [6]

[7] [8], to compare different biometric growth trends within a species [4] [9],

comparing one biometric to another [10] [11], or relate environmental conditions

to energy expenditure and growth [12] [13] [14]. Given the substantial number of

studies [15] [16] [17], There was no single standardized method for describing or

evaluating the growth of body mass or other biometric measurements over time.

[18] The system of Ricklefs does not require regression and is not discussed here.
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One of the most widely used sigmoid models for growth data and other data is

the Gompertz model [19], probably second only to the logistic model (also called

the Verhulst model). Researchers suit the Gompertz model with everything from

plant growth, bird growth, fish growth, and another animal growth to tumor growth

and bacterial growth [20] [21] [22] [23] [24] [25] [26] [27] [28] [29], and the

literature is massive. The Gompertz belongs to the Richards family of triparameter

sigmoidal growth models, in addition to traditional models such as the negative

exponential (including the Brody), the logistic, and the von Bertalanffy (or

Bertalanffy alone) [30] [31]. The literature contains numerous Gompertz model

parameterizations and reparametrizations. However, no systematic review has

attempted these and their properties.

The cumulative Gompertz-Logistic model also rapidly became a favorite from

the 1920s onwards in fields other than human mortality, such as predicting

increased demand for goods and services, cigarette sales, growth in rail traffic, and

demand vehicles [32] [33]. Wright [34] is the first to suggest the Gompertz model

for biological growth. Perhaps the first to apply it to biological data was Davidson

[35] in a hibovine body mass growth study. In 1931, the Gompertz model was

reported by Weymouth, McMillin, and Rich [36] to successfully describe the shell-

size growth in razor clams, as reported by Siliqua patula and Weymouth and

Thompson [37] for the Pacific cockle, Cardium Corbis. Researchers quickly started

to adapt the model to their data through regression. Over the years, the popular [38]

model of Gompertz became a favorite regression model for many forms of

organism growth, such as dinosaurs, e.g. [39] [40], birds, e.g. [17] [18] [30] [41],

and mammals, e.g. [42] [43], including marsupials, e.g. [44] [45]. The Gompertz

model is often also used to predict growth in microbe number or density [46] [47],

tumor growth [21] [48] [49], and cancer patient survival [50].

Therefore, the purpose of this journal, the first is to describe the comparison of

two forms of prediction models, that are logistic model and Gompertz model, in

predicting the peak number of COVID-19 cases in Indonesia and discuss their

usefulness. The second is to present and discuss the form of the logistic model and

the Gompertz model. The results of this research are expected to provide benefits

to (1) academics in Indonesia, (2) health practitioners in Indonesia, (3) industries

in Indonesia, and (4) abroad.

The remainder of this journal is structured as follows: Section I explains the

context and issue of this journal, the results of previous studies, the works related

to the method similar to the method proposed, and presents the works proposed for

this journal; section II describe the basic theory of logistic model and Gompertz

model; section III describe the proposed works of this journal, detailed procedures,

and the evaluation of the performance for logistic model and Gompertz model to

forecast the peak number of COVID-19 cases in Indonesia; and the conclusions of

this paper is described in section IV.

2. Basic Theory

2.1. Predictive Analytics

Predictive analytics is the process of data recognition of important and relevant

trends. It draws from a range of different fields, some of which have been using

data patterns for more than 100 years, including pattern recognition, statistics,

machine learning, artificial intelligence, and data mining [51]. What distinguishes

predictive analytics from other analytical types?

First, predictive analytics is data-driven, which means that algorithms derive

key characteristics of the models from the data themselves rather than from the
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analysts' assumptions [51]. Data-driven algorithms, to put it another way, induce

models from data. The induction process may involve identifying variables to be

used in the model, model-defining parameters, model weights or coefficients, or

model complexity.

Second, algorithms for predictive analytics automate the process of identifying

patterns from the data [51]. Effective induction algorithms discover the model's

coefficients or weights and the model's very structure. For example, statisticians

have created the logistic function called the sigmoid function to explain the

properties of population growth in ecology, growing rapidly and maxing out at the

carrying capacity of the environment. Other algorithms can be modified to forecast

using the Gompertz model. The Gompertz model is well known and commonly

used in many fields of biology. It has also been used to characterize plant and

animal growth and the amount or volume of cancer cells and bacteria.

