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Abstract: In this article we propose an application of humanitarian logistics theory to build a sup-

portive framework for economic reactivation and pandemic management based on province vul-

nerability against COVID-19. The main research question is: which factors are related to COVID-19 

mortality between Peruvian provinces? We conduct a spatial regression analysis to explore which 

factors determines the differences in COVID-19 cumulative mortality rates for 189 Peruvian prov-

inces up to December 2020. The most vulnerable provinces are characterized by having low out-

comes of long-run poverty and high population density. Low poverty means a high economic ac-

tivity that leads to more deaths of COVID-19. There is a lack of supply of a set of relief goods defined 

as Pandemic Response and Recovery Supportive Goods and Services (PRRSGS). These goods must 

be delivered in order to mitigate the risk associated to COVID-19. A supportive framework for eco-

nomic reactivation can be built based on regression results and a delivery strategy can be discussed 

according to the spatial patterns that we found for mortality rates. 
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1. Introduction 

Since 2020, the novel coronavirus has caused changes in the livelihoods of the people 

and the nature of work. These changes motivated a set of public policies that aims to reacti-

vate the economies while minimizing the total number of contagions to reduce mortality 

rates. For the case of study of Peru, the government adopted a preventive framework in-

cluding early lockdowns, curfews, prolonged mobility restrictions between regions, and 

prohibitions to agglomeration in closed spaces (Presidencia del Consejo de Minisitros, 

2020a; Presidencia del Consejo de Ministros, 2020b; Poder Ejecutivo, 2020a; Poder Ejecutivo, 

2020b and Ministerio del Interior, 2020). After the lockdowns, a set of subsidiary policies to 

population and companies (Poder Ejecutivo, 2020a; Poder Ejecutivo, 2020b and Ministerio 

de Economía y Finanzas, 2020), and macroeconomic policies oriented to reactivate con-

sumption and production were implemented in order to mitigate the impacts of COVID-19 

(Montoro et al., 2020). 

The COVID-19 pandemic had an impact on both the directly affected people who get 

infected by the virus and had to waste a lot of resources in the recovery and on the indirectly 

affected who suffer from the scarcity of income sources due to the short-run contractions of 

the economy, which includes the livelihoods of healthy people affected by lockdowns. Re-

cent literature had the objective of generating evidence of the direct and indirect impacts of 

COVID-19 on variables such as macroeconomic consumption, investment, production, mi-

croeconomic poverty, health, labor, among others (Brodeur et al., 2020; Acemoglu et al., 

2020; Béland et al., 2020). This branch of COVID-19 literature proposed policies oriented to 

mitigate the impacts of COVID-19 like optimal-duration quarantines, labor-oriented poli-

cies, among others. But what is missing in general COVID-19 literature is a humanitarian 
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logistics perspective, which is important because it aims to reduce human suffering in the 

context of pandemic (Overstreet et al., 2011; Holguín-Veras et al., 2013; Leiras et al., 2014), 

and allows building a supportive framework for economic reactivation based on vulnera-

bility assessment and disaster management principles (Renteria et al., 2021). 

Another branch of COVID-19 literature explores the factors affecting the rates of con-

tagions or mortality by COVID-19 (Andersen et al., 2021; Khalatbari- Soltani et al., 2020). 

This branch uses statistical modeling and supporting machine learning methodologies in 

order to determine the relationship between a set of observable factors and the COVID-19 

mortality rates (Pedrosa & de Albuquerque, 2020; Rollston & Galea, 2020). This literature 

contributes with empirical evidence to vulnerability assessment while most of the COVID-

19 related literature is based on calibrated methodologies. Empirical methodologies still rep-

resent a gap in the COVID-19 literature. 

This work focuses on supporting economic reactivation and pandemic management, 

in the post-lockdown context. A humanitarian logistics supportive framework is built based 

on provinces’ vulnerability against COVID-19 (Renteria et al., 2021). This vulnerability, ac-

cording to the literature review, could be directly related to economic activity (Andersen et 

al., 2020; Khalatbari- Soltani et al., 2020; Pedrosa & de Albuquerque, 2020), socio-demo-

graphic characteristics (Rollston & Galea, 2020; Sugg et al., 2021; White & Hébert-Dufresne, 

2020), the population's health insurance (Gupta et al., 2020; Benzakoun et al., 2020; Zhang & 

Schwartz, 2020), and health system performance (Bruno et al., 2020; Carrillo-Larco & Cas-

tillo-Cara, 2020; Chakraborti et al., 2020; Rustam et al., 2020). The vulnerability against 

COVID-19 is directly related to the mortality rates, which is the variable of interest in this 

study since mortality focuses on symptomatic population and it represents a better proxy 

for the demand for relief goods. The main research question is: which factors are related to 

COVID-19 mortality between Peruvian provinces? And with this information how a sup-

portive framework can be implemented for underpinning the economic reactivation. We 

conduct a regression analysis to explore which factors determines the differences in COVID-

19 cumulative mortality rates for 189 Peruvian provinces up to December 2020. In order to 

contribute to the empirical literature, in this work, we also test the significance of spatial 

interaction effects of the COVID-19 vulnerability drivers extracted from the literature (An-

dersen et al., 2021; Khalatbari-Soltani et al., 2020; Bruno et al., 2020). From a theoretical per-

spective, there are several reasons to suspect that these vulnerability drivers have spatial 

interaction effects, as socioeconomic variables like wealth or employment tend to have spa-

tial spillovers (Crandall & Weber, 2004; Wardhana et al., 2017) and these could be correlated 

with COVID-19 mortality. Controlling these spatial effects helps to reduce the bias on the 

coefficients, so post estimation analysis will be more reliable. This is an important step be-

cause model predictions, and vulnerability assessment, will be used as the basis of a sup-

portive framework for economic reactivation. 

After the regression analysis, we use the results to build support for economic reacti-

vation, which is based on the delivery of essential goods and services to face the pandemic. 

The type of goods will be drawn from literature and will be defined as Pandemic Response 

and Recovery Supportive Goods and Services (PRRSGS). We classify the demand of these 

essential supplies according to quartiles of the low, medium, high, and very high demand, 

and this classification will be used assess economic reactivation based on the level of vul-

nerability. For the case of seven provinces with zero deaths, we will use an elastic-net re-

gression to forecast their demand classification. This methodology covers the four phases of 

humanitarian logistics: risk mitigation, preparedness, response, and recovery (Alexander, 

2002). Risk mitigation can be achieved by implementing policies based on the vulnerability 

drivers (seen in regression analysis), disaster preparedness policies can be developed for the 

zero deaths provinces, where there has been no infection yet. Response and recovery poli-

cies imply defining PRRSGS and tracing a delivery strategy based on demand estimation. 

The main contribution of this work is methodological, as a humanitarian logistics per-

spective is missing in COVID-19 literature. This implies the proposal of an alternative frame-

work for economic reactivation and pandemic management, which includes supportive pol-

icies that prioritize the vulnerable. This work also contributes to the empirical literature with 
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the estimation of spatial dependence models, a statistical modeling approach (Smith & Men-

nis, 2020), and elastic-net regression, a conventional supervised machine learning technique. 

To the best of our knowledge, both applications are missing in the empirical literature. 

The remainder of this study is structured as follows. Section 2 presents the relevant 

literature and the theoretical framework. Section 3 describes the data collection procedures 

and the data processing methods to estimate provinces’ vulnerability to COVID-19 and the 

demand for PRRSGS. Section 4 outlines the main results and discusses the hypothesis. Sec-

tion 5 addresses the implications of our results for policymakers. Finally, Section 6 presents 

the conclusions and recommendations for future research. 

2. Literature review 

First of all, in this literature review, we show how humanitarian logistics serves for 

disaster management, specifically in the case of a pandemic situation, considered as a type 

of disaster. Second, we reviewed some works in which the sets of determinants of cases 

and numbers of deaths resulting from COVID-19 were analyzed. Third, vulnerability to 

COVID-19 mortality is defined based on those factors, and a contribution to the definition 

of vulnerability based on the effects of spatial interaction is established. 

