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1. Introduction

Since the first suspected pneumonia cases observed on December 2019 in Wuhan (China),

the novel coronavirus (SARS-CoV-2), causing a severe acute respiratory syndrome (COVID-

19), has turned into a pandemic and a global challenge [c.f. 1]. In response, policymakers across

the world are monitoring epidemiological indicators in real-time aiming to define successful

containment measures [2, 3, 4]. Among such indicators, deaths caused by COVID-19, general

mortality rates, and excess mortality are three standard epidemiological indicators used by the

World Health Organization (WHO) to monitor the spread of an infectious disease [5]. However,

comparing the current total mortality rate to the average mortality rate of previous years,

which is the definition of excess mortality, is more reliable compared to “crude” or adjusted case

fatality rates [c.f. 6, 7]. Indeed, the number of deaths caused by an infectious disease may either

be underestimated if the health system fails to detect the infection in a dead patient (censoring

bias), or overestimated if the health system focuses only on severe cases (ascertainment bias)

[8, 9, 10, 11].

While excess mortality does not suffer from such biases, it might be difficult to estimate during

a pandemic peak for two reasons. First, vested interests may incentivize some policymakers

to hide deaths and cases caused by an infectious disease [12], which means that the reported

number of deaths may under-represent the actual mortality rate [13, 14]. Second, even under

the assumption that official statistics do not suffer from any bias, in almost all countries,

official mortality records are published with a substantial delay. Indeed, the latest release of

the WHO mortality database currently available, was updated on November 15, 2019 [15]. In

this respect, the latest Italian National Statistical Institute (ISTAT) release of official mortality

data, published on May 9, 2020, which covers the period between January 1, 2020 to April 15,

2020, should be seen as an “early release”. Indeed, ISTAT usually publishes mortality data after

at least one year (see Section 2 for further details). This release followed the concern raised by

several Italian policymakers during the early stage of the COVID-19 outbreak that the official

statistics were not accurately representing the actual number of deaths caused by COVID-19,

which was believed to be much higher [16, 17].

In this paper we propose a novel approach to deal with the publication delay of mortality

2

Jo
ur

na
l P

re
-p

ro
of



data by “nowcasting” daily mortality using newspaper obituaries as an alternative source of

information. Using standard forecasting techniques, we compare different models, and find that

forecasts based on obituaries outperform autoregressive forecasts based on previous mortality

rates according to several accuracy criteria. More specifically, we use obituaries published on

the local newspapers of Bergamo (120,000 inhabitants) and Brescia (196,000 inhabitants), both

in the Lombardy region, during the interval between February 24 to May 14, 2020. Lombardy

is considered the European hot-spot of the first COVID-19 wave, with 88,183 reported cases

and 15,974 deaths as of May 25, 2020, over a total population of approximately 10 million

inhabitants [18, 19]. It therefore represents a relevant case study for our research purpose.

Our findings show that newspaper obituaries account for, roughly, half of the actual number of

deaths and can be a valid, reliable, and timely alternative to official mortality statistics. Indeed,

while being a non-uniform representation of a society, obituaries are used across the world and

in different cultures [e.g. 20, 21]. These results may be relevant for many policymakers and

health authorities for the surveillance of new infectious disease outbreaks. The next section

presents the data used in our estimates, and the empirical methodology. In the third section

we report our results. In the fourth and final section we discuss the limitations of our approach

and provide possible policy recommendations.

2. Data and Methods

The basic principle of “nowcasting” is to exploit information which is published at a higher

frequency than the variable of interest [22]. We thus use this approach to address the delay

associated with the publication of official mortality data, and obtain a prediction of COVID-19

severity in almost real-time. We start by describing our dataset and then explore the accuracy

of estimates based on newspaper obituaries published in two local newspapers using standard

forecasting techniques.
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2.1. Data

2.1.1. Newspapers obituaries

We digitalized obituaries published online by L’Eco di Bergamo and Il Giornale di Brescia,

the two most circulated newspapers in the provinces of Bergamo and Brescia, respectively. In

2019, the daily number of readers of L’Eco di Bergamo was 402,000, while the daily number of

readers of Il Giornale di Brescia was 427,000 (c.f. http://audipress.it/quotidiani/). Each

obituary contains individual characteristics such as name, surname, age, gender, date of death

and municipality of death. Our final dataset contains 4,054 and 3,874 unique individuals from

February 24 to May 14, 2020 for the provinces of Bergamo and Brescia, respectively.