However, in this journal, the logistic model and Gompertz model application is

modified, which is applied to predict the growth and the peak number of COVID-

19 in Indonesia.

2.2. Theory of the Logistic Model

Logistic regression is a type of algorithm used for classification. This algorithm

can be used to predict probabilities related to the occurrence of a class or event.

Logistic regression is based on the logistic equation, which, as in probabilities, has

output values in the range from null to one. Thus, the logistic function can be used

to turn arbitrary values into probabilities. Logistic regression given any observed

variable(s) gives the likelihood of an occurrence. Probability is often expressed as

P(Y|X) and read as Probability that the value is Y given the variable X.

The logistic regression model can be expressed as follows

ln �
�

� � �
� = � + � � . (1)

Solving this equation for � , we get the logistic Probability

�

� � �
= � � � � � , (2)

� =
�

� � � � (� � � � ). (3)

We can, just as with linear regression, add several dimensions (dependent

variables) to the problem

� =
�

� � � � ( � � � � � � � � � � � � ⋯� � � � � � � � � � � � � ). (4)

In Eq. (4), the logistic model predicts the patient default probability based on

input variables. The logistic model is carried out on a dataset not necessarily having

a time component. Yet a "cross-section" of a time series data set (data were taken

at a constant time point) is a strong candidate for a logistic model [52] [53].

Therefore, the logistic growth model improved the exponential growth model. A

population grows in the logistic model until it achieves a maximum capacity. The

logistic model is based on the assumption that the growth rate
� �

� �
is proportional to

the existing population and the remaining available resources for the existing

population. The concept of logistic growth is expressed in
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� (� ) =
�

� � �
(� � � � � � � � � � )

, (5)

where,

� � � � =
�

�
ln �

�

� �
− 1� . (6)

If � (� ) represents a livestock's body weight at time � , then parameter � is in

Eq. (5) could be considered a mature weight (the maximum weight that the

livestock could obtain). Here � � � � is the time of inflection (the best time to expand

a population) and � is the proportional growth rate parameter.

In another application of the logistic model, for example, in animal growth, the

logistic growth curve is a model of three parameters which is typically given as

� =
�

� � � ( � � � � � � � � )
, (7)

where � is body mass, � is asymptotic body mass, � is the constant growth rate, �

is age and � � is age at the point of inflection [54] [55] [56]. This model is rather

inflexible, as around the point of inflection, it is symmetrical, fixed at 50 percent

of the upper asymptote. The value of � at the point of inflection is � = � � . Then

the model reduces to
�

� � � �
=

�

�
. Notwithstanding that limitation, one of the most

popular and frequently applied models is the logistic model.

Another popular model for fitting time series data and forecasting is the

Gompertz model and will be explained in the next subsection below.

2.3. Theory of Gompertz Model

The Gompertz model is well documented and commonly used in many

biological aspects. It is also used to explain the growth of plants and animals and

the amount or volume of bacteria and cancer cells [57]. However, in this journal,

the Gompertz model will be applied to COVID-19 cases to predict the growth and

the peak number of COVID-19 cases in Indonesia.

The growth curve for Gompertz is typically [54] [55] [56]:

� = � � � �
(� � � � � � � � )

. (8)

The Gompertz model is compared to the logistics model, which behaves very

similarly. This is also inflexible in that 36.79 percent of the upper asymptote is

fixed at the point of inflection. This can be found at � = � � , reducing the model to

� � � � =
�

�
. The Gompertz growth curve is, therefore, best suited for growth

processes where the inflection point is located at approximately one-third of the

adult value ( � ). Perhaps even more common than the logistic model, the Gompertz

model is fitted to chick growth data.

Some of the Gompertz model re-parametrizations found in the literature are

more useful than others since they have simple parameters to interpret. One

valuable re-parameterization that is commonly found is

� (� ) = � � � �
(� � � � � � � � � )

, (9)

where � (� ) as a function of time (e.g., days from birth or hatching) is the expected

value (mass or length), and � is the time, � is the upper asymptote (adult value), � �
is the growth coefficient (which affects the slope), and � � is the inflection time. The
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� � -parameter moves the growth curve horizontally without altering the shape. It is

thus what is sometimes called a position parameter (whereas A and � � are shape

parameters).