2.1. A humanitarian logistics framework for pandemic assessment  

Governments around the world are applying social policies oriented to mitigate 

COVID-19 direct and indirect impacts as an economic catastrophe (Zeckhauser, 1996 and 

Pyndick & Wang, 2013). Direct impacts reside in infected people, as they have to expend 

time and resources in their recovery. Indirect impacts arise from the changes in the oper-

ating context, the economies are contracting themselves as a consequence of pandemic 

outbreaks, so are the consumption and production, furthermore, the livelihoods of the 

people are being affected (Brodeur et al., 2020; Yoshizaki et al., 2020). Human suffering 

raises (Holguin-Veras et al., 2013), because, in most of the economies, the supply could 

not be able to respond to rising demand regarding health care services (hospitalization 

and intensive care units), key health care goods (oxygen, automatic respirators), and social 

aid (because with lockdowns, unemployment caused hunger and raised the incidence of 

poverty). All the aforementioned lead to an increase in deprivation costs that need to be 

mitigated (Holguin Veras et al., 2013). In this work, the concept of deprivation costs is 

emphasized. 

The central aim of the humanitarian logistics discipline is to minimize the depriva-

tion costs, or the lack of essential goods to survive the disaster aftermath (Holguín-Veras 

et al., 2013; Overstreet et al., 2011; Leiras et al., 2014). Then, four phases of disaster man-

agement are followed: risk mitigation, preparedness, response, and recovery (Alexander, 

2002). This discipline also tries to prioritize cases where the costs of deprivation are the 

highest or those places where help is required immediately (Gutjahr and Fischer, 2018). 

For our case of study, this happens when a community faces high COVID-19 mortality 

because mortality is a consequence of scarcity of essential goods and services, and in gen-

eral of essential supplies to survive COVID-19 symptoms.  

A logistics-based humanitarian framework is especially useful for pandemic out-

breaks management, due to the need to improve demand response and prioritize vulner-

able populations. However, for the Peruvian case study, policymakers are not considering 

the implementation of this framework (Presidencia del Consejo de Ministros, 2020a). In-

stead, the government adopted a preventive framework including early closures, curfews, 

prolonged restrictions on mobility between regions, and prohibitions on crowding in 

closed spaces (Presidencia del Consejo de Ministros, 2020b; Poder Ejecutivo, 2020a; Poder 

Ejecutivo, 2020b y Ministerio del Interior, 2020). Given the restrictive nature of the first 

measures, it is counterintuitive that the Peruvian case is one of the most affected countries 

by COVID-19 due to its number of cases and deaths. 

Furthermore, the humanitarian logistics conceptual framework allows us to identify 

and prioritize the vulnerable population based on the level of deprivation costs, which are 
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specially related to higher COVID-19 mortality rates. Higher mortality rates can be ex-

plained by high economic activity indicators such as employment or internal mobility. 

Especially in informal economies, the working population which cannot make home-of-

fice, and all the livelihoods that require face-to-face interaction with other people, are es-

pecially vulnerable (Bruno et al., 2020). COVID-19 deaths are more likely if a set of vul-

nerability characteristics are met by provinces (see Section 2.3 for more details). It is worth 

mentioning that we are emphasizing the demand analysis on the deaths rather than on 

the contagions because we want to avoid asymptomatic outcomes population and priori-

tize the human suffering.  

Pandemic response and recovery framework that was applied in Peru, till the end of 

2020, included a set of subsidiary policies to population and companies (Poder Ejecutivo, 

2020a; Poder Ejecutivo, 2020b and Ministerio de Economía y Finanzas, 2020), and macro-

economic policies oriented to reactivate consumption and production (Montoro et al., 

2020). In addition to this, the humanitarian logistics proposal, for response and recovery 

phases, while economic reactivation is being carried out, is a supportive framework ori-

ented to help economic reactivation by mitigating COVID-19 impacts (based on the idea 

that maintaining low mortality rates is required to carry an economic reactivation). This 

framework is based on the estimation of the demand for a set of PRRSGS at the province 

level, which is based on province vulnerability, so that the supply can respond to it. In 

Table 1 we list the PRRSGS, we also consider the goods from Alibaba (2020): 

Table 1. Pandemic Recovery Supportive Goods and Services 

Types 

Support to response and re-

covery from COVID-19 

pandemic (Alibaba, 2020a) 

COVID-19 diagnosis & treatment and 

disinfection & sterilization medical 

equipment (Alibaba, 2020b) 

Goods and services 

Oxygen, automatic respira-

tors, dexamethasone, pred-

nisone, acetaminophen, anti-

biotics (azithromycin, 

levofloxacin), anti-clotting 

medication, KN95 masks, 

gloves, intensive care beds, 

alcohol, other disinfection 

products. Health care, emer-

gency transport, hospitals, 

doctors. Funerary protocols 

(incineration) and transport. 

Stethoscope, thermometer, sphygmo-

manometer, oxygen flowmeter, oxygen 

saturation monitor, air disinfection ma-

chine, crash cart, defibrillator, monitor, 

micro-injection pump, sputum elimina-

tion machine, non-invasive ventilator, 

invasive ventilator, continuous renal 

replacement therapy (CRRT), extracor-

poreal membrane oxygenation 

(ECMO), designated computed tomog-

raphy, polymerase chain reaction 

(PCR) machine, nucleic acid detector, 

ultraviolet disinfection machine, anes-

thesia machine, ventilator circuit disin-

fection machine, infrared thermal im-

ager, and forehead thermometer. 

 

The responding supply will have a significant impact on deprivation costs and will 

serve to mitigate injuries for the response phase and accelerate the transition to a business-

as-usual scheme regarding the recovery phase. In zero contagions/deaths provinces, esti-

mating its possible demand will serve to preparedness policies regarding the COVID-19 

pandemic. 

2.2. Previous works on determinants of COVID-19 cases and deaths 

Since the beginning of the pandemic outbreak, a large amount of literature has been 

published. One branch was oriented to explore the determinants of COVID-19 cases (An-

dersen et al., 2021; Khalatbari-Soltani et al., 2020; Pedrosa & de Albuquerque, 2020; Roll-

ston & Galea, 2020; Sugg et al., 2021; White & Hébert-Dufresne, 2020; Gupta et al., 2020), 
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and of the COVID-19 deaths (Benzakoun et al., 2020; Zhang & Schwartz, 2020). Andersen 

et al. (2021) found age, disability, language, race, and employment as the determinants of 

COVID-19 cases for the United States. Khalatbari-Soltani et al. (2020) discuss the im-

portance of disadvantaged socioeconomic position on COVID-19 disease and mortality, 

concluding that high-quality data on socioeconomic characteristics is needed to generate 

more evidence about this relationship. For Ceará, state of Brazil, Pedrosa & de Alburquer-

que (2020) found that the number of intensive care beds has spatial patterns, but they do 

not coincide with the ones for COVID-19 cases. Rollston & Gallea (2020) lead to the con-

clusion that socioeconomic status is essential to staying healthy in the context of a pan-

demic, thus poverty may lead to more contagions in the US. Sugg et al. (2021) found per-

capita income, average household size, population density, and minority composition as 

significant predictors of COVID-19 cases in the nursing home in the US. White & Hébert-

Dufresne (2020) found for the US that states with little tolerance for deviance from en-

forced rules saw faster early epidemic growth, and also found population density as a 

significant predictor for COVID-19 cases. Gupta et al., (2020) focused on the significance 

of geographical factors finding population density and topographic altitude as predictors 

of COVID-19 cases. Benzakoun et al. (2020) show that pulmonary embolism was the main 

determinant of excess out-of-hospital deaths during COVID-19 in Paris, France. Finally, 

Zhang & Schwartz (2020) found that population density, the proportion of elderly resi-

dents, and percent population tested are key predictors for both COVID-19 cases and 

deaths.  

