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Abstract
Peru suffered the highest mortality rates worldwide during the COVID-19 pandemic. In this study, we assessed the Peruvian districts' all
causes of mortality-associated sociodemographic factors before and during the COVID-19 pandemic using mixed-effects Poisson
regression models. During the pre-pandemic and the �rst four COVID-19 waves, the Peruvian districts reported mean weekly mortality
of 22.3 (standard deviation 40.4), 29.2 (38.7), 32.5 (47.2), 26.8 (38.9), and 24.4 (38.0), respectively. We observed that before the COVID-
19 pandemic, the districts' weekly deaths were associated with the human development index ((HDI) adjusted incidence rate ratio
(aIRR) 0.11 (95% con�dence interval 0.11–0.12)), accessibility (aIRR 0.99 (0.99–0.99)), poverty (aIRR 0.99 (0.99–0.99)), and anemia
(aIRR 0.99 (0.99–0.99)). However, during each of the �rst four COVID-19 waves, the magnitude of association between the districts'
weekly deaths and HDI decreased (�rst, aIRR 0.61 (0.58−0.64); second, aIRR 0.54 (0.52−0.57); third, aIRR 0.20 (0.19−0.22); fourth, aIRR
0.17 (0.15−0.19)), but the association with accessibility (aIRR 0.99 (0.99–0.99)), poverty (aIRR 0.99 (0.99–0.99)), and anemia (aIRR
0.99(0.99–0.99)) remain constant. Before and during the COVID-19 pandemic, a solid association existed between all-cause mortality
and the district's sociodemographics, increasing with lower HDI, accessibility, poverty, and anemia rates.

Introduction
The COVID-19 pandemic increased mortality to historic levels, with a cumulative o�cial death toll by September 2022 of over
6.55 million deaths directly attributed to COVID-19 worldwide, according to ourworldindata.org. Among the hardest-hit countries, Peru
stands alone as the country with the highest mortality due to COVID-19 for a second year straight1. Currently, Peru continues leading
the tragic ranking of countries with the higher cumulative mortality, with over 6.5 deaths per million people. This mortality is so high
that the second-ranked country, Bulgaria, had cumulative mortality below 5.5 COVID-19 con�rmed deaths per million people.
Furthermore, all other countries have cumulative mortalities below �ve COVID-19 con�rmed deaths per million people, according to
ourworldindata.org.

To prevent deaths, particularly in developing countries, further understanding the sociodemographic-associated factors of all-cause
mortality is essential. This association was signi�cant during COVID-19 because it highlights its reality as a social phenomenon1.
Factors such as the human development index (HDI) can help decision-makers further understand the COVID-19 pandemic impact at
the macro and microregional levels because all the elements used for its calculation (life expectancy, education, and gross national
income per capita) are associated with COVID-19 mortality2. Living conditions also play a crucial role in the epidemiology of COVID-19
mortality since comorbidities and poor healthcare coverage enhance SARS-CoV-2 mortality3. The sociodemographic factors can help
us further understand the dynamics of COVID-19 mortality and input our new knowledge into decision-making to prevent deaths based
on reliable indicators4.

To understand the mortality risk during the COVID-19 pandemic, we need to understand its complex and interrelated association with
the socioeconomic factors at the macro and micro-regional levels5. We certainly can explore this association with more detail at the
district level rather than at the country level, as usually reported. Furthermore, the variability of the death risk across COVID-19 waves
may help us to understand what happens with such association when the death risk is higher (as in the �rst and second COVID-19
wave in Peru, due to the deathliest SARS-CoV-2 variants, including the index and the Delta virus, respectively) versus lower (as in the
third and fourth waves in Peru, due to Omicron BA.1 and BA.5, respectively)6. Hence, in this study, we aimed to assess the districts'
weekly death from all causes by the epidemiological week before and during each of the �rst four COVID-19 waves in Peru. We believe
that the variability of the death risk across COVID-19 waves should help us understand the intricacies of the association between
mortality from all causes and socioeconomic factors.