The logistic model and Gompertz model are widely used to describe a

population growth model. Both of these models will be applied to the COVID-19

case to predict Indonesia's growth and cases.

2.4. Proposed Logistic Model

The logistic model used in the COVID-19 case in this journal has been

modified. The modification here is to set the fitting coefficient, so it does not have

an infinite value, to find the saturation point. But even so, the logistics model's

function here still follows the basic function of the sigmoid curve. The logistic

model for predicting the peak number of COVID-19 cases is as follows

� � =
�

� � � � ( � � � � )/ � , (10)

where � � is the cumulative value of the confirmed case, � is the maximum predicted

value, � is the fitting coefficient, and � is the number of days since the first day the

case appeared ( � � ).

2.5. Proposed Gompertz Model

Same as the logistic model, the Gompertz model used in this journal for the

COVID-19 case also underwent a slight modification to the function of the fitting

coefficient, with the following equation

� � = � � � �
� ( � � � � )/ �

, (11)

where � � is the cumulative value of the confirmed case, � is the maximum predicted

value, � is the fitting coefficient, and � is the number of days since the first day the

case appeared ( � � ). Eq. (10) and Eq. (11) are based on the fitting-curve.

The next section will discuss the performance evaluation of the time series

prediction model using the logistic model and the Gompertz model.

3. Performances Evaluation

3.1. The Number of Cases of COVID-19 in Indonesia

Figure 1 shows COVID-19 cases in Indonesia, starting from March 1, 2020,

until June 30, 2020. It shows that the curve is increasing from 0 (March 1, 2020) to

56385 (June 30, 2020), which shows the number of people that are positively

infected by COVID-19. For example, on day-0 there are 0 people, on day-20 there

are 450 people, on day-40 there are 3512 people, on day-60 there are 10118 people,

on day-80 there are 19189 people, on day-100 there are 33076 people, and on day-

121 (June 30, 2020) there are 56385 people that positively infected by COVID-19.
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Figure 1 The Number of Infected People in Indonesia

3.2. The Increment of COVID-19 in Indonesia

This journal's history of data is starting from March 1, 2020, and ends on June

30, 2020. Figure 2 concluded that the increment of cases of COVID-19 is known

as the delta (∆). This means the cumulative (� � � ) between the number of infected

people in this day (� � � ( � )) minus the number of infected people yesterday

( � � � ( � − 1)), or it can be expressed as

∆(� ) = � � � (� ) − � � � ( � − 1), (12)

or

∆(� + 1) = � � � (� + 1) − � � � (� ), (13)

where

∆(0) = � � � (0), (14)

which mean the ∆(0) indicated the day-0 as known as the initial cases, at March 1,

2020, with the number of cases is 0.

Figure 2 The Increment of Infected People per Day in Indonesia

Figure 2 shows the increment of the number of cases of COVID-19 per day,

starting from March 1, 2020, until June 30, 2020. This time series shows some

distinct seasonal patterns. In general, Figure 2 shows deltas always rising, but there
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are decreases and increases in detail from one day to another. As shown in the

figure, on day-69 to day-71, there is a two-fold decrease from 533 to 387 to 233

number of people. But after that, there was a threefold increase, from 233 to 484

then to 689 people. Also, on day-96 to day-97, the increase is significantly higher,

993 people.

Based on the pattern, the conclusion is that the number of infected people day

by day in Indonesia is up and down continues to increase, and has experienced a

significant decrease, and vice versa. Since the seasonal pattern is not exactly

replicated every day, there will always be some cyclic and erratic behavior. Do

note the long-term pattern, illustrated by the overall increase over time (except,

maybe, towards the end of the series).

3.3. The Comparation among The Logistic Model, The Gompertz Model, and

The Real Data

The result shows that Figure 3 can be concluded that the starting cases (initial

value) on March 1, 2020, based on the logistic model, there are 884 infected people.

Furthermore, there are 370 infected people based on the Gompertz model.