Another branch of literature has suggested the adoption of data-driven ML-based 

frameworks for pandemic assessment, these frameworks focused on the estimation of the 

expected number of COVID-19 cases or deaths (Bruno et al., 2020; Carrillo-Larco & Cas-

tillo-Cara, 2020; Chakraborti et al., 2020; Rustam et al., 2020), and prioritize the humani-

tarian operations for the vulnerable. However, the better/worse performance of ML meth-

ods concerning traditional applied statistical analysis is still being discussed. Among the 

applied ML methods, some authors (Bruno et al., 2020; Carrillo-Larco & Castillo-Cara, 

2020) applied unsupervised cluster-analysis algorithms, allowing them to explore the ag-

glomeration patterns in the data to recover categories that explain the differences between 

reported COVID-19 cases or deaths. Inherent Risk of Contagion (Bruno et al., 2020) was 

applied for municipalities and country-level cluster analysis was applied by (Carrillo-

Larco & Castillo-Cara, 2020). Supervised approaches were discussed in (Chakraborti et 

al., 2020; Rustam et al., 2020), which are useful for making short-term forecasts of the num-

ber of COVID-19 cases or deaths. Supervised approaches included Random Forest (RF), 

Gradient Boosted Machine (GBM) (Chakraborti et al., 2020), Linear Regression (LR), Sup-

port Vector Machine (SVM), Least Absolute Shrinkage and Selection Operator (LASSO), 

and Exponential Smoothing (ES) (Rustam et al., 2020) for the country-level number of 

COVID-19 cases or deaths. According to the results, unsupervised approaches outper-

formed supervised ones. Among the most important predictors it remained: economic 

activity, size of the population, the prevalence of chronic illness, and environmental pol-

lution. 

Spatial modeling applied to COVID-19 outcomes has been done with scarce litera-

ture. Guliyev (2020) and Sun et al. (2020) applied spatial modeling finding that there are 

significant spatial interaction effects that reduce the bias in the analysis of COVID-19 de-

terminants. At this point, our paper contributes to the empirical literature. Spatial model-

ing is a special case of statistical modeling literature, and we want to test for significative 

spatial interaction effects between COVID-19 mortality and vulnerability drivers. 

2.3. Vulnerability sources of Peruvian provinces regarding COVID-19 pandemic 

A spatial dependence econometric model (SDM) is proposed to investigate the fac-

tors affecting the number of COVID-19 cases and deaths in 189 Peruvian provinces. This 

regression model allows us to test for spatial interaction effects while we conduct a re-

gression analysis on COVID-19 vulnerability drivers. This model is used to estimate the 
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demand for PRRSGS based on COVID-19 mortality rates. If spatial interaction effects are 

significant, the predictions of the demand will be less biased compared to the case of a 

simple linear model. The spatial analysis contributes to the planning of PRRSGS distribu-

tion among the provinces at the country level. If there are strong COVID-19 outcomes 

spatial patterns, it is possible to use them to trace a delivery strategy for PRRSGS. 

Based upon the concept of deprivation costs (Holguin Veras et al., 2013), we can the-

oretically build up a definition of vulnerability at the province level which will serve to 

motivate the SDMs. This definition has seven blocks, that are built on previous literature 

that explored COVID-19 determinants (Andersen et al., 2021; Khalatbari-Soltani et al., 

2020; Pedrosa & de Albuquerque, 2020; Rollston & Galea, 2020; Sugg et al., 2021; White & 

Hébert-Dufresne, 2020; Gupta et al., 2020) and ML applications (Bruno et al., 2020; Car-

rillo-Larco & Castillo-Cara, 2020; Chakraborti et al., 2020; Rustam et al., 2020). This defi-

nition also contains the main hypothesis that will be tested in this paper: 

• First: a province is vulnerable in the post-lockdown context if it has a lower incidence 

of poverty, unemployment, and other indicators of bad economic performance. Pov-

erty would be inversely related to COVID-19 deaths because high economic activity, 

which is the counterpart of poverty, requires internal mobility and interpersonal in-

teraction (Engle et al., 2020). This does not mean that we should give less importance 

to the greater poverty provinces, as they might have a lower demand for PRRSGS. 

The optimal policy must give the latter equal weight in the humanitarian objective 

function. This proposition is valid if we are measuring long-run poverty from house-

holds, short-run measures may not serve to prove this relationship. 

• Second: provinces that have more proportion of the vulnerable population in terms 

of age (the older), sex (the males), skin color (white), chronic diseases such as hyper-

tension, diabetes, obesity, among others. Deprivation costs are higher for people with 

a high probability to die by COVID-19, concerning young and healthy people. Addi-

tionally, provinces with more overcrowding households may have worse COVID-19 

outcomes, so overcrowding will be considered in this block as a demographic charac-

teristic. 

• Third: a province is exposed to high deprivations if fewer people have health insur-

ance. In consequence, COVID-19 deaths could be more likely to happen. The short-

run households’ income has been drastically reduced and then slowly recovered, so 

there will be a shortage in the available resources to face the contagion which cannot 

be covered, this would lead to a greater number of deaths.  

• Fourth: health system performance indicators play a key role in the COVID-19 death 

outcome, especially when the COVID-19 cases exceed the capacity of hospitals and 

other health facilities. Provinces where the health system performs bad, are more vul-

nerable and likely to have a greater number of deaths. 

• Fifth: the COVID-19 outcome of a province may be affected by neighboring provinces 

with a high incidence of COVID-19 cases and deaths. These are called endogenous 

interaction effects. 

• Sixth: considering previous exploratory works on determinants of COVID-19 cases 

and deaths, and the previous vulnerability definition block, there is no reason not to 

suspect that the COVID-19 outcome in a province will be affected by the exogenous 

outcomes of neighboring provinces (i.e., poverty, demographics, health systems, etc.). 

These are called exogenous interaction effects. 

• Seventh: after considering all the information above, it is possible that the spatial de-

pendence model still has a residual that represents all the variability of COVID-19 

outcomes that could not be explained by the predictors. In this residual, there may be 

correlated effects as is pointed by Elhorst (2010), where COVID-19 outcomes of a prov-

ince are affected by unobserved similar characteristics of the neighbors. 

Empirically, we test blocks fifth, sixth, and seventh, and we estimate seven models 

to visualize different types of spatial interaction effects. These models or specifications 

passed a model selection phase where we selected the one that better fits and matches the 

data.  
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The main contribution of the framework proposed in this paper to the literature is 

that it configures the pandemic management in the function of vulnerability regarding 

COVID-19 mortality, arguing that higher deprivation costs are found where there are 

greater mortality rates. Our proposal tries to build a supportive framework for economic 

reactivation-based on-demand assessment. This framework will support the policymak-

ers to optimize the available resources and improve the disaster management policies. 

3. Materials and Methods  

This section depicts the data collection and data processing methods. First, the con-

struction of variables is explained. Second, the spatial regression models are defined. 

Third, the model selection phase is explained, as well as the metrics used for model selec-

tion. Fourth, the methodology for the assessment of demand is defined. 

3.1. Data collection methods 

For this paper, data listed in table 2 were collected from different open-access sources 

such as Ministerio de Salud (MINSA by its spanish acronym), the XII Population, VII 

Household, and III Indigenous Communities Census carried out in 2017, the Encuesta 

Demográfica y de Salud Familiar (ENDES by its spanish acronym), the Encuesta Nacional 

a Hogares (ENAHO by its spanish acronym), and the Sistema Nacional de Defunciones 

(SINADEF by its spanish acronym). We rescaled the data at the province level to obtain 

indicators about poverty, employment, education, demographic characteristics, the prev-

alence of chronic illness such as diabetes, hypertension, the prevalence of obesity, health 

insurance, and health system performance indicators. The number of COVID-19 deaths 

was recovered from MINSA (2020) database (from March 06, 2020 to Dec 12, 2020). The 

deaths are reported by familiars and also confirmed by autopsy. The quality of these data 

to represent the real differences between provinces is not the best, however, we show that 

the data are reliable for the analysis when interpreting the empirical results. Table 2 de-

scribes all the variables included in this study. 