Results

Mortality before and during the COVID-19 pandemic in Peru
According to our segmented regression analysis, the �rst COVID-19 wave lasted 38 weeks (epidemiological weeks 10-2020 to 37-
2020), the second wave 46 weeks (epidemiological weeks 38-2020 to 41-2021), the third wave 30 weeks (epidemiological weeks 42-
2021 to 19-2022) and the fourth wave at least 11 weeks (epidemiological weeks 20-2022 to 30-2022) (Fig. 1). During these periods, we
observed higher mean weekly mortality during the second (32.5 ± 47.2 deaths per 100,000 people), �rst (29.2 ± 38.7), third (26.8 ± 38.9),
and fourth (24.4 ± 38.0) COVID-19 waves, all higher than before the COVID-19 pandemic (22.3 ± 40.4). Furthermore, we observed high
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variability of the mean weekly mortality across the districts of each region and COVID-19 wave, ranging from Ucayali in the �rst wave
(7.3 ± 4.6 deaths per 100,000 people) to Amazonas in the second wave (56.2 ± 142.5 deaths per 100,000 people) (Table 1).

Table 1
District’s weekly mortality variability before and during the COVID-19 pandemic across the regions

of Peru, 2017–2022.

  Pre

pandemic

(Mean ± SD)

1st

Wave

(Mean ± SD)

2nd

Wave

(Mean ± SD)

3rd

Wave

(Mean ± SD)

4th

Wave

(Mean ± SD)