However, based on the fact on Indonesian media, it is known that on March 1,

2020, there are 0 cases of infected people. Also, there is a difference in initial values

(day-0) between the logistic model, the Gompertz model, and the real data, as

shown in Figure 3, due to a prediction's characteristics. Predictions are initially

messy, and the similarity of data is low, but the farther here, the predictions for the

future will be more accurate, as shown in Figure 3. The longer here (which means,

the more data learned), the similarity of data between the prediction model and the

reality is higher (relatively more similar). There is a significant difference only in

the initial values, but overall, the predicted data and the real data are almost

identical. Also, we look at the accuracy of these predictions based on the data's

similarity, not seen in detail from day to day.

Figure 3 The Comparison of Data

3.4. The Predicted Number of Cases

The predicted number of cases is conditionally based on the history of data used.

In this journal, the length of the history of data used is 121. Afterward, as many as

121 of these historical data are learned by machine learning. The prediction of the

peak COVID-19 is made, including the peak day. Based on the research of this

journal, for example, the history of data taken by this journal is until June 30, 2020,
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then the saturation point indicated that the COVID-19 would end, is on April 23,

2021, for logistic model, and will end on May 30, 2024, for Gompertz model.

However, if the history of data used is until June 6, 2020, the saturation point that

indicated that the COVID-19 would end is on December 31, 2020, for the logistic

model, and will end on June 4, 2022, for the Gompertz model.

Figure 4 The Forecasting of Infected People in Indonesia

The predicted number of infected people uses the logistic model is shown in

Figure 4. This figure shows the increment of infected people from the beginning to

the end (day-417), with the peak number of infected people is 101856. A similar

calculation applies for the Gompertz model in Figure 4 that shows the predicted

number of infected people from the beginning to the end (day-1550). The peak

number of infected people is 440405. Figure 4 represented the number of infected

people, where the history of data is started on March 1, 2020 (day-0) and ended on

June 30, 2020 (day-121).

The blue line represents the predicted line obtained by these models and the

orange line for the logistic model and Gompertz model. The objective of these

predictions is to know about the ending of the COVID-19 outbreak. Therefore,

these results can be used by all elements to prepare to face this outbreak. From

Figure 4, we can conclude that the saturation number occurs on day-392 to day-

417 and day-1436 to day-1550 for the logistic model and Gompertz model,

respectively. The saturation number indicated no addition of infected people, which

means the outbreak is stuck at a saturated value, or we can conclude that the

outbreak is over.

Subsequently, to find out the accuracy of each model (logistic and Gompertz),

then the � � score parameter is used by the following equation:

� � = 1 −
∑( � � � � � � )

�

∑( � � � � � )�
(15)

� � = 1 −
�

�
(16)

� � score range from 0 to 100%. It is closely related but not the same as the

mean square error (MSE). � � is the proportion of variance that is expected from

the independent variable(s) in the dependent variable. Another definition is (total

variance explained by the model) / total variance. Thus, if it is 100%, the two

variables are completely correlated, i.e., without any variation at all. A low value

will indicate a low degree of correlation, indicating a regression model that is not

flawed but is not accurate in every situation.
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Based on Eq. (15) and Eq. (16), we perform this calculation in three steps to

make it easier to understand. � is the sum of the differences between the values

observed and those predicted ( � � � � � � – � � � � � � )
� , or in another definition � is the

total sum of residuals. � is each observed value � � minus the average of observed

values � � . � � � � (� � � � � ) or the total sum of squares. If explained in more detail,

then � is the original value with index � ( � � ), � � is the predicted value with index �

( � � � ), and � � is the value average.

4. Conclusions

According to the logistic model, with an accuracy of 0.9966 (99.66%), the peak

number of cases in Indonesia is 101857 people, and the peak of the outbreak is 418

days after March 1, 2020, is on April 23, 2021. Simultaneously, according to the

Gompertz model, with an accuracy of 0.9985 (99.85%), the peak number of cases

in Indonesia is 440406 people. The outbreak's peak is 1551 days after March 1,

2020, is on May 30, 2024. These models use the history of data from March 1,

2020, until June 30, 2020.

Based on this journal's results, we can conclude that the saturation point of the

predicted number for the logistic model and the Gompertz model is conditionally

based on the length of history of data. Therefore, the more history of data used, the

accuracy of the predicted value will be more accurate, because the machine will be

more sophisticated in learning the patterns that will be used to predict the future.