Table 2. Description of variables 

Name Description Source 

Logdeaths1000 
The logarithm of the cumulative number of COVID-19 

deaths per 1000 inhabitants till December 12th of 2020 

MINSA 

(2020) 

Composite_Pov-

erty_Index 

The average index of poverty estimated by the Multi-

ple Correspondence Analysis (MCA) methods 

Census* 

(2017) 

Employed People employed per 1000 inhabitants S.A.1 

Secondary_Educ 
People having a complete secondary education per 

1000 inhabitants. 
S.A. 

Vulnerable_pop Elderly people (>65 years) per 1000 inhabitants S.A. 

LogPD_1000 
The logarithm of the population density measured as 

1000 inhabitants per km² (urban area) 

S.A. 

Males_1000_Inhab Males per 1000 inhabitants S.A. 

White_1000_Inhab White people per 1000 inhabitants S.A. 

Black_1000_Inhab Black people per 1000 inhabitants S.A. 

Assian_1000_Inhab Asian people per 1000 inhabitants S.A. 

Overcrowding The average proportion of households with more 

members than rooms 

S.A. 

Natural_Region1 Province is located in the Coastal region  S.A. 

Natural_Region2 Province is located in the Highlands region  S.A. 

Natural_Region3 Province is located in the Jungle region  S.A. 

Hypert1 People with hypertension measured by results on dif-

ferential pressure per 1000 inhabitants 

S.A. 
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Name Description Source 

Hypert2 People with diagnosed hypertension per 1000 inhabit-

ants 

S.A. 

Diabetes People with diagnosed diabetes per 1000 inhabitants S.A. 

Obesity People with obesity by body mass index per 1000 in-

habitants 

S.A. 

Chronic People with a chronic illness (COPD, diabetes, hyper-

tension, etc.) per 1000 inhabitants 
ENAHO* 

(2019) 

Health_Insurance Number of people with health insurance per 100 in-

habitants 

Census* 

(2017) 

Life_Expectancy The average life between 2017 and 2019 before the 

COVID-19 pandemic 
S.A. 

Days_Till_Attended The average days till medical attention ENAHO* 

(2019) 

SD_DTA The standard deviation of days till medical attention S.A. 

Travel_Time The average hours of travel time to health facility S.A. 

SD_TTtHFH The standard deviation of hours of travel time to 

health facility 

S.A. 

Waiting_Time The average hours of waiting time till attention in 

health facility 

S.A. 

SD_WT4AH The standard deviation of hours of waiting time till at-

tention in the health facility. 

S.A. 

1 S.A.: same as above. Source: MINSA (2020), CENSO (2017), ENDES (2019), ENAHO (2019) and 

SINADEF (2019) (*) data recovered by National Institute of Statistics and Informatics (INEI in Span-

ish). 

3.2. Data processing methods 

The SDM to be used has to be selected from a family of cross-section spatial depend-

ence models described in Elhorst (2010) and Kelejian-Prucha (1999). This family of models 

arises from different ways in which spatial patterns can be affecting a dependent variable 

outcome: the endogenous interaction effects, the exogenous interaction effects, and the 

correlated effects. There are a total of seven models, including the single ordinary least 

squares model (OLS) which is a sub-case with none of the effects listed above (these mod-

els are estimated in literature for spatial dependence models application). From the most 

general aspect to the particular one, these models are defined as follows: 

𝑆𝐷𝑀 (1,1,1): 𝑌𝑖 = 𝛽𝑋𝑖𝑘 + 𝜃𝑊𝑋𝑖𝑘 + 𝜆𝑊𝑌𝑖 + 𝜐𝑖;  𝜐𝑖 = 𝜌𝑊𝜐𝑖 + 𝜖𝑖 Manski 

model, 
(1) 

 

𝑆𝐷𝑀 (1,0,1): 𝑌𝑖 = 𝛽𝑋𝑖𝑘 + 𝜆𝑊𝑌𝑖 + 𝜐𝑖 ;  𝜐𝑖 = 𝜌𝑊𝜐𝑖 + 𝜖𝑖 Kelejian-Prucha model, (2) 

 

𝑆𝐷𝑀 (1,1,0): 𝑌𝑖 = 𝛽𝑋𝑖𝑘 + 𝜃𝑊𝑋𝑖𝑘 + 𝜆𝑊𝑌𝑖 + 𝜐𝑖 Spatial Durbin model, (3) 

 

𝑆𝐷𝑀 (0,1,1): 𝑌𝑖 = 𝛽𝑋𝑖𝑘 + 𝜃𝑊𝑋𝑖𝑘 + 𝜐𝑖;  𝜐𝑖 = 𝜌𝑊𝜐𝑖 + 𝜖𝑖 Spatial Durbin Error 

model, 
(4) 

 

𝑆𝐷𝑀 (1,0,0): 𝑌𝑖 = 𝛽𝑋𝑖𝑘 + 𝜆𝑊𝑌𝑖 + 𝜐𝑖 Spatial lag model, (5) 

 

𝑆𝐷𝑀 (0,0,1): 𝑌𝑖 = 𝛽𝑋𝑖𝑘 + 𝜐𝑖;  𝜐𝑖 = 𝜌𝑊𝜐𝑖 + 𝜖𝑖 Spatial error model, (6) 

 

𝑆𝐷𝑀 (0,0,0): 𝑌𝑖 = 𝛽𝑋𝑖𝑘 + 𝜐𝑖 OLS model, (7) 

 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 July 2021                   doi:10.20944/preprints202107.0504.v1

https://doi.org/10.20944/preprints202107.0504.v1


 

 

In the equations from (1) to (7), 𝑌𝑖 represents a vector of 𝑁 × 1 observations on the 

dependent variable which is the number of deaths by COVID-19. First, on the right side 

𝑋𝑖𝑘 is a matrix of 𝑁 observations for the 𝐾 exogenous variables of the model and 𝛽 is 

the 𝐾 × 1 vector of parameters related to the 𝐾 exogenous regressors. Second, 𝑊𝑋𝑖𝑘 is 

the matrix of spatially lagged exogenous variables pre-multiplied by the vector 𝜃  of 

𝐾 × 1 parameters associated with these spatially lagged variables (to account for exoge-

nous interaction effects). Third, 𝜆𝑊𝑌𝑖  represents the spatially lagged dependent variable, 

with the scalar 𝜆 (called the autoregressive parameter) pre-multiplying the 𝑊𝑌𝑖  term, 

which is a 𝑁 × 1 vector of observations on the spatially lagged dependent variable (to 

account for endogenous interaction effects). Finally, 𝜐𝑖 is an error, which can be corre-

lated with its spatial lag as it is represented by equations (1), (2), (4), and (6), 𝜌 is a scalar 

parameter that accounts for the spatial correlation of the error term. Finally, 𝜖𝑖 is the idi-

osyncratic stochastic error, which is assumed to be a white noise that captures all the re-

maining variability of the dependent variable and is uncorrelated with other variables in 

the model. 

The W matrix represents a spatial weighting matrix that is important to test if the 

spatial interaction effects are significant. This matrix provides information about the spa-

tial units that in this work are the provinces. A spatial weights matrix, formally, is a 𝑁 × 𝑁 

positive symmetric matrix which weights named 𝑤𝑖𝑗 define the spatial relations among 

locations and, therefore, determine the spatial autocorrelation statistics (Zhou & Lin, 

2008). 

The following equation (8) has been used for defining spatial weight matrix W: 

𝑊 = (

𝑤11 … 𝑤1𝑛

⋮ ⋱ ⋮
𝑤𝑛1 … 𝑤𝑛𝑛

), (8) 

Where 𝑤𝑖𝑗 = {
1        𝑖𝑓 𝑖 𝑎𝑛𝑑 𝑗 𝑎𝑟𝑒 𝑐𝑜𝑛𝑡𝑖𝑔𝑢𝑜𝑢𝑠
0 𝑖𝑓 𝑖 𝑎𝑛𝑑 𝑗 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑐𝑜𝑛𝑡𝑖𝑔𝑢𝑜𝑢𝑠

 

Nevertheless, there are several ways of defining W matrix, we list three of them that 

are based on Euclidian distance: Queen’s criteria (contiguity), Gabriel criteria, and K-near-

est neighbors’ criteria (Guliyev, 2020 and Sun et al., 2020). We based our selection of W 

on the maximization of the value of the Moran Statistic that is estimated with a W defini-

tion (Sun et al., 2020). The Moran Statistic is a measure of spatial autocorrelation that lies 

in the interval [-1,1], but its significance determines the level of observable spatial auto-

correlation among a variable. We found that Queen’s criteria maximize the significance 

of Moran statistic, and thus this is the optimal way to define the W matrix (See appendix 

1). We will focus on the spatial patterns that can be measured with the data. 