Total deaths (n) 319,976 168,995 214,225 87,460 27,458

Weekly mortality 22.3 ± 40.4 29.2 ± 38.7 32.5 ± 47.2 26.8 ± 38.9 24.4 ± 38.0

By Region          

Amazonas 52.8 ± 154.1 47.7 ± 81.4 56.2 ± 142.5 44.5 ± 96.7 54.4 ± 159.3

Ancash 39.7 ± 50.5 48.1 ± 62.8 53.9 ± 68.4 47.1 ± 61.2 42.1 ± 45.7

Apurimac 37.7 ± 86.6 39.5 ± 61.2 50.0 ± 87.3 41.8 ± 65.2 38.2 ± 45.5

Arequipa 24.9 ± 36.9 38.8 ± 46.1 42.2 ± 46.1 32.9 ± 42.3 31.2 ± 40.5

Ayacucho 39.8 ± 61.8 46.6 ± 67.0 49.6 ± 64.5 44.2 ± 53.8 38.0 ± 51.9

Cajamarca 17.4 ± 19.4 21.2 ± 21.8 23.3 ± 24.3 21.7 ± 23.9 20.7 ± 25.1

Callao 8.7 ± 6.1 20.1 ± 13.0 17.6 ± 11.4 10.9 ± 6.7 9.5 ± 6.3

Cusco 20.2 ± 16.1 21.6 ± 16.9 25.2 ± 20.3 21.7 ± 17.4 22.3 ± 17.6

Huancavelica 39.8 ± 39.6 45.2 ± 40.5 50.9 ± 49.7 46.0 ± 48.1 42.2 ± 39.1

Huánuco 18.2 ± 15.0 21.1 ± 17.4 22.8 ± 19.5 20.2 ± 16.5 17.4 ± 13.7

Ica 14.2 ± 14.0 23.4 ± 18.0 25.3 ± 22.8 16.2 ± 17.2 14.7 ± 12.3

Junín 25.5 ± 27.9 31.1 ± 29.1 37.7 ± 35.0 30.2 ± 33.3 26.5 ± 27.5

La Libertad 13.8 ± 13.3 20.2 ± 18.1 19.7 ± 16.4 16.1 ± 13.5 13.5 ± 11.6

Lambayeque 11.7 ± 11.9 21.3 ± 18.4 15.0 ± 16.5 9.5 ± 10.1 9.0 ± 10.1

Lima 16.0 ± 32.5 31.1 ± 42.3 34.9 ± 47.6 24.6 ± 42.5 23.1 ± 38.8

Loreto 8.4 ± 9.9 13.6 ± 13.0 11.2 ± 7.7 10.5 ± 6.6 10.4 ± 15.3

Madre de Dios 16.3 ± 14.3 21.1 ± 16.1 20.4 ± 14.3 18.8 ± 11.7 19.0 ± 16.1

Moquegua 28.6 ± 36.5 41.4 ± 49.0 38.6 ± 46.0 40.5 ± 49.9 29.3 ± 36.1

Pasco 16.9 ± 14.6 20.4 ± 18.6 24.7 ± 24.1 17.9 ± 14.6 19.4 ± 19.7

Piura 11.3 ± 10.4 19.4 ± 17.1 18.8 ± 15.5 15.3 ± 13.8 12.7 ± 11.1

Puno 20.9 ± 17.1 25.2 ± 20.1 29.2 ± 24.2 26.6 ± 21.1 21.9 ± 16.3

San 14.6 ± 13.9 18.6 ± 17.3 20.0 ± 20.8 16.7 ± 14.3 16.6 ± 13.8

Tacna 25.3 ± 39.4 33.7 ± 41.0 36.2 ± 51.4 34.9 ± 47.6 22.8 ± 33.7

Tumbes 13.1 ± 8.7 20.3 ± 13.8 20.5 ± 13.8 15.5 ± 9.3 13.6 ± 9.5

Ucayali 7.3 ± 4.6 11.4 ± 10.6 10.7 ± 6.8 9.0 ± 5.3 7.6 ± 5.1

Legend: Mortality is expressed in weekly death counts per 100 000 people.
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Sociodemographic variability of the Peruvian districts
We observed signi�cant variability in each of the sociodemographics explored in our study, including elevation, the number of
communities, accessibility, HDI, vulnerability, and the prevalence of undernourished children, anemia, poverty, and extreme poverty
(Table 2 and Fig. 2). The districts in Peru range from regions with a mean elevation of 56 ± 36 meters above the sea level (m.a.s.l) in
Callao to 3723 ± 681 m.a.s.l. Regarding the number of communities, we observed a wide range from Callao (1 ± 0 communities) to
Pasco (94 ± 92 communities). Regarding accessibility to Metropolitan Lima, we also observed a wide range from Callao (1 ± 0
communities and 120 ± 59 min) to Tumbes (8706 ± 84 min). We observed that among the 25 regions of Peru only seven had mean
districts HDI over 0.5, including Callao (0.68 ± 0.06), Moquegua (0.59 ± 0.11), Ica (0.58 ± 0.07), Madre de Dios (0.58 ± 0.08), Arequipa
(0.54 ± 0.12), Lima (0.54 ± 0.18), and Tumbes (0.53 ± 0.06). Like with the HDI, the Peruvian districts exhibited a large variability across
regions in terms of the VFII, with some regions having mean district VFII within the moderate range (0.60–0.79), including Cajamarca
(0.65 ± 0.11), Huancavelica (0.64 ± 0.11), Puno (0.63 ± 0.11), Huánuco (0.63 ± 0.13), and Apurimac (0.60 ± 0.12). In terms of
undernourished children, we observed only seven regions with districts with a mean prevalence over 10%, including Piura (13.3% ±
13.2), La Libertad (13.1% ± 17.0%), Ancash (12.1% ± 21.4%), Huancavelica (11.4% ± 26.6%), Lambayeque (11.2% ± 12.9%), Huánuco
(10.3% ± 20.3%) and Lima (10.3% ± 11.2%). Likewise, the anemic prevalence in children varies largely across districts with eight
regions having a prevalence of anemia in children over 40% including Junín (54.1% ± 31.0%), Pasco (44.3% ± 19.4%), Madre de Dios
(44.3% ± 17.1%), Ucayali (43.6% ± 14.4%), Ancash (42.6% ± 28.2%), La Libertad (42.5% ± 23.7%), and Cusco (40.1% ± 23.8%). In terms
of poverty the regions with a mean poverty prevalence by district over 40% were Cajamarca (58.8% ± 12.6%), Ayacucho (45.1% ±
13.1%), Loreto (44.3% ± 10.3%), Puno (44.3% ± 9.6%), Apurimac (42.2% ± 9.5%), La Libertad (41.6% ± 16.8%), and Pasco (40.5% ±
13.5%). Finally, in terms of extreme poverty the regions with a mean extreme poverty prevalence by district over 20% were Cajamarca
(36.7% ± 14.7%), Ayacucho (27.8% ± 12.8%), La Libertad (24.8% ± 20.9%), Pasco (21.7% ± 12.5%), Apurimac (21.3% ± 11.2%), and
Huánuco (20.6% ± 10.2%).
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Table 2
Sociodemographic variability of the Peruvian districts, 2017–2022

Region Elevation

(m.a.s.l)

Communities
(No)

Accessibility

(min)

