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Abstract 

Background: The SARS-CoV-2 virus which causes the COVID-19 disease is a large family of viruses 

that cause respiratory diseases and complications in human beings. Nowadays, the pandemic is 

studied by the rate of infection and mortality in different countries. Since there are discrepancies 

regarding the number of deaths due to the pandemic, our main goal is to estimate the number of 

deaths in Lima and Peru due to COVID-19. 

Methods: By using inference modeling techniques and statistical analysis in time series together 

with ARIMA-type predictions, it is possible to estimate the number of deaths caused by COVID-19. 

Our study took place in the city of Lima and Peru and our detailed analysis was carried out during 

March and April of 2020. 

Results: By comparing the death toll provided by the Ministry of Health (MINSA), we have obtained 

approximately a difference of 325.9% regarding the number of deaths due to COVID-19 in the city 

of Lima and a difference of 185.9% regarding the number of deaths in Peru. 

Conclusions: ARIMA time series modeling are a powerful statistical tool that predict and forecast 

data that are widely used in various fields of science, health, and economics. In this study, we have 

shown the discrepancy between the data reported by MINSA and the projection obtained in our 

ARIMA time series modeling. Therefore, we have a confidence level of 95% about the study that 

was carried out in March and April of 2020. 
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Background 

The first case of coronavirus was reported in 

Wuhan, China in December 2019 and was 

characterized as a pandemic on February 26th, 

2020 in different countries such as Italy, Spain, 

Iran, Korea, EE. UU., etc. In Peru, the first 

coronavirus case was reported on March 6th, 

2020 [1, 2]. After the government published in 

El Peruano newspaper, the Supreme Decree            

N° 044-2020-PCM on March 15th, 2020, the 

president declared a nationwide state of 

emergency to reduce rigorously the spread of 

the virus. On May 1st, 2020 at 0:00 a. m., Peru 

has 40,459 infected people and a total of 1,124 

deaths [3].  



 

Several studies show and analyze the 

differences between the official datum reported 

by the government and the real datum within 

the field of public health [4, 5, 6, 7, 8, 9]. The 

difference between these two data was 

reported through different newspapers, not 

only in Peru but also in other 25 countries 

where at least more than 87,000 people have 

died during the coronavirus pandemic 

compared to the official datum [10].  In Peru, 

the minister of MINSA has acknowledged the 

existence of underreporting cases in all diseases 

and not only in the epidemic [11]. 

The difference between the excess of deaths 

concerning the average of previous years and 

the number of deaths officially reported due to               

COVID-19 reaches, in some cases, a significant 

difference of 80% between March and April in 

2020 [11, 12]. Therefore, the real picture and 

the data would be incomplete. 

An alternative to reduce this difference is the 

use of an Autoregressive Integrated Moving 

Average (ARIMA) model presented by Box and 

Jenkins in 1976. One of the advantages that 

show, due to its benefits to adequately model 

the behavior of health events, is its growing and 

international use in the area of public health 

[13]. In Ref. [14] several models are studied and 

compared. The author concludes that ARIMA 

modeling is the best univariate model to predict 

the number of infant deaths caused by Acute 

Respiratory Infections (ARI). The effectiveness 

of ARIMA modeling was also reflected in a study 

whose aim was to predict cancer mortality in 

Spain [15]. Therefore, a correct implementation 

of the model allows adequate inferences to be 

made about unknown or unexplored 

phenomena in the field of biomedical science 

[16]. The authors of the research [17] highlight 

the predictive performance and the certainty in 

their prediction periods of ARIMA models with a 

seasonal component to be used as a 

management tool for the diverse queries. 

In this study, we propose the use of official data 

obtained from the National Death Registry 

Information System (SINADEF) regarding deaths 

in Peru during the last three years [18] and the 

official information of deaths due to 

coronavirus by the Ministry of Health (MINSA) 

during March and April in 2020 [3, 19]. 

Consequently, we will combine the techniques 

of time series analysis and ARIMA modeling. 

Thus far, none of the research studies in Peru 

have used the set of recently mentioned models 

regarding the predictions of the death toll due 

to COVID-19. This research aims to present and 

validate a rigorous method to estimate the 

number of deaths in Lima and Peru as a 

consequence of the pandemic. 