Newspaper obituaries contain a wide range of information about the victim such as name,

surname, gender, age, date of death, and the municipality of death. Figure 1 displays the daily

progression of mortality (solid line) and the number of published obituaries (dashed line) for

each of the two municipalities in our sample. By comparing the number of obituaries to the

number of actual registered deaths in our sample, we conclude that obituaries represent roughly

56% percent of the total number of deaths. Although obituaries represent only a subset of the

officially registered deaths, with a gap increasing during the peak, the correlation between the

two measures is glaring, and approximately equal to 97%.

2.1.2. Official mortality

We combine obituaries data with mortality data at the municipality level released by IS-

TAT on May 9, 2020. ISTAT data are publicly available online at https://www.istat.it/

it/archivio/240401. The ISTAT dataset contains daily deaths at the municipality level from

January 1 to April 15, 2020 for a sample of 4,433 Italian municipalities. The ISTAT sample cov-

ers all municipalities belonging to the two provinces of our analysis (243 and 205 municipalities

in the provinces of Bergamo and Brescia, respectively).

2.2. Methods

Formulation of the Augmented-ARMA(1,2) model. We use an auto-regressive moving-average

model of mortality augmented with newspaper obituaries, which we label Augmented-ARMA

(AARMA). We select an AARMA(1,2) specification after inspectiing the autocorrelation and
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Figure 1: Deaths vs Obituaries

Notes: Daily progression of deaths (solid line) and obituaries (dashed line) in our sample.
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partial autocorrelation plots which display, respectively, a one-lag significant autocorrelation

coefficient, and a two-lag partial autocorrelation coefficients (c.f. Fig4 and Fig5 in section 6).

Formally, this writes as

yt = µy +
n∑

i=1

αyt−i + βxt + εt

εt
d−→MA(2)

(1)

where yt = ln(deathst) is the log-transformed number of deaths observed on day t, µy is the

unconditional mean of y, n is the number of model lags, and xt = ln(obituariest) is the log-

transformed number of newspaper obituaries referring to deaths occurred on day t, which is

assumed to be exogenous with respect to the time series {yt} (i.e. E[εt|xt] = 0).

In what follows, we compare the accuracy of the AARMA(1,2) predictions to those we would

obtain with: (i) an OLS model (i.e. yt = µy + βxt + εt); (ii) an AR(1) (resp. AR(3)) model

without information on obituaries, i.e. model (1) with β = 0 and n = 1 (resp. n = 3).

Accuracy metrics. The root mean squared error (RMSE), mean absolute error (MAE), mean

absolute percentage error (MAPE), and Theil’s U of the estimator ŷt to the target mortality

level yt are defined, respectively, as

• RMSE(ŷt, yt) = [ 1n
∑n

t=1(ŷt − yt)2]
1
2

• MAE(ŷt, yt) =
1
n

∑n
t=1 |ŷt − yt|

• MAPE(ŷt, yt) =
1
n

∑n
t=1 |ŷt−yt|

yt

• Theil(ŷt, yt) = RMSE(ŷt,yt)
RMSEnaive

where RMSEnaive refers to the RMSE of a naive forecast, i.e. yt = yt−1 [23]. The AIC and

BIC are defined, respectively, as AIC = 2k − 2 ln(L̂) and BIC = k ln(T ) − 2 ln(L̂), where

L̂ maximizes the likelihood function of the estimated model, k is the number of estimated

parameters, and T is the sample size.
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3. Results

Table 1 reports the accuracy of different forecasting models of daily mortality from Febru-

ary 24, 2020 to May 15, 2020, with Panel A (resp. Panel B) reporting observations for the

municipality of Bergamo (resp. Brescia). Specifically, we compare the estimated mortality

level to the true mortality published by ISTAT on May 9, 2020 and computed different ac-

curacy metrics described in Section 2. These measures include the root mean squared error

(RMSE), mean absolute error (MAE), mean absolute percentage error (MAPE), the Theil’s

U, the Akaike’s information criterion (AIC), and the Bayesian Information Criterion (BIC).

We compare these measures for (i) ordinary least squares (OLS) estimates; (ii) “augmented”

autoregressive-moving-average (AARMA(1,2)) estimates with obituaries as exogenous variables;

(iii) one-lag autoregressive estimates (AR(1)); (iv) three-lag autoregressive estimates (AR(3)).

Lower values of each of these measures correspond to more accurate forecasts. Therefore, ac-

cording to every performance metric, we report that AARMA(1,2) outperforms all other models,

and for both provinces in our sample.