HDI VFII Undernourishment

(%)

Anemia

(%)

Poverty

(%)

Extreme
poverty

(%)

Amazonas 1874 ±
781

38 ± 35 5557 ± 470 0.37 
± 
0.09

0.56 
± 
0.12

7.9 ± 16.1 17.6 ± 
19.9

39.9 ± 
11.8

19.2 ± 
13.8

Ancash 2740 ±
916

45 ± 35 2591 ± 608 0.37 
± 
0.11

0.55 
± 
0.14

12.1 ± 21.4 42.6 ± 
28.2

36.9 ± 
13.7

11.2 ±
8.3

Apurimac 3230 ±
344

51 ± 36 3920 ± 429 0.32 
± 
0.08

0.60 
± 
0.12

8.8 ± 21.0 31.1 ± 
23.5

42.2 ±
9.5

21.3 ± 
11.2

Arequipa 2149 ± 
1331

43 ± 79 5435 ± 719 0.54 
± 
0.12

0.35 
± 
0.16

9.5 ± 10.0 31.1 ± 
28.5

20.3 ± 
12.2

9.3 ± 
12.4

Ayacucho 3003 ±
663

63 ± 62 3198 ± 522 0.35 
± 
0.09

0.58 
± 
0.13

8.4 ± 18.7 35.1 ± 
22.0

45.1 ± 
13.1

27.8 ± 
12.8

Cajamarca 2126 ±
703

50 ± 33 5400 ± 628 0.32 
± 
0.09

0.65 
± 
0.11

9.6 ± 23.6 23.9 ± 
17.9

58.8 ± 
12.6

36.7 ± 
14.7

Callao 56 ± 36 1 ± 0 120 ± 59 0.68 
± 
0.06

0.16 
± 
0.04

1.0 ± 7.1 18.1 ± 
10.0

13.5 ± 
10.1

0.7 ±
0.8

Cusco 3070 ±
983

77 ± 62 5116 ± 514 0.36 
± 
0.13

0.57 
± 
0.16

8.5 ± 16.8 40.1 ± 
23.8

35.6 ± 
13.1

9.9 ±
7.4

Huancavelica 3282 ±
446

68 ± 62 2158 ± 303 0.33 
± 
0.10

0.64 
± 
0.11

11.4 ± 26.6 38.8 ± 
27.8

39.8 ± 
12.8

17.1 ±
8.7

Huánuco 2499 ± 
1165

73 ± 58 2189 ± 453 0.35 
± 
0.09

0.63 
± 
0.13

10.3 ± 20.3 28.3 ± 
21.7

36.7 ± 
12.4

20.6 ± 
10.2

Ica 573 ±
859

29 ± 23 2206 ± 585 0.58 
± 
0.07

0.26 
± 
0.11

3.8 ± 7.7 27.4 ± 
21.1

4.9 ±
4.9

1.0 ±
5.7

Junín 3065 ± 
1006

36 ± 47 1591 ± 328 0.45 
± 
0.10

0.45 
± 
0.15

8.7 ± 18.4 54.1 ± 
31.0

26.4 ±
9.7

6.9 ±
6.1

La Libertad 1851 ± 
1380

42 ± 29 4173 ± 477 0.38 
± 
0.17

0.49 
± 
0.21

13.1 ± 17.0 42.5 ± 
23.7

41.6 ± 
16.8

24.8 ± 
20.9

Lambayeque 232 ±
640

40 ± 39 5765 ± 245 0.49 
± 
0.10

0.32 
± 
0.15

11.2 ± 12.9 34.9 ± 
18.8

20.4 ± 
11.3

4.4 ± 
12.7

Lima 1728 ± 
1470

33 ± 37 726 ± 427 0.54 
± 
0.18

0.35 
± 
0.17

10.3 ± 11.2 32.0 ± 
27.5

18.0 ±
9.7

5.1 ±
6.1

Loreto 129 ± 29 47 ± 29 7620 ± 1828 0.34 
± 
0.10

0.59 
± 
0.12

9.3 ± 26.4 31.7 ± 
15.0

44.3 ± 
10.3

16.1 ±
7.5

Legend: m.a.s.l., meters above the sea level; HDI, human development index; VFII, vulnerability to food insecurity index.
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Region Elevation

(m.a.s.l)

Communities
(No)