 

Methods  

Based on the information from the National 

Death Registry Information System (SINADEF), 

we have obtained the number of deaths in Lima 

and throughout Peru in the last three years 

[18]. Consequently, we have made several time 

series charts regarding the deaths that occurred 

between the years 2017 and 2020. In Fig. 1 and 

Fig. 2, we observe a notable increase number of 

deaths during April 2020. The trend in the city 

of Lima and Peru is the same. In the same 

atypical period, we compared the arithmetic 

mean of deaths reported in Lima and 

throughout Peru with the number obtained 

from previous years. During March 2020, the 

difference reached 222 deaths in Peru and 1006 

deaths for the particular case of Lima. In April, 

the difference increased to 3,763 deaths in Peru 

and 3,202 in Lima. When calculating the 

standard deviation and the coefficient of 

variation (C.V) for the city of Lima, the values 

obtained were 525.38 and 20.09%, respectively 

for March and 1616.56 and 67.29% for April. 

Thus, homogeneous data has become 

heterogeneous and shows that the arithmetic 

mean value for this last month is not reliable to 

be such an analysis tool (C.V > 30%). 

Likewise, in the case of Peru, there is a standard 

deviation value and a coefficient variation of 

599.10 and 6.57% for March, rising in April to 

1958 and 23.28% respectively (Fig. 3 and Fig. 4). 



 

 

 

 

 

 

 

Fig. 1. Deaths that occurred in Peru from 

January 2017 to April 2020. An atypical upward 

trend is observed in April 2020. 

 

 

 

 

 

 

 

 

Fig. 2. Deaths in Lima from January 2017 to 

April 2020. The growing trend of deaths in April 

2020 is very marked. 

 

 

 

 

 

 

 

Fig. 3. The deaths that occurred in Peru in 2020 

compared to the average in the years 2017-

2019. There is a marked difference between the 

average and those registered in April 2020. 

 

 

 

 

 

 

 

 

Fig. 4. Deaths that occurred in Lima in 2020 

compared to the average in the years 2017-

2019. There is an appreciable difference 

between January to April according to the 

average. 

 

Based on the time series chart, the data of the 

total number of deaths that occurred in Lima 

and Peru from the beginning of January 2017 to 

April 2020 show the existence of stationarity.                               

In Fig. 05, we observe a non-seasonal behavior 

of deaths in Lima and Peru and we also observe 

a very marked increase of deaths in April and 

similar behavior of the time series. This trend 

gives us a detailed analysis of deaths by using 

the time series from January 2017 to January 

2020. Moreover, we have obtained the 

predictions for February, March, and April 2020. 

 

 

 

 

 

 

 

 

Fig. 5. Deaths that occurred in Lima and Peru 

from January 2017 to April 2020. 

 

 



 

ARIMA models 

Integrated Autoregressive Moving Average 

(ARIMA) models are a set of very powerful 

techniques for the analysis of time series that 

includes the study of people, observed groups, 

or varied information of a phenomenon at 

successive moments in time [20]. This 

technique allows us to study the conditional 

relationship of causes between different 

variables that change over time. It is one of the 

most widely used tools to make forecast 

inferences about the future and prediction of 

data. It is applied in different disciplines of 

knowledge such as health, econometrics, 

engineering, etc. 

The methodology of ARIMA models consists of a 

time series that comprise the combination of 

autoregressive, differencing, and moving 

average term. These begin from the assumption 

of linear relationships where the current value 

of the variable of interest is expressed as a 

linear combination of terms such as lagged 

variable, current and past values of a Gaussian 

white noise process. [20] 

In non-stationary processes, we analyze a type 

of lack of stationarity in the arithmetic mean 

which is very frequent in practice. Seasonality 

makes the arithmetic mean of the observations 

not constant; however, it evolves predictably 

according to a cyclical pattern. The most 

common case is to incorporate seasonality into 

the ARIMA modeling in a multiplicative way and 

it will result in a seasonal multiplicative ARIMA 

model. [21] 

This model is characterized by having the 

expression shown in equation (1), ∅𝑃𝑃(𝐵𝐵𝑠𝑠)𝜑𝜑𝑝𝑝(𝐵𝐵)∇𝑠𝑠𝐷𝐷∇𝑑𝑑𝑧𝑧𝑡𝑡 = 𝜃𝜃𝑞𝑞(𝐵𝐵)𝜗𝜗𝑄𝑄(𝐵𝐵𝑠𝑠)𝑎𝑎𝑡𝑡        (1) 

where: ∅𝑃𝑃(𝐵𝐵𝑠𝑠): is the seasonal autoregressive operator 

of order P. 𝜑𝜑𝑝𝑝: is the regular autoregressive operator of 

order p. ∇𝑠𝑠𝐷𝐷: represents seasonal differences. ∇𝑑𝑑: represents regular differences. 

𝜗𝜗𝑄𝑄(𝐵𝐵𝑠𝑠) : is the seasonal moving average 

operator of order Q. 𝜃𝜃𝑞𝑞(𝐵𝐵): is the regular moving average operator 

of order q. 𝑎𝑎𝑡𝑡: it is a white noise process. 