Also, the principle of machine learning is that the more data learned by machine

learning, the more accurate the predicted data.

Bibliography

[1] W. v. d. Aalst, Process Mining Data Science in Action, Eindhoven, The Netherlands:
Springer-Verlag Berlin Heidelberg, 2016.

[2] K. Benjamin and F. Konstantinos, Regression Models for Time Series Analysis,
Hoboken, New Jersey: John Wiley & Sons, Inc., 2002.

[3] D. W. Hosmer and S. Lemeshow, Applied Logistic Regression, United States of
America: John Wiley & Sons, Inc., 2000.

[4] A. J. Beintema and G. H. Visser, "Growth parameters in chicks of Chadriiform birds,"
Ardea, vol. 77, p. 169–180, 1989.

[5] J. Viñuela and M. Ferrer, "Regulation of growth in red kites and imperial eagles.,"
Wilson Bull, vol. 109, p. 92–101, 1997.

[6] E. W. M. Steinen and A. Brenninkmeijer, "Variation in growth in Sandwich tern
chicks Sterna sandvicensis and the consequences for pre- and post-fledging
mortality.," Ibis, vol. 144, p. 567–576, 2002.

[7] K. M. C. Tjørve, H. Schekkerman, I. Tulp, L. G. Underhill, J. J. d. Leeuw and G. H.
Visser, "Growth and energetics of little stint Calidris minuta chicks on the Taimyr
Peninsula, Siberia," J. Avian Biol., vol. 38, p. 552–563, 2007.

[8] K. M. C. Tjørve, L. G. Underhill and G. H. Visser, "The energetic implications of
precocial development of shorebirds breeding in a warm environment," Ibis, vol. 150,
p. 125–138, 2008.

[9] K. M. C. Tjørve and L. G. Underhill, "Growth, sibling rivalry and their relationship
to fledging success in African black oystercatchers Haematopus moquini," Zoology,
vol. 112, p. 27–37, 2009.

[10] C. Redfern, "Aspects of the growth and development of lapwings Vanellus vanellus,"
Ibis, vol. 125, p. 266–272, 1983.

[11] H. Schekkerman, G. Nehls, H. Hötker, P. Tomkovich, W. Kania, P. Chylarecki, M.
Soloviev and M. V. Roomen, "Growth of little stint Calidris minuta chicks on the
Taimyr Peninsula, Siberia.," Bird Study, vol. 45, p. 77–84, 1998.

[12] M. Klaassen, "Growth and energetics of tern chicks from temperate and polar
environments," Auk, vol. 111, p. 515–544, 1994.



Int. Journal of Applied IT Vol. 04 No. 02 (2020) 67

[13] H. Schekkerman and G. H. Visser, "Prefledging energy requirements in shorebirds:
energetic implications of self-feeding precocial development," Auk, vol. 118, p. 944–
957, 2001.

[14] H. Schekkerman, I. Tulp, T. Piersma and G. H. Visser, "Mechanisms promot- ing
higher growth rate in arctic than in temperate shorebirds," Oecologia, vol. 134, p.
332–342, 2003.

[15] J. M. Starck and R. E. Ricklefs, "Variation, constraint, and phylogeny: comparative
analysis of variation in growth," In: Starck, J.M., Ricklefs, R.E. (Eds.), Avian Growth
and Development. Oxford University Press, New York, Oxford, p. 247–265, 1998.

[16] W. W. Weathers, "Scaling nestling energy requirements," Ibis, vol. 134, p. 142–153,
1992.

[17] K. M. C. Tjørve, G. E. G. Peña and T. Székely, "Chick growth rates in
Charadriiformes: comparative analyses of breeding climate, development mode and
parental care," Journal of Avian Biology, vol. 40, p. 553–558, 2009.

[18] R. E. Ricklefs, "A graphical method of fitting equations to growth curves," Ecology,
vol. 48, p. 978–983, 1967.

[19] B. Gompertz, "On the nature of the function expressive of the law of human mortality,
and on a new mode of determining the value of life contingencies," Philosophical
Transactions of the Royal Society of London B: Biological Sciences, vol. 115, p. 513–
583, 1825.