Accessibility

(min)

HDI VFII Undernourishment

(%)

Anemia

(%)

Poverty

(%)

Extreme
poverty

(%)

Madre de
Dios

296 ±
106

28 ± 16 6822 ± 726 0.58 
± 
0.08

0.38 
± 
0.09

9.4 ± 11.2 44.3 ± 
17.1

6.8 ±
4.4

0.2 ±
0.2

Moquegua 2216 ± 
1221

65 ± 71 6827 ± 332 0.59 
± 
0.11

0.39 
± 
0.17

5.8 ± 8.4 24.2 ± 
17.4

16.3 ± 
10.1

4.3 ±
5.0

Pasco 2933 ± 
1377

94 ± 92 1775 ± 404 0.44 
± 
0.10

0.49 
± 
0.13

5.7 ± 16.3 44.3 ± 
19.4

40.5 ± 
13.5

21.7 ± 
12.5

Piura 546 ±
783

44 ± 59 7491 ± 431 0.42 
± 
0.13

0.44 
± 
0.19

13.3 ± 13.2 23.7 ± 
16.2

34.3 ± 
14.2

13.3 ± 
12.4

Puno 3723 ±
681

85 ± 77 7151 ± 531 0.33 
± 
0.10

0.63 
± 
0.11

6.4 ± 13.4 39.8 ± 
17.7

44.3 ±
9.6

17.5 ±
7.7

San 465 ±
280

33 ± 23 4639 ± 584 0.42 
± 
0.09

0.50 
± 
0.14

6.0 ± 11.9 28.2 ± 
17.4

26.8 ± 
10.1

9.3 ±
7.1

Tacna 1990 ± 
1331

31 ± 31 7816 ± 273 0.48 
± 
0.14

0.41 
± 
0.15

8.7 ± 4.0 23.7 ± 
30.8

19.8 ±
8.6

8.1 ±
8.7

Tumbes 36 ± 36 15 ± 9 8706 ± 84 0.53 
± 
0.06

0.27 
± 
0.09

3.2 ± 9.4 27.7 ± 
12.3

11.5 ±
3.2

0.4 ±
0.3

Ucayali 197 ± 44 55 ± 28 3953 ± 708 0.41 
± 
0.10

0.46 
± 
0.13

9.5 ± 18.7 43.6 ± 
14.4

16.6 ± 
10.3

1.8 ±
2.0

Legend: m.a.s.l., meters above the sea level; HDI, human development index; VFII, vulnerability to food insecurity index.

 

Correlation of district sociodemographic data in Peru
We observed in our correlation analysis a high correlation between HDI and VFII (Pearson r =-0.916; p-value < 0.001). Likewise, we
observed a moderate correlation between HDI and undernourishment (Pearson r =-0.655; p-value < 0.001), undernourishment and VFII
(Pearson r =-0.637; p-value < 0.001), elevation and HDI (Pearson r =-0.564; p-value < 0.001), and between elevation and vulnerability
(Pearson r =-0.524; p-value < 0.001) (Table 3).
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Table 3
Correlation of district sociodemographic data in Peru, 2017–2022

    Elevation Commu-nities Accessi-bility HDI VFII Undernou-rishment Anemia

Communities Person’s r 0.332 1.000          

  p-value 0.000            

Access Person’s r -0.004 0.118 1.000        

  p-value 0.223 0.000          

HDI Person’s r -0.524 -0.361 -0.238 1.000      

  p-value 0.000 0.000 0.000        

Vulnerability Person’s r 0.564 0.378 0.165 -0.916 1.000    

  p-value 0.000 0.000 0.000 0.000      

Undernou-rishment Person’s r 0.439 0.305 -0.003 -0.655 0.637 1.000  

  p-value 0.000 0.000 0.314 0.000 0.000    

Anemia Person’s r 0.392 0.160 -0.046 -0.171 0.156 0.267 1.000

  p-value 0.000 0.000 0.000 0.000 0.000 0.000  

Poverty Person’s r 0.020 0.341 0.141 -0.241 0.260 0.331 -0.006

  p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.070

Legend: HDI, human development index; VFII, vulnerability to food insecurity index.