Equations from (1) to (7) are estimated with maximum-likelihood methods assuming 

that 𝜖𝑖~𝑁(0, 𝜎2𝐼). This implies that the distribution of COVID-19 mortality is normal. The 

parameters are obtained maximizing the following equation (9): 

𝑙𝑛𝐿(𝑌|𝜓, 𝜆, 𝜌, 𝜎2) = −
𝑁

2
𝑙𝑛(2𝜋) −

𝑁

2
𝑙𝑛(𝜎2) + 𝑙𝑛||𝐼 − 𝜆𝑊|| + 𝑙𝑛||𝐼 − 𝜌𝑊|| +

1

2𝜎2
(𝜖′𝜖), 

(9) 

Where 𝜓 = (𝛽, 𝜃), and errors 𝜖 = 𝐹(𝜓, 𝜆, 𝜌) are obtained from the reduced form of 

models from (1) to (7). The terms 𝑙𝑛||𝐼 − 𝜆𝑊|| and 𝑙𝑛||𝐼 − 𝜌𝑊||, can appear or disappear 

in the expression according to the model formulation. Definition of errors and the above-

mentioned terms changes according to model; for example, if we estimate equation (6) 

spatial error model, the errors will be 𝜖 = 𝐹(𝜓, 𝜌) with 𝜓 = (𝛽) and we only maintain 

the term 𝑙𝑛||𝐼 − 𝜌𝑊|| in the likelihood equation. Equation (9) is known as the unconcen-

trated log-likelihood function and is discussed in Lee (2004). 

A disadvantage of SDMs is that they do not support out-of-sample predictions, 

which will be the case for the seven provinces. Data is available for 189 provinces, out of 
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a total of 196 provinces in Peru. The missing provinces are considered to contribute zero 

cases or deaths. However, this hypothesis is questionable because, in some of these prov-

inces, there are high indicators of economic activity (for example, Cañete with a value of 

38.60 in the composite poverty index that reflects low poverty below the average of 56.81). 

Therefore, for the estimation of the provinces with missing data, we use Elastic-Net Re-

gression (ENR), a machine learning tool that comes as close as possible to linear models 

of spatial dependency. The following equation (10) shows the parameter estimation 

method and the objective function for ENR: 

𝛽 = min
𝛽

(||𝑌 − 𝑋𝛽||² + 𝜆2||𝛽||² + 𝜆1||𝛽||)̂  (10) 

Where 𝜆1 is the parameter for the term associated to Least Absolute Shrinkage and 

Selection Operator (LASSO) and 𝜆2 to the Tikhonov regularization associated with ridge 

regression. The parameters 𝜆1 𝑎𝑛𝑑 𝜆2 can take any value from zero to infinity, and they 

measure the weight of the penalization for irrelevant or correlated regressors, respectively 

(Ogutu et al., 2012). The method sacrifices bias to get a lower variance estimator that has 

been proven to outperform low bias over-fitted estimators in the context of out-of-sample 

predictions. The selection of 𝜆1 and 𝜆2 penalization size and the ratio will be made by 

repeated k-fold cross-validation (with 𝑘 = 4), maximizing the out-of-sample predictive 

power measured with mean absolute error. 

In order to qualitatively estimate the demand of PRRSGS, equations (1) to (7) are 

estimated, then we selected the model that better fit the data based upon the following 

metrics (Ogutu et al., 2012) (the less-biased model, considering only the 189 non-zero 

provinces that were part of the estimation of equations 1 to 7).: 

𝑀𝐹 𝑅2 = 1 −
𝐿𝐿𝑚

𝐿𝐿0
, (11) 

𝑅2 =
∑ (𝑌𝑖̂−𝑌̅𝑖)2𝑁

𝑖=1

∑ (𝑌𝑖−𝑌̅𝑖)2𝑁
𝑖=1

, (12) 

𝐴𝐼𝐶 = −2𝐿𝑜𝑔𝐿 + 2𝑞, (13) 

𝐵𝐼𝐶 = 2𝐿𝑜𝑔(𝐿) + 𝑞𝐿𝑜𝑔(𝑁), (14) 

𝑊𝑇 = (𝑅𝑏 − 𝑟)′(𝑅𝑉𝑅′)−1(𝑅𝑏 − 𝑟), 𝑅𝑏 = (
𝜃
𝜆
𝜌

)  𝑎𝑛𝑑 𝑟 = (
0
0
0

), (15) 

𝑅𝑀𝑆𝐸 = √ ∑
(𝑌𝑖̂−𝑌̅𝑖)2

𝑁

𝑁
𝑖=1 , (16) 

This information is complemented with Elastic-Net Regression outcomes, this model 

does not pass for model selection phase, but it passes through repeated k-fold cross-vali-

dation to maximize its predictive power. 

3.3. Demand assessment 

Once the model selection phase is carried out, the one that better fitted the data was 

used to make predictions. Within the sample, predictions were used as proxies for the 

demand of PRRSGS, and out-of-sample predictions used with ENR tool are employed as 

forecasts of demand for those provinces that have zero contagions or deaths (eq. 10). Data 

is visualized spatially, and we report results for the best models.  

Demand will be assessed by quartiles of the number of predicted COVID-19  mor-

tality rates. This implies that demand assessment is based on vulnerability as predicted 
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mortality rates are a function of a set of vulnerability drives listed in section 2.3. We can 

distinguish four groups. This categorization of demand helps to trace a delivery strategy 

and to identify vulnerability patterns in the space, as mortality is ranked from low to very 

high categories:  

• 𝐶𝑂𝑉𝐼𝐷19𝑄1: Low demand 

• 𝐶𝑂𝑉𝐼𝐷19𝑄2: Medium demand 

• 𝐶𝑂𝑉𝐼𝐷19𝑄3: High demand 

• 𝐶𝑂𝑉𝐼𝐷19𝑄4: Very high demand 

In the end, every province will have an established demand, so that a distribution 

strategy for the 196 provinces can be discussed.  In the results and discussion section, we 

focus on spatial insights and their contribution to the humanitarian logistics framework. 

In managerial and research implications we summarize and discuss the main results, and 

their utility at the moment of tracing a humanitarian logistics supportive framework strat-

egy for pandemic management. 

The methodology first does a regression analysis using the SDM in equations from 

(1) to (7) and (10), then it passes the model selection phase using equations from (11) to 

(16). After the model selection phase, we use the best SDM specification for predicting the 

level of demand of PRRSGS and, for provinces with zero deaths, we use estimates from 

equation (10) to forecast demand. Finally, with the post estimation results and demand 

quartiles classification, we discuss a delivery strategy at the national level using provinces 

as the unit of analysis. 

4. Results 

The COVID-19 mortality rates have been log-transformed to draw a normal distri-

bution for it. Figure 1 shows a box plot with a swarm plot and a kernel density of the log-

transformed mortality rates. 

  

(a) (b) 

Figure 2. Distribution plots of Logdeaths1000. (a) Boxplot of Logdeaths1000. (b) Kernel density 

plot of Logdeaths1000. 

We observe that, on average, provinces face less than one death per 1000 inhabitants. 

This is consistent with the mortality rates from international estimations for COVID-19. 

Although the mortality rates are low, they can vary a lot, and this is why it is important 

to understand the factors behind those differences. For this purpose, we propose a set of 

variables listed in Table 2 in the previous section. Figure 2 shows a plot of the correlation 

matrix between the variables that explain the differences between COVID-19 mortality 

rates. 
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Figure 3. Correlation matrix of variables. 