Table 1: Comparison of different forecasting models of mortality

Model RMSE MAE MAPE Theil’s U AIC BIC
Panel A: Bergamo OLS 0.184 0.136 0.032 0.830 -24.299 -20.396

AARMA(1,2) 0.137 0.113 0.026 0.581 -51.078 -39.370
AR(1) 0.215 0.165 0.039 0.989 -8.131 -2.277
AR(3) 0.210 0.163 0.039 0.961 -6.915 2.841

Panel B: Brescia OLS 0.172 0.140 0.033 0.953 -31.734 -27.832
AARMA(1,2) 0.158 0.122 0.029 0.863 -35.067 -23.359

AR(1) 0.194 0.151 0.035 0.986 -23.034 -17.181
AR(3) 0.191 0.148 0.034 0.981 -19.623 -9.866

Notes: Metrics of forecast accuracy. AARMA(1,2) refers to model (1). RMSE, MAE, MAPE, and Theil’s U are for root mean
squared error, mean absolute error, mean absolute percent error, and Theil’s U statistic, respectively. AIC and BIC refer to the
Akaike’s Information Criterion and the Bayesian Information Criterion, respectively.

We also report in Figure 2 the forecasted mortality against the observed mortality, while

Figure 3 displays the daily evolution of the estimated standard errors for each model. In Figure

3, note that the AR(1) and the AR(3) curves overlap. In Figure 2, note that the curves refer both

to the in-sample (resp. out-of-sample) forecast, as they refer to the period before (resp. after)

April 15, i.e. the last available date for official mortality data provided by ISTAT. Both the

AARMA(1,2) and the OLS estimates have a much lower prediction error, and a close inspection

of the estimates shows that both AARMA(1,2) and OLS estimates outperform models based
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only on previously observed mortality data (i.e. AR(1) and AR(3)) over the entire period in

our sample.

4. Discussion and Limits

Our approach, though powerful, is not free from limitations. First, despite being concen-

trated in the most affected Italian region, our sample refers only to two provinces. Second, since

they are costly, newspaper obituaries may under-represent the actual mortality level, in partic-

ular for lower income or marginalized communities. This issue becomes more severe during the

epidemic peak (see Fig1). The effect of such under-representation on our estimates, however,

is mixed. On the one hand, if obituaries were published for every COVID19 victim, our results

would (obviously) be only marginally more accurate, as the sample would virtually coincide

with the actual population. It is less obvious, on the other hand, what is the implication of the

households-level heterogeneity towards the publication of obituaries on the accuracy of our fore-

casts. We are also agnostic about potentially heterogeneous behavioral attitudes towards such

publications in other locations or cultures. In this respect, the large variance observed in civic

attitudes and prosocial behavior across Italian municipalities may play a role in determining

this attitude [cf. 24]. Understanding how such cultural heterogeneity may affect our conclu-

sions, as well as increasing the sample size so as to include more municipalities, constitutes a

valuable path for future research.

5. Conclusion and Policy Implications

We used newspaper obituaries to “nowcast” daily mortality observed in Italy during the first

COVID-19 outbreak peak. We find that forecasting models which use obituaries outperform

other models based on previously observed mortality, and we report that obituaries account,

on average, for 56% of the actual deaths. Although the results should be interpreted cautiously

in light of the assumptions and limitations inherent to our approach, their implications may

help health authorities –possibly of any geographical entity – in the interpretation of observed

surveillance data and provide indications for the magnitude and timing of possible future epi-

demic waves. More specifically, collecting newspaper obituaries in a centralized database would
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Figure 2: Forecasts

Notes: Daily progression of each forecasting model with the actual ln(Deaths) (solid green line) on the vertical axis and
the corresponding date on the horizontal axis. The other lines refer to the forecasted ln(Deaths).
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Figure 3: Prediction error

Notes: Daily evolution of the prediction error for each forecasting model. Note that the AR(1) and AR(3) curves overlap.
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provide a valid alternative to official mortality figures, which could be used by health authorities

to assess the actual severity of COVID-19 in almost real-time and, in turn, timely implement

effective containment measures.
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6. Appendix

Figures

Figure 4: Autocorrelations

Notes: Autocorrelation of the natural logarithm of daily mortality for Bergamo
(top) and Brescia (bottom).

Figure 5: Partial autocorrelations

Notes: Partial autocorrelation of the natural logarithm of daily mortality for Berg-
amo (top) and Brescia (bottom).
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