 

Regression analysis of weekly deaths from all causes by district
First, we �t a series of raw two-level Poisson mixed effects regression models adjusting the weekly deaths from all causes in each
district by population as an offset variable and epidemiological weeks (Table 4). Here we observed that the strongest association was
between the death counts and HDI and accessibility, regardless of the period of interest. Consequently, to prevent collinearity, we move
forward in our variable selection, excluding elevation, vulnerability, and undernourishment due to their high correlation with HDI. In our
regression analysis, we observed that before the COVID-19 pandemic, the districts' weekly mortality was associated with the human
development index ([HDI], adjusted incidence rate ratio = 0.11, 95% con�dence interval = 0.11–0.12), accessibility (0.99; 0.99–0.99),
poverty (0.99; 0.99–0.99), and anemia (0.99; 0.99–0.99). However, consistently during each of the �rst four COVID-19 waves, the
magnitude of association between the district weekly mortality and HDI decreased and varied signi�cantly across waves (�rst, 0.61:
0.58–0.64; second, 0.54: 0.52–0.57; third, 0.20: 0.19–0.22; fourth, 0.17: 0.15–0.19), but the association with accessibility (0.99: 0.99–
0.99), poverty (0.99: 0.99–0.99), and anemia (0.99; 0.99–0.99) remained constant.
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Table 4
Sociodemographic factors associated with mortality from all causes before and during the COVID-19 pandemic in Peru

  Pre pandemic

IRR

(95% CI)

1st

Wave

IRR

(95% CI)

2nd

Wave

IRR

(95% CI)

3rd

Wave

IRR

(95% CI)

4th

Wave

IRR

(95% CI)

Raw IRR          

HDI 1.29***

(1.24−1.34)

0.90***

(0.85−0.99)

0.82***

(0.78−0.85)

0.33***

(0.31−0.35)

0.28***

(0.25−0.32)

Accessibility 0.99*** (0.99−0.99) 0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

Poverty 0.99*** (0.99−0.99) 0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

Anemia 0.99*** (0.99−0.99) 0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

1.00

(0.99−1.00)

Undernourishment 0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

1.00***

(1.00−1.01)

1.00***

(1.00−1.01)

Vulnerability 0.99 (0.98−1.03) 1.02 (0.99−1.06) 1.07*** (1.04−1.10) 1.82*** (1.75−1.90) 1.85*** (1.72−2.00)

Extreme poverty 1.00*** (1.00−1.00) 1.00*** (1.00−1.00) 1.00*** (1.00−1.00) 1.02*** (1.02−1.02) 1.02*** (1.02−1.02)

Altitude 1.00*** (1.00−1.00) 1.00*** (1.00−1.00) 1.00*** (1.00−1.00) 1.00*** (1.00−1.00) 1.00*** (1.00−1.00)

Adjusted IRR*          

HDI 0.11*** (0.11−0.12) 0.61*** (0.58−0.64) 0.54*** (0.52−0.57) 0.20*** (0.19−0.22) 0.17*** (0.15−0.19)

Accessibility 0.99*** (0.99−0.99) 0.99*** (0.99−0.99) 0.99*** (0.99−0.99) 0.99*** (0.99−0.99) 0.99*** (0.99−0.99)

Poverty 0.99*** (0.99−0.99) 0.99*** (0.99−0.99) 0.99*** (0.99−0.99) 0.99*** (0.99−0.99) 0.99*** (0.99−0.99)

Anemia 0.99*** (0.99−0.99) 0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

0.99***

(0.99−0.99)

Undernourishment - - - - -

Vulnerability - - - - -

Extreme poverty - - - - -

Altitude - - - - -

Legend: IRR, Incidence rate ratio; 95% CI, 95% con�dence interval; *, mixed effects Poisson regression models with the log of the
population of each district as a structural predictor (offset) adjusting for the epidemiological week.
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Discussion
Our results showed that before and during the COVID-19 pandemic, a solid association existed between all-cause mortality and the
district's sociodemographics, increasing with lower HDI, accessibility, poverty, and anemia rates. However, during the COVID-19 waves,
the magnitude of the association between the district's weekly deaths from all-cause and HDI decreased, while its association with
accessibility, poverty, and anemia rates remained constant. During the COVID-19 pandemic, the district's weekly mortality reached its
highest levels during the �rst and second COVID-19 waves and the lowest during the third and fourth waves. However, the association
between the district's weekly deaths and HDI was the weakest during the �rst and second waves and the strongest during the third and
fourth waves, regardless of the accessibility, poverty, and anemia rates.