In Figure 2, blue circles represent the negative correlation and red ones represent the 

positive correlation. The size and transparency of the circles represent the magnitude of 

the correlation between the variables. The mortality rates (Logdeaths1000) are, on the one 

hand, negatively related to belonging to the highlands region (Natural_Region2), health 

insurance (Health_Insurance_1000), and poverty (Composite_Poverty_Index). On the 

other hand, they are positively related to belonging to the coastal region (Natural_Re-

gion1), presence of Asian population (Assian_1000_Inhab), presence of Black population 

(Black_1000_Inhab), the average days till a patient is attended (Days_Till_Attended), the 

inequity of the days for medical attention (SD_Days_Till_Attended), the average waiting 

time for attention in a health facility (Waiting_Time_4Attention_Hours), the inequity of 

waiting time for attention (SD_WT4AH), the prevalence of diabetes (Diabe-

tes_prev_endes_1000) and the log population density (LogPD_1000).  

The long-run poverty (Composite_Poverty_Index) variable is related to many other 

variables in the model. It is negatively related to the log population density 

(LogPD_1000), employment (Employed_1000), human capital with secondary education 

(Secondary_Education_1000), log of mortality rates (Logdeaths1000), obesity prevalence 

(Obesity_prev_endes_1000), the average days till a patient is attended in a health facility 

(Days_Till_Attended), the inequity in time for patient attention (SD_Days_Till_At-

tended), the Asian population (Assian_1000_Inhab), and the belonging to the coastal re-

gion (Natural_Region1), and its negative related to belonging to highlands region (Natu-

ral_Region2) and being health insured (Health_Insurance_1000). This could lead to a pos-

sible multicollinearity problem. Nevertheless, the mean-variance inflation factor across 

all variables after an OLS estimation is 4.96, which reflects low multicollinearity. The fol-

lowing Table 3 shows the descriptive statistics for all the variables considered in the pa-

per: 
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Table 3. Descriptive statistics 

Variable Mean S.D. Min Max Median 

Logdeaths1000 -0.74 0.87 -3.80 1.05 -0.67 

Employed_100 371.12 72.03 140.31 589.99 379.94 

Males_1000_Inhab 501.72 19.55 471.90 604.85 498.97 

Vulnerable_pop 199.71 40.98 83.02 350.88 197.91 

Health_Insurance 811.87 93.86 488.04 958.34 817.18 

Secondary_Educ 

Life_Expectancy 

Chronic 

Composite_Poverty_Index 

313.98 52.78 186.49 436.08 314.60 

63.34 6.49 35.09 74.81 65.03 

364.96 96.99 117.03 630.40 362.31 

56.62 12.17 25.71 78.74 60.63 

White 32.24 25.05 0.71 119.25 27.29 

Asian_1000_Inhab 0.18 0.40 0.00 3.32 0.04 

Black_1000_Inhab 21.10 24.99 0.00 102.08 12.16 

Hypert1 434.69 80.36 96.14 724.68 430.87 

Hypert2 89.86 44.14 0.00 277.53 84.54 

Diabetes 25.32 25.18 0.00 171.49 21.70 

Obesity 184.44 94.21 0.00 514.62 173.56 

Days_Till_Attended 1.06 1.79 0.01 12.97 0.34 

SD_DTA 3.67 5.10 0.00 35.44 1.49 

Travel_Time 0.65 0.45 0.20 4.37 0.53 

SD_TTtHFH 1.61 2.84 0.16 30.70 0.82 

Waiting_Time 0.11 0.05 0.02 0.28 0.11 

SD_WT4AH 0.41 0.16 0.05 1.21 0.43 

logPD_1000 -0.31 3.33 -9.85 7.70 -0.15 

Overcrowding 17.24 7.85 7.54 53.62 14.71 

Natural_Region1 0.19 0.39 0.00 1.00 0.00 

Natural_Region2 0.62 0.49 0.00 1.00 1.00 

Natural_Region3 0.19 0.39 0.00 1.00 0.00 

After running an OLS regression, we test for spatial dependence in the residuals us-

ing a contiguity spatial weighting matrix using the residuals. The Moran’s standard de-

viates statistic is 5.0581 with the lowest p-value between other spatial weighting matrices 

(see Table 4 for results with other spatial weighting matrices), rejecting the null hypothe-

sis that states that the errors are independently and identically distributed with 99% of 

confidence and a p-value of 0.000, favoring the hypothesis of spatially correlated errors.  

Table 4. Moran’s standard deviate statistic and significance (p-values) 

Spatial weighting matrix Moran’s I standard deviate Significance (p-value) 

Queen’s contiguity criteria 5.058 4.23E-07 

K-nearest neighbors (K=1) 2.864 4.18E-03 

K-nearest neighbors (K=2) 3.613 3.02E-04 

K-nearest neighbors (K=3) 3.648 2.64E-04 

K-nearest neighbors (K=4) 3.874 1.07E-04 

We proceed with the results of the SDMs, in Table 5 we summarize the main ones 

that serve for the model selection. We select the one with a lower bias for in-sample pre-

dictions. For out-of-sample prediction, we use an Elastic Net regression, which minimizes 

the variance, sacrificing some bias to get lower variance predictions. 
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Table 5. Models for COVID-19 deaths (per 1000 inhabitants) 

Model SDM 

(1,1,1) 

SDM 

(1,0,1) 

SDM 

(1,1,0) 

SDM 

(0,1,1) 

SDM 

(1,0,0) 

SDM 

(0,0,1) 

OLS 

(0,0,0) 

ENR 

 

MF R² 0.67 0.53 0.67 0.67 0.53 0.53 0.52 N.E. 

R² 0.75 0.72 0.75 0.75 0.73 0.72 0.74 0.68 

AIC 443.80 283.20 267.30 266.80 281.90 281.90 287.00 N.E. 

BIC 443.80 377.20 439.1 438.60 372.70 372.70 374.60 N.E. 

WT 98.63* 11.95* 88.16* 99.55* 7.138* 18.75* N.E. N.E. 

RMSE 0.27 0.28 0.27 0.27 0.28 0.28 0.27 0.30 

Where N.E.: Not estimated. First, the variables used in OLS regression produced a 

McFadden pseudo-R² of 0.52 and an R² of 0.74. These results support the hypothesis of 

the positive relationship between vulnerability against COVID-19 and the mortality rates. 

Even though the lowest AIC and BIC outcomes are for the SDM(1,1,0) and SDM(0,1,1), 

they have a higher bias than OLS, as they respectively have 0.275 and 0.273 outcomes in 

RMSE versus 0.269. Furthermore, RMSE is reduced in SDM(1,1,1) to 0.267. This means 

that SDM(1,1,1) is the best candidate for the model that better fits the data. Although 

SDM(1,1,1), SDM(1,1,0) and SDM(0,1,1) are equivalent in McFadden pseudo-R², R², and 

RMSE, we must consider that the spatial dependence in residuals is strongly significant, 

so instead of basing the model selection decision on AIC BIC, it’s better to select the model 

with higher significance on spatial terms, this is measured by the Wald Test for signifi-

cance of spatial terms. In consequence, the best model that better fits the data is the 

SDM(1,1,1). 

We consider the possibility that residuals vary in a non-random way. Specifically, 

we believe that the dataset suffers from heteroscedasticity. In order to test it, we used the 

OLS model residuals. The Breusch-Pagan test chi-squared statistic, subject to one degree 

of freedom, is 16.69, which rejects the null hypothesis of homoscedasticity with 99% of 

confidence and a p-value of 0.000. The following Figure 3 plots the mortality rates versus 

the predictions of the SDM(1,1,1) model, it will serve to confirm the presence of hetero-

scedasticity: 

 

Figure 3. Linear fit plot of real mortality rates versus predictions. 