 

Equation (1) represents correctly the seasonal 

series and they are written in a simplified form 

as the model 

ARIMA (P, D, Q) × (p, d, q). 

where: 

P: is the order of the non-stationary 

autoregressive part. 

D: is the number of non-stationary unit-roots 

(order of process integration). 

Q: is the order of the non-stationary moving 

average part. 

p: is the order of the stationary autoregressive 

part. 

d: is the number of stationary unit-roots (order 

of integration of the process). 

q: is the order of the stationary moving average 

part. 

 

In particular, forecasting with ARIMA models 

make use of optimal prediction functions and 

they take into account those that minimize on 

average the squared prediction errors. The 

prediction of an ARIMA model has a relatively 

simple structure, the non-stationary operators, 

that is to say, the differences and the constant, 

if it exists, determine long-term predictions 

while the stationary operators, Autoregressive 

(AR) and Moving Average (MA) determine the 

short-term predictions. 

 

The general solution of the final prediction 

equation of a seasonal process will have 3 

components: 

a. An expected trend term that will be a 

polynomial of degree d with coefficients that 

adapt over time if there is no constant in the 

model and a polynomial of degree d + 1 with 

the coefficient of the highest order term, 𝛽𝛽𝑑𝑑+1 

deterministic and given by 𝜇𝜇/𝑠𝑠(𝑑𝑑 + 1)!, where 

μ is the arithmetic mean of the stationary 

series. 



 

b. A seasonal component expected to change 

with initial conditions. 

c. A transient term of a short-term prediction 

that will be determined by the roots of regular 

and seasonal AR operators [22, 23]. 

 

Data Analysis 

 

First, we will use the time series of the number 

of deaths occurred between January in 2017 to 

January in 2020, we will model each ARIMA 

time series (P, D, Q)x(p, d, q) for Lima and Peru. 

Then, we will use the ARIMA prediction for 

March and April in 2020 which will be analyzed 

together with the data of deaths due to COVID-

19 reported by MINSA [3, 19]. We will also use 

the information from February in 2020 to 

determine the goodness of fit of our method 

along with the respective statistics (stationary 

r2 and Ljung-Box test). In the following 

paragraphs, we will estimate the number of 

deaths due to COVID-19 taking as a reference to 

our predictions from the ARIMA modeling and 

subtracting it from the data of SINADEF.   

 

The best model for deaths in Peru is an ARIMA 

(9,2,2)x(0,0,2) where its non-seasonal 

component is an autoregressive order equal to 

nine, moving averages equal to two and 

differencing that is equal to 2. Its stationary part 

within the autoregressive order is zero, its part 

of moving averages is equal to zero and its 

differencing is equal to 2. It should be noted 

that a transformation has been made into a 

natural logarithm and the cyclicality of the time 

series from twelve months ago has also been 

taken into account in each observation. 

 

In order to validate the time series, Table 01 

shows the important statistics and the 

significance level of p = 0.135 greater than 0.05 

and r2 = 0.704 (stationary), this shows us the 

goodness of fit and the degree of reliability for 

the model. Table 02 shows the expected 

predictions of deaths in Lima with their 

respective confidence intervals.  

 

 

 

 

 

 Table 1. Most relevant statistics ensure the 

goodness of fit for the ARIMA time series 

regarding the death toll in Peru.  

 

 

 

 

Table 2. Predictions of death toll through the 

ARIMA time series in Peru. 

ARIMA model closely follows the pattern of 

time series regarding deaths from January 2017 

to January 2020 in Peru. We can observe this in              

Fig. 6.  

 

 

 

 

 

 

 

Fig. 6. The death toll in Peru from 2017 to 2020 

is shown along with the best ARIMA model. 

By the same token, the best model for the 

number of deaths in the city of Lima is an 

ARIMA model (5.2.8)x(1.0.1) where its non-

seasonal component is an autoregressive order 

equal to five, moving averages equals two and 

whose differencing is equal to 8, its stationary 

part within the autoregressive order is one, its 

part of moving averages is equal to zero and its 

differencing is equal to 1. It has been carried 

out a transformation of the natural logarithm 

type. 

Deaths in Peru and the ARIMA time 

series (9,2,2)x(0,0,2) 



 

In order to validate the time series, Table 3 

shows the important statistics such as the level 

of significance that is p = 0.187 greater than 

0.05 and r2 = 0.503 (stationary), the goodness of 

fit,, and the degree of reliability. Table 04 shows 

the predictions of expected deaths in Peru with 

their respective confidence intervals. 

 

 

| 

Table 3. Most relevant statistics determine the 

goodness of fit for the ARIMA time series 

regarding the deaths that occurred in Lima.  