[20] C. P. Winsor, "The Gompertz curve as a growth curve," Proc. Nat. Acad. Sci., vol.
18(1), no. PMID: 16577417, p. 1–8, 1932.

[21] A. K. Laird, "Dynamics of tumor growth," British Journal of Cancer, vol. 18, p. 490–
502, 1964.

[22] W. E. Ricker, "Growth rates and models," In: Hoar WS, Randall DJ, Brett JR, editors.
Fish physiology. London: AcademicPress, p. 677–743, 1979.

[23] M. H. Zwietering, I. Jongenburger, F. M. Rombouts and K. v. Riet, "Modeling of the
bacterial growth Curve," Appl. Env. Micriobiol, vol. 56(6), p. 1875–1881, 1990.

[24] G. E. Skinner and J. W. Larkin, "Mathematical modeling of microbial growth: a
review," Journal of Food Safety, vol. 14, p. 1975–217, 1994.

[25] J. M. Starck and R. E. Ricklefs, "Avian growth and development," The evolution
within the altricial-precocial spectrum. New York, Oxford: Oxford University Press,
p. 441, 1998.

[26] S. E. Aggrey, "Comparison of three nonlinear and sprline regression models for
describing chicken growth curves," Poultry Science, vol. 81, no. PMID: 12512566, p.
1782–1788, 2002.

[27] C. E. T. Paine, T. R. Marthews, D. R. Vogt, D. Purves, M. Rees, A. Hector and L. A.
Turnbull, "How to fit nonlinear plant growth models and calculate growth rates: and
update for ecologists," Methods in Ecology and Evolution, vol. 3, p. 245–256, 2012.

[28] S. Benzekry, C. Lamont, A. Beheshti, A. Tracz, J. M. L. Ebos, L. Hlatky and P.
Hahnfeldt, "Classical mathematical models for description and prediction of
experimental tumor growth," PLOS Computional Biology, vol. 10(8), no. e1003800,
2014.

[29] M. I. E. Halmi, M. S. A. Shukor, W. L. W. Johari and M. Y. b. A. Shukor, "Evaluation
of several mathematical models for fitting the growth of the algae Dunaliella
tertiolecta," Asian Journal of Plant Biology, vol. 2(1), p. 1–6, 2014.

[30] K. M. C. Tjørve and E. Tjørve, "Shapes and functions of bird-growth models: How to
characterize chick postnatal growth," Zoology, vol. 113(6), no.
https://doi.org/10.1016/j.zool.2010.05.003 PMID: 21115290, p. 326–333, 2010.

[31] E. Tjørve and K. M. C. Tjørve, "A unified approach to the richards-model family for
use in growth analyses: Why we need only two model forms," Journal of Theoretical
Biology, vol. 267, no. https://doi.org/10. 1016/j.jtbi.2010.09.008 PMID: 20831877, p.
417–425, 2010.

[32] R. B. Prescott, "Law of growth in forecasting demand," Journal of American
Statistical Association, vol. 18(140), p. 471–479, 1922.

[33] L. E. Peabody, "Growth curves and railway traffic," Journal of the American
Statistical Association, vol. 19(148), p. 476–483, 1924.

[34] S. Wright, "Book review," American Statistical Society Quarterly Journal, vol. 21, p.
493–497, 1926.



68 Int. Journal of Applied IT Vol. 04 No. 02 (2020)

[35] F. A. Davidson, "Growth and senescence in purebred Jersey cows," University of
Illinois Agricultural Experiment Station, vol. 302, p. 183–231, 1928.

[36] F. W. Weymouth, H. C. McMillin and W. H. Rich, "Latitude and relative growth in
the razor clam, Siliqua patula," J Exp Biol, vol. 8, p. 228–249, 1931.

[37] F. W. Weymouth and S. H. Thompson, "The age and growth of the pacific cockle
(Cardium corbis, Martyn)," Bulletin of The Bureau of Fisheries, vol. 46, p. 633–641,
1931.

[38] W. M. Makeham, "On the integral of Gompertz’s function for expressing the values
of sums depending upon the contingency of life," Journal of the Institute of Actuaries
and Assurance Magazine, vol. 17(5), pp. 305-327, 1873.