We observed that provinces with lower mortality rates have a higher variance in the 

residuals than other provinces. Furthermore, the variance for other provinces seemed to 

be constant. For this reason, we report robust standard errors for the individual signifi-

cance of coefficients in the SDM(1,1,1) model. The following Table 6 shows the regression 

results: 

 

 

  

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 July 2021                   doi:10.20944/preprints202107.0504.v1

https://doi.org/10.20944/preprints202107.0504.v1


 

 

Table 6. Regression results (coeficients) 

  SDM(𝟏, 𝟏, 𝟏)  ENR 

VARIABLES Logdeaths1000 S.E. W S.E. Logdeaths1000 

         

Employed_100 0.001 (0.001) -0.005* (0.003) 0.000 

Males_1000_Inhab -0.001 (0.003) -0.002 (0.005) 0.002 

Vulnerable_pop 0.001 (0.002) 0.003 (0.005) 0.004 

Health_Insurance -0.001 (0.001) 0.001 (0.002) 0.001 

Secondary_Educ 0.002 (0.001) 0.005 (0.003) 0.001 

Life_Expectancy 0.018 (0.012) 0.006 (0.035) 0.000 

Chronic -0.000 (0.000) -0.002* (0.001) 0.000 

Composite_Poverty_Index -0.031*** (0.009) 0.009 (0.024) -0.048 

White_1000_Inhab -0.006* (0.003) 0.024*** (0.006) -0.002 

Assian_1000_Inhab -0.076 (0.122) -0.430 (0.387) 0.000 

Black_1000_Inhab 0.004 (0.003) -0.020** (0.008) 0.007 

Hypert1 -0.000 (0.000) 0.000 (0.001) 0.000 

Hypert2 0.000 (0.001) 0.002 (0.003) -0.001 

Diabetes -0.000 (0.002) 0.007 (0.004) 0.000 

Obesity 0.000 (0.001) 0.002 (0.002) 0.001 

Days_Till_Attended -0.021 (0.061) -0.117 (0.186) 0.000 

SD_DTA 0.008 (0.020) 0.059 (0.066) -0.003 

Travel_Time -0.244 (0.162) -0.083 (0.528) 0.000 

SD_TTtHFH 0.051** (0.025) 0.046 (0.080) 0.000 

Waiting_Time 1.498 (1.450) -4.008 (4.174) 0.000 

SD_WT4AH 0.219 (0.391) 1.434 (1.083) 0.000 

LogPD_1000 0.077*** (0.012) 0.131*** (0.050) 0.053 

Overcrowding 0.019** (0.008) -0.043*** (0.015) 0.019 

Natural_Region1 (base)  (base)  0.000 

Natural_Region2 -0.056 (0.187) -0.483 (0.460) 0.000 

Natural_Region3 0.577** (0.259) -0.238 (0.525) 0.000 

Logdeaths1000   0.109 (0.100) N.E. 

e.Logdeaths1000   0.305** (0.151) N.E. 

var(e. Logdeaths1000)   0.190*** (0.027) N.E. 

Constant 1.468 (1.524)   0.403 

Robust standard errors in parentheses:  *** p<0.01, ** p<0.05, * p<0.1   

The results can be summarized as follows: 

Poverty (Composite_Poverty_Index): there is a strong negative relationship between 

long-run poverty and COVID-19 mortality rates. While economic reactivation is being 

carried out, provinces that had a high level of economic activity, which is related to lower 

poverty and is captured in the index, are especially vulnerable against COVID-19 mortal-

ity. After the short-run shock, the economy tends to return to its long-run level, this is the 

main reason behind this sign. Poor provinces are vulnerable to the indirect effects of a 

pandemic: unemployment, shortage in available resources, among others. This insight 

favors the proposal of an implementation of a reactivation framework rather than a 
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lockdown: provinces are returning to their long-run level economic activity, and this must 

be done safely. There is no evidence that poverty produces exogenous interaction effects 

on mortality rates.  

Population density (LogPD_1000): there is a strong positive relationship between 

population density and COVID-19 mortality rates. Higher mortality is found in provinces 

with higher population density. In low population density provinces or rural provinces, 

the health system may be inexistent, but since the data used for this analysis represent the 

initial period of COVID-19 with the limited spread between provinces we do not observe 

these effects, but the opposite that is characterized by high population density provinces 

where infection arrived earlier. Future deeper research is needed to better explain this 

relationship. There is marginal evidence that population density produces positive exog-

enous interaction effects on mortality: increases in population density, in neighboring 

provinces, can lead to higher mortality rates, but the significance of this effect is not suf-

ficient to reject the hypothesis of no effect at all. 

Overcrowding in households (Overcrowding): is intuitive that there is a strong pos-

itive relationship between overcrowding in households and COVID-19 mortality rates. 

Overcrowding is a serious issue in less developed countries, and it is a consequence of 

the informal settlement, bad birth control policies, among other factors. Mortality is mag-

nified by the fact that more individuals are living in a household than the number that is 

normal given the number of bedrooms. In order to improve pandemic management, the 

government should minimize the contagion not only outside, but inside the household. 

Nevertheless, there is strong evidence that overcrowding produces negative exogenous 

interaction effects on mortality: increases in overcrowding, in neighboring provinces, can 

lead to lower mortality rates. The indirect effect and the direct effect are counteracted, but 

the indirect effect is greater than the direct effect (see Table 4).  

Population ethnic composition (White_1000_Inhab and Black_1000_Inhab) produces 

significant effects on mortality rates. These effects are spatial interaction effects. An in-

crease in the white population in neighboring provinces would lead to higher mortality 

rates in a province, on the other side, an increase in the black population in neighboring 

provinces leads to lower mortality rates in a province. These effects are consistent with 

the literature and the spatial insight is useful for the management of the pandemic. 

ENR validates effects for poverty, population density, overcrowding, vulnerable 

population, health insurance, white population, black population, hypertension2 (second 

way of measuring diagnosed hypertension), obesity, and inequity in health. However, the 

size of the effect for the vulnerable population, health insurance, white population, black 

population, hypertension2, obesity, and inequity in health is relatively small (i.e., 

0.001<effect<0.01). These results prove the robustness of the SDM(1,1,1). The following 

Table 6 shows the direct and indirect (from spatial spillovers) impacts predicted by the 

model: 

Table 6. Direct, indirect and total effects predicted after SDM(1,1,1) 

Logdeaths1000 Direct Indirect Total 

Employed_100 0.001 -0.001 0.001 

Males_1000_Inhab -0.001 -0.007 -0.007 

Vulnerable_pop 0.001 -0.001 0.001 

Health_Insurance -0.001 0.003* 0.002 

Secondary_Educ 0.000 0.003 0.003 

Life_Expectancy 0.013 0.001 0.014 

Chronic 0.000 -0.001 0.000 

Composite_Poverty_Index -0.029*** 0.008 -0.021** 
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Logdeaths1000 Direct Indirect Total 

White_1000_Inhab -0.007*** 0.011* 0.004 

Assian_1000_Inhab 0.038 0.247 0.285 

Black_1000_Inhab 0.005* -0.009 -0.004 

Hypert1 0.000 0.001 0.001 

Hypert2 0.000 -0.001 0.000 

Diabetes 0.000 0.006 0.006 

Obesity 0.000 0.003 0.003 

Days_Till_Attended -0.048 0.104 0.055 

SD_DTA 0.017 -0.047 -0.031 

Travel_Time -0.218 -0.693 -0.911 

SD_TTtHFH 0.045* 0.106 0.150* 

Waiting_Time -0.108 -1.800 -1.908 

SD_WT4AH 0.672* 0.511 1.183 

LogPD_1000 0.079*** 0.038 0.117*** 

Overcrowding 0.019*** -0.031** -0.012 

Natural_Region1 -0.100 -0.290 -0.391 

Natural_Region2 0.337 -0.206 0.131 

Natural_Region3 0.001 -0.001 0.001 

First, keeping the remaining variables constant, the effect of an increase in one unit 

of Composite_Poverty_Index produces a significant direct decrease of 0.029% deaths per 

1000 inhabitants, and the same increase in neighboring provinces produce an insignificant 

increase on 0.008% deaths per 1000 inhabitants, the total effect is a significant decrease of 

0.021 in the deaths per 1000 inhabitants. Second, an increase of 1% in logPD_1000, is re-

lated to a direct increase of 0.079% in deaths per 1000 inhabitants, and an insignificant 

indirect increase of 0.038%, the total effect is insignificant. Third, an increase in one per-

centage unit in Overcrowding would lead to a positive direct effect of 0.019% in deaths 

per 1000 inhabitants, and a negative indirect effect of 0.031%, both effects are statistically 

significant, the total effect is insignificant. After reviewing the marginal effects is clear 

that provinces vulnerable to COVID-19 mortality are those with higher economic activity, 

high population density, and a high proportion of overcrowded households, most of the 

indirect effects are insignificant except for overcrowding. However, overcrowding's di-

rect and indirect effects are counteracted, then policies linked to this variable may not 

have the desired impact, we recommend future research to evaluate the impact of over-

crowding in households on mortality rates. 