Mortality is strongly associated with human development for several reasons. Those with higher HDI have timely access to
diagnostics and treatment, better healthcare, and faster disease recovery than those with lower HDI7,8. During the COVID-19 pandemic,
researchers have estimated that around 47% of the incidence of COVID-19 was associated with HDI9. Furthermore, in some Latin-
American countries, it has been estimated that at least 20–40% of the case fatality rate depends on the HDI10. Across countries,
countries with high HDI prevented more COVID-19 deaths, con�rmed that the most signi�cant fraction of their cases and deaths were
due to COVID-19, and even had higher recovery rates11,12. However, contrary to expected, within Peru and during the deathliest COVID-
19 waves, those districts with higher HDI had higher death counts. We can explain such inverse association for several reasons. First,
Peru is a very centralized country, with the capital Lima concentrating most of the resources necessary to prevent COVID-19 deaths,
such as oxygen, hospital beds, certi�ed physicians, and su�cient specialist to attend to COVID-19 patients in hospital facilities.
Second, the COVID-19 epidemic started in the wealthiest districts of Lima and expanded to the poorest districts of Lima and the
country.

From a social perspective, the inequalities and inequities that increased mortality before the COVID-19 pandemic were mitigated during
the �rst days of the COVID-19 pandemic13. At that time, the world faced a deathly disease without knowing much about its
pathogenicity or epidemiology, and more importantly, without any effective treatment to prevent COVID-19 deaths14. In such a
scenario, those with the economic resources to travel overseas were the �rst to be exposed to imported cases, which explains why the
�rst cases and deaths were reported within the wealthiest districts in Peru15. Peru's Government acted promptly, imposing a national
lockdown just ten days after its �rst case was registered but still suffered from one of the highest excess deaths worldwide16. On
March 11, 2020, the Peruvian president declared a general quarantine with social distancing interventions, including school and
university closures, and on March 16, 2020, Peru declared a national emergency. Three months later, the wealthiest districts of Lima,
which coincidently were the districts with the largest elder population, reported the highest mortality rates in the country with an
estimated reproduction number of ~ 2.3 (95% CI: 2.0-2.5)17. On the contrary, during the �rst COVID-19 wave, those districts located at a
higher elevation in Peru had the lowest COVID-19 incidence and mortality18, and also the latest to peak compared to those districts
with lower elevation6. Regardless, the inequalities and inequities that drive mortality quickly catch up with cities such as Iquitos
becoming the city with the highest seroprevalence of anti-SARS-CoV-2 antibodies worldwide and one of the deathlier histories of the
COVID-19 pandemic in Peru19. Despite authorities' efforts, Iquitos hospitals became overwhelmed, and medical oxygen shortages
contributed mainly to the tragic humanitarian crisis that led a peak with over 100 deaths per day in a small city of 400,000 people.

Regarding the spatial distribution of COVID-19 mortality, overall, it was higher among the urban than in the rural areas, and within the
cities, it highlighted the long-standing health inequalities20. Furthermore, neighborhoods with higher social vulnerability within the
cities had lower testing and mortality rates21. Since the beginning of the COVID-19 pandemic in Wuhan, medical facilities' accessibility
and spatial inequality have played a crucial role in the mortality variability within and across districts22. In our study, we observed an
inverse association between the mortality from all cases with accessibility to Lima, poverty, and anemia. Such inverse associations
remain invariable before and during the COVID-19 pandemic when adjusted for HDI and epidemiological week, which certainly re�ects
the fact that Peru is a very centralized country with substantial inequalities in access to health facilities across its districts.

Our study has several limitations. First, this study relied mainly upon the quality of the open data available and disaggregated at the
district level, which is prone to information and selection bias. However, some of the strengths of our study, including a high study
power and rigorous data analysis, allowed us to increase the study's internal validity. Second, some COVID-19 waves were shorter than
others so we may lose some accuracy in our estimations. However, it might not be enough to invalidate the comparisons across waves
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due to our high study power. And third, the external validity of our study is limited to Peru and other highly centralized countries, which
is a characteristic of most developing countries but not of developed countries.