[39] L. N. Cooper, A. H. Lee, M. L. Taper and J. R. Horner, "Relative growth rates of
predator and prey dinosaurs reflect effects of predation," Proceedings of the Royal
Society B: Biological Sciences, vol. 275, no. 1651, p. 2609–2615, 2008.

[40] A. H. Lee, A. K. Huttenlocker, K. Padian and H. N. W. Ballard, "Analysis of Growth
Rates," In Book: Bone Histology of Fossil Tetrapods: Advancing Methods, Analysis,
and Interpretation. Berkeley: University of California Press, pp. 217-251, 2013.

[41] R. E. Ricklefs, "Patterns of growth in birds," Ibis, vol. 110(4), p. 419–451, 1968.

[42] E. M. Zullinger, R. E. Ricklefs, K. H. Redford and G. M. Mace, "Fitting Sigmoidal
Equations to Mammalian Growth Curves," Journal of Mammalogy, vol. 65, no. 4, pp.
607-636, 1984.

[43] S. Begall, "The application of the Gompertz model to describe body growth," Growth,
Development, and Aging, vol. 61(2), no. PMID: 9348472, p. 61–67, 1997.

[44] A. K. Lee and A. Cockburn, "Evolutionary Ecology of Marsupials," Journal of
Mammalogy, vol. 67, no. 2, pp. 433-435, 1986.

[45] A. Cockburn and C. N. Johnson, "Patterns of growth," The developing marsupial,
models for biomedical research. Berlin: Springer-Verlag, p. 28–40, 1988.

[46] A. M. Gibson, N. Bratchell and T. A. Roberts, "The effect of sodium chloride and
temperature on the rate and extent of growth of Clostridium botulinum type A in
pasteurized pork slurry," Journal of Applied Bacteriology, vol. 62(6), no. PMID:
3305458, pp. 479-490, 1987.

[47] S. López, M. Prieto, J. Dijkstra, M. S. Dhanoa and J. France, "Statistical evaluation
of mathematical models for microbial growth," International Journal of Food
Microbiology, vol. 96(3), no. https://doi.org/10. 1016/j.ijfoodmicro.2004.03.026
PMID: 15454319, p. 289–300, 2004.

[48] A. K. Laird, "The dynamics of growth," Res Dev, vol. 20(8), p. 28–31, 1969.

[49] L. Norton, "A Gompertzian model of human breast cancer growth," Cancer Research,
vol. 48, no. PMID: 3191483, pp. 7067-7071, 1988.

[50] R. H. Riffenburgh and P. A. S. Johnstone, "Survival patterns of cancer patients,"
American Cancer Society (ACS) Journals, vol. 91(12), p. 2469–2475, 2001.

[51] D. Abbott, Applied Predictive Analytics: Principles and Techniques for The
Professional Data Analyst, Indianapolis, Indiana: John Wiley & Sons, Inc., 2014.

[52] L. Staples, "A Comparison of the Predictive Ability of Logistic Regression and Time
Series Analysis on Business Credit Data," Kennesaw State University, 2018.

[53] X. Liu, A Multi-Indexed Logistic Model for Time Series, Johnson City, Tennessee,
United States: East Tennessee State University, 2016.

[54] K. M. C. Tjørve and L. G. Underhill, "Growth sibling rivalry and their relationship to
fledging success in African black oystercatchers Haematopus moquini," Zoology, vol.
112, pp. 27-37, 2009.

[55] K. M. C. Tjørve and E. Tjørve, "Shapes and functions of bird-growth models: How to
characterise chick postnatal growth," Zoology, vol. 113, no. 6, pp. 326-333, 2010.

[56] E. Tjørve and K. M. C. Tjørve, "A unified approach to the Richards-model family for
use in growth analyses: Why we need only two model forms," Journal of Theoretical
Biology, vol. 267, no. 3, pp. 417-425, 2010.

[57] K. M. C. Tjørve and E. Tjørve, "The use of Gompertz models in growth analyses, and
new Gompertz-model approach: An addition to the Unified-Richards family," PLOS
ONE, vol. 12, no. 6, pp. 1-17, 2017.