The following provinces listed in Table 7 have zero reported deaths (if there were 

zero COVID-19 cases, the deaths had been replaced by zero): 

Department Province 
ENR COVID19  

Deaths Forecast 

Demand category 

Ucayali Purús 0.35 Medium 
Ancash Asunción 0.28 Medium 
Ancash Antonio 

Raymondi 
0.23 Low 

Huánuco Marañón 0.20 Low 

Lambayeque Ferreñafe 0.72 High 
Lima Cañete 1.28 Very high 

Loreto D.Marañón 0.31 Medium 
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The ENR regression model was cross-validated using a repeated k-fold algorithm, it 

resulted in parameters 𝜆1 = 0.07 and 𝜆2 = 0.93. It predicts demand based on vulnerabil-

ity characteristics against COVID-19 mortality. The predictions vary from 0.20 to 1.28 

deaths per 1000 inhabitants. And we have prediction categories from low to very high 

demand. According to their observable characteristics, is not very likely that these prov-

inces have zero deaths, as is reported on the dataset. In Figure 4 we plot the spatial distri-

bution of the mortality rates. In the first panel, we show the real mortality rates; in the 

second, the rates predicted by SDM(1,1,1); and in the third panel we show the predic-

tions for ENR model. We observe that the predictions of SDM(1,1,1) are higher in the 

north. We have high demand predictions in coastal and jungle regions. In highlands, the 

predominant category is high, and in central-south highlands medium demand is pre-

dominant. Low demand is present on the south and central-north highlands. 

Government should deliver to very high demand provinces first, furthermore, the 

central warehouses for PRRSGS must be located in coastal provinces and jungle provinces 

with very high demand categories. The second echelon of the delivery could be from very 

high-demand provinces to high, medium, and low-demand ones. The number of ware-

houses depends on the number of spatial clusters of very high-demand points. Across the 

coastal region, delivery must use the main road to reach all very high-demand provinces, 

and then in a second echelon, reach the other provinces. In the second echelon, the deliv-

ery must be from coastal to highlands, and from jungle to highlands. The low-demand 

provinces must be provided with PRRSGS at the end so that we prioritize the medium 

and high-demand provinces. To follow this delivery strategy, policymakers should con-

sider the predictions of SDM(1,1,1) model complemented by the predictions of ENR 

model. This must be done in order to overcome data limitations and to establish a delivery 

strategy for PRRSGS. As pandemic outbreak evolutes, more and more supplies will be 

needed, so establish a national-level delivery strategy is very important for successful 

pandemic management. In Figure 4 we also observe spatial clusters in coastal and jungle 

regions. Delivery of PRRSGS must be made first in those clusters of high COVID-19 mor-

tality, and then the supplies must be delivered to medium and low demand quartiles, 

according to the spatial distribution.  If we consider the forecasts of demand present in 

the third panel of Figure 4, we also found that in coastal and jungle regions we have spa-

tial clusters with high COVID-19 mortality. 

 

 

Figure 2. Number of deaths mapping by COVID-19 (per 1000 inhabitants) versus the predictions. First panel shows the 

actual mortality rates. Second panel shows the predicted mortality rates by SDM (1,1,1). Third panel shows the forecasts 

of elastic-net regression model. 
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4. Discussion 

Based on the results of this work, we summarize the managerial and research impli-

cations: 

The highly vulnerable provinces are those with lower poverty, good economic per-

formance, and high urban population density. (Population density: total population di-

vided by total urban area for each province). Economic activity is related to population 

density and agglomeration, provinces that maintain a certain level of economic activity 

tend to have higher mortality rates, that is the reason why we need a supporting frame-

work for economic reactivation. High economic activity provinces are suffering the lack 

of supply for PRRSGS, that is the reason why we have found this effect. 

In order to mitigate risks, decision-makers must pay attention to economic perfor-

mance, population density, and household overcrowding. High mortality should be ex-

pected in highly vulnerable provinces with the previously defined characteristics; thus, 

risk mitigation policies must consider these vulnerability drivers. Population overcrowd-

ing in households was a significant predictor, but its direct effect is counteracted by its 

indirect spatial spillover effect, so more research is needed to clarify its impact on COVID-

19 mortality. 

There are significant spatial patterns in COVID-19 mortality rates (based on Moran’s 

statistic’s significance). This allowed us to trace a delivery strategy based on spatial clus-

ters. First, we must deliver to very high demand provinces. Second, deliver PRRSGS to 

neighboring high-demand provinces. Third, deliver to medium and low demand prov-

inces, this delivery will be done from the high demand points to low and medium demand 

points. Policymakers should treat forecasts as complementary information and include 

the zero deaths provinces into the general delivery strategy. 

The forecasts are made based on province-level observable characteristics and sug-

gest that we can follow the same strategy of delivery from coastal and jungle regions to 

highlands. 

Pandemic preparedness, response, and recovery success depend on the methodology 

used to estimate the demand. This methodology guarantees that we can proxy demand 

with vulnerability against COVID-19 mortality. Deprivation costs are high where there is 

high mortality against COVID-19, so we propose that demand assessment must follow 

this criterion. 

5. Conclusions 

In this paper, we have argued that a supportive framework for economic reactivation 

can be built based on vulnerability against COVID-19 mortality. This vulnerability arises 

form-deprivation costs that are high as a consequence of the pandemic outbreak. Follow-

ing this idea, we decided to estimate SDMs where the dependent variable was the mor-

tality rates for COVID-19 at the province level. This regression model helped to under-

stand first the difference between mortality rates as the difference in vulnerability against 

COVID-19. The rest of the methodological steps included model selection and post esti-

mation analysis that helped to find the best model and to use their predictions to trace a 

delivery strategy for PRRSGS. The demand for PRRSGS was proxied by the predicted 

COVID-19 mortality rates, which determined vulnerability against COVID-19 mortality. 

The principal result for the regression analysis is that SDM(1,1,1), the more general 

SDM is the one that better fits the data suggesting that there are endogenous, exogenous 

and correlated spatial interaction effects. This means that mortality rates exhibit spatial 

patterns. Poverty, population density, and overcrowding remained as the main predic-

tors. However, overcrowding is direct and indirect (spatial spillovers) effects are counter-

acted, so further research is needed to clarify the relationship between overcrowding and 

mortality rates. Provinces are inevitably returning to their long-run level of economic ac-

tivity, and high mortality rates exist because there is scarcity in essential supplies that are 

needed to save lives regarding COVID-19 illness. Population density is negatively related 

to mortality rates, so for provinces with low population density, policymakers should 
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expect higher mortality rates, and thus delivery of PRRSGS must be prioritized. The rest 

of vulnerability drivers related to demographics, health insurance and health system per-

formance were not significative and empirically they were not related to COVID-19 mor-

tality rates. 

Economic reactivation must be done considering humanitarian logistics principles 

which imply the assessment of the demand for humanitarian aid regarding COVID-19 

mortality. The applied methodology shows that data-driven techniques are especially use-

ful to improve disaster management techniques and decision-making. This methodology 

can be replicated with other cases of study to optimize the policies for the pandemic re-

sponse and recovery phases. However, future research is still needed to overcome the 

limitations of data and to validate the exploratory results in this paper. 
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