In conclusion, a solid association exists between the district's weekly deaths from all-cause and the district sociodemographics data.
Before the COVID-19 pandemic, the district's weekly deaths increased with lower HDI, accessibility, poverty, and anemia rates. However,
during the COVID-19 waves, the magnitude of association between the district's weekly deaths from all-cause and the district's HDI
decreased, keeping constant its association with the district's accessibility, poverty, and anemia rates. The COVID-19 pandemic is not
over, so it is critical to address the lessons from the previous COVID-19 waves to save as many lives as possible in the next waves. The
results from our study certainly can help policymakers plan and prepare to face the inequalities in medical facilities and provide the
necessary healthcare resources more effectively.

Methods

Ethical considerations
Our study only used open data curated by the Peruvian Government, which publishes this data without identi�ers and keeps it updated
with an open license (CC BY 4.0). Therefore, following good research practices, our study was exempted from revision by the
Institutional Review Board from the Universidad Peruana La Union.

Study design and population
We conducted a cross-sectional study to characterize and compare the mortality from all causes across the districts of Peru before
and during the �rst, second, third, and fourth waves of the COVID-19 pandemic. Peru's territory encompassed 25 regions
("departamentos"), 196 provinces ("provincias"), and 1869 districts ("distritos"). This study assesses the association between the
districts' weekly mortality and sociodemographics.

Study outcome and data sources.
We used the district's death counts per epidemiological week as the study outcome for our regression analysis and the district's
mortality per epidemiological week for our descriptive analysis. We calculated the weekly mortality by multiplying the accumulated
death counts per epidemiological week by 100,000 and dividing the product by the estimated annual population.

Using the Peruvian Open Data National Repository, we obtained the death counts, population estimates, and the districts'
sociodemographic and geographical boundaries. Speci�cally, we got the death counts from all causes from the National System of
Deaths (SINADEF), the annual estimated population from the National Registry of Identi�cation and Civil Status (RENIEC), and the
Peruvian administrative boundaries from the ArcGIS public repository. We obtained the district sociodemographic data from the
National Center for Strategic Planning (CEPLAN), including HDI, vulnerability to food insecurity index (VFII, which is a combined
measure of the annual average income per capita, the degree of urbanization, non-poverty population, population with access to water,
and gross domestic product of food from the agricultural, livestock and �shing sectors), and the prevalence of anemia, undernourished
children, and percentages of the population living in poverty or extreme poverty. Finally, we obtained the district's accessibility to the
capital of Peru, Lima, using the data and code from the Malaria Atlas Project.

Statistical Analysis
We delimited the beginning and end of each COVID-19 wave in Peru by using the segmented regression method described by Muggeo
VM23, which we �rst reported in a previous manuscript6. Then, we performed a descriptive analysis to characterize the district's weekly
mortality across the regions of Peru. Then, we describe the districts' sociodemographic variability across the regions of Peru by
summarizing each of our variables of interest and elaborating district maps using the QGIS program. Next, we assessed Pearson's
correlation of the district's demographics to prevent collinearity in our regression analysis. After this veri�cation, we evaluated the
association between the district's weekly death counts and sociodemographics before and during the �rst four COVID-19 waves in
Peru. For this purpose, we �t a series of mixed effects Poisson regression models adjusting for the epidemiological week and using the
log of the population of each district as a structural predictor (offset). In each model, we assessed the potential sociodemographic-
associated factors to the district's weekly death counts: accessibility, HDI, VFII, poverty, poverty, extreme poverty, anemia,
undernourishment, elevation, and the number of communities in each district. Finally, we use forward selection to determine the
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variables selected for the multivariate model using the Akaike Information Criteria (AIC). We use STATAtm MP version 14.0 (StataCorp
LP, College Station, Texas) for the statistical analysis and a 95% con�dence interval for each of our estimates.
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Figure 1

Segmented regression to assess the beginning and end of each of the �rst four COVID-19 waves in Peru

Legend: The �gure shows the weekly mortality rate from all causes during Peru's �rst four COVID-19 waves (Fig. 1A). It also indicates
the segmented regression analysis results, which we use to determine the duration of the �rst and second COVID-19 waves (Fig. 1B)
and the beginning and end of the third and fourth COVId-19 waves (Fig. 1C) in Peru.
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Figure 2

Variability of the district’s sociodemographic in Peru

Legend: HDI, human development index