 

 

 

 

Table 4. Predictions of the death toll in Lima 

using the ARIMA time series. 

 

The ARIMA model closely follows the pattern of 

time series regarding the deaths that occurred 

from January 2017 to January 2020 in Lima.                

We can observe this in Fig. 7. 

 

 

 

 

 

 

 

 

Fig. 7. The death toll in Lima from 2017 to 2020 

is shown along with the best ARIMA model. 

 

 

Results 

Estimating the number of deaths in Lima and 

Peru 

According to the predictions given by the 

ARIMA time series, in the case of Lima, a total 

of 3,573 deaths were expected for March. 

SINADEF has reported 3,621 deaths which give 

us a difference of 48 deaths. In the same way, 

for April, according to the prediction of the 

ARIMA time series, 3561 deaths were expected 

in Lima. SINADEF has reported 5,604 deaths 

which give us a difference of 2,043 deaths. The 

increased variation in deaths in April is directly 

related to the increase of infected people and, 

thereby, deaths that occurred due to Covid-19 

compared to other months. We can observe 

this in Fig. 7. 

 

 

 

 

 

 

Fig. 7. Death toll registered in Lima where we 

observe that there was an increase in April due 

to COVID-19 pandemic.  

According to the prediction of the ARIMA time 

series, for March a total of 9209 deaths were 

expected in Peru. SINADEF has reported 9,340 

deaths, from subtracting these numbers we 

have a difference of 131 deaths. Likewise, for 

April, according to the prediction of the ARIMA 

time series, 9096 deaths were expected in Peru. 

SINADEF has registered 12178 deaths                          

(the highest registered over all previous years) 

and from subtracting these numbers we obtain 

the difference of 3082 deaths. As well as for the 

case of Lima, the increase in deaths for April is 

directly related to the COVID-19 pandemic. We 

observe this in Fig. 8. 

 

Deaths in Lima and ARIMA time series 

(5,2,8)x(1,0,1) 



 

 

 

 

 

 

 

Fig. 8. Death toll registered in Peru, where we 

observe that for April, there was an increase 

due to the COVID-19 pandemic. 

 

Conclusions  

ARIMA time series model techniques are a 

powerful statistical tool to predict data that has 

a very well-known used in various areas of 

science, health, and economics. In the present 

study, we have shown the discrepancy between 

the data published by MINSA and the projection 

in our ARIMA models with a confidence level of 

95% for March and April in 2020. 

We have concluded that up to April 30, 2091 

deaths occurred in Lima due to COVID-19. 

MINSA has reported 491 deaths which means 

that our model has detected an increase in 

deaths by 325.9%. 

We have concluded as well that as a result of 

COVID-19, up to April 30, 3,213 deaths have 

occurred in Peru. MINSA has reported 1,124 

deaths which means that our model has 

detected an increase of deaths by 185.9%.  

 

The difference of death toll between SINADEF 

death records and ARIMA prediction model that 

have taken place in Lima and Peru are directly 

and indirectly related to the COVID-19 

pandemic. For instance, we indirectly have 

deaths of patients with previous chronic 

diseases such as oncological diseases, diabetes, 

patients with kidney problems, neuronal 

problems, and many more.  The situation of the 

patients has got worse due to the collapse of 

our health system during the current pandemic. 

For this reason, it is important to carry out a 

research regarding the quality of the data as 

well as to the ones related to projections about 

the collapse of the health system, estimations, 

inferences, and deaths reported with ARIMAX-

type, hybrid or logistic-type models in order to 

have new statistical tools for upcoming events. 
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Figures

Figure 1

Deaths that occurred in Peru from January 2017 to April 2020. An atypical upward trend is observed in
April 2020.

Figure 2

Deaths in Lima from January 2017 to April 2020. The growing trend of deaths in April 2020 is very
marked.



Figure 3

The deaths that occurred in Peru in 2020 compared to the average in the years 2017-2019. There is a
marked difference between the average and those registered in April 2020.

Figure 4

Deaths that occurred in Lima in 2020 compared to the average in the years 2017-2019. There is an
appreciable difference between January to April according to the average.



Figure 5

Deaths that occurred in Lima and Peru from January 2017 to April 2020.

Figure 6

The death toll in Peru from 2017 to 2020 is shown along with the best ARIMA model.



Figure 7

The death toll in Lima from 2017 to 2020 is shown along with the best ARIMA model.

Figure 8

Death toll registered in Lima where we observe that there was an increase in April due to COVID-19
pandemic.



Figure 9

Death toll registered in Peru, where we observe that for April, there was an increase due to the COVID-19
pandemic.


