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1 Background

Variation in the manifestation of Spanish Influenza around the world 100 years ago continues to pique the
interests of researchers today. Though studied extensively, questions remain about the ways in which spatial,
temporal, and social differences affect influenza mortality, particularly during pandemics.

While climatic differences between tropical and northern countries play a role in seasonal influenza activity
[1], the high world-wide mortality of the 1918 Spanish flu pandemic [2] indicates these climactic patterns did
not play a major role in regional death outcome. Typically characterized into three waves (Spring, Fall, and
Winter), the presence and severity of each wave differed by location, creating debate regarding transmission
mechanisms and the role acquired immunity in consecutive breakouts may have played in the tempering of
each successive wave. While a virus will spread more slowly in a population with some immunity (i.e. the
reproduction number R ffecrive in a partially-immune population will be lower than Rp), the mortality of those
exposed to the flu may differ according to their exposure and environmental surroundings [3]. Furthermore,
mutation and evolution of the virus may further play a role in the extent to which a person, once immune to an
earlier strain, is again succeptable to a ciruclating virus [3, 4].

Prior research focusing on entire cities examines transmission mechanisms and the role acquired immunity
in consecutive breakouts may have played in the tempering of each successive wave of Spanish Influenza [5, 6,
7], but without biological evidence, this link is difficult to prove.

Other research clearly points toward a social gradient in the transmission and strength of seasonal influenza
outbreaks and preventative vaccination campaigns in the US and across the world, especially in elderly and
minority populations[8, 9]. Yet the extent that these patterns remain the same or differ during pandemic events
is debated. For example, many of the earlier analyses of the 1918 influenza pandemic led researchers to postulate
that the viral strain present in the 1918-920 pandemic events was so virulent that aside from affecting all age
groups, the airborne nature of the disease outweighed the potential of any other social variables to create class
mortality differentials [10, 11, 12]. Several examples of these studies, such as in a Great Britain Ministry of
Health survey about fatality and social status in 1920, can be found in a 2006 review [13, 11].

Other recent research explores the correlation between district level demographic and social levels and flu
mortality during the 1918 pandemic, yet the papers focus on single waves; for example, a census tract analysis
found that during the strong fall wave in Chicago (the end of September to November 1918), influenza and
related mortality was higher in places with greater illiteracy [14]. Mamelund used individual and household
level data to find that both neighborhood of residence and apartment size, as a proxy for household wealth, had
effects on influenza survival in Kristiana during 1918[13]. Madrid, in the middle of a large period of growth
during a stage of urbanization in Spain, also had a large degree of social and economic district variation, which
may have played a role in the spread of influenza and spatial mortality differences [15, 13].

These small-area studies within cities often focus on one or two waves of pandemic outbreak, but this
can ignore the changing transmission mechanisms and role acquired immunity plays in consecutive breakouts
[5, 6, 7]. Few papers combine the strength and timing of each wave with the impact of the socio-economic
status, as this requires information about the effected’s income and/or occupation across more than one wave in
a location. The recorded presence of herald waves and their measured strength is limited to some large cities,
and social data can be difficult to discern in an effected place. A study of influenza prevalence in Bergen,
Norway suggests a change in the effect of social status (measured as apartment size), where those with smaller

apartments experienced higher morbidity in a herald wave and less in the fall wave[16]. The role compositional



factors played in mortality during each of the three influenza waves in Madrid may have changed according to
changing immunity in the population and virus makeup.

1.1 Influenza in Madrid

The epidemic influenza outbreaks hit Madrid uniquely compared to generally observed patterns in much of
the world. The first wave arrived in Madrid in May 1918, producing an overall mortality peak higher than
observed in other locations experiencing a herald wave [17, 18, 4]. The strength of this wave is postulated to
have minimized the mortality of the succeeding fall wave, which, though protracted with three distinct peaks
in October, December, and February, was relatively mild compared to the outbreaks during this time in Europe
and North America [18, 17]. The less studied fourth wave of the pandemic (sometimes referred to an an “echo”
wave) produced the largest mortality peak of the period in Madrid from December 1919 to January 1920.

During these outbreaks, age-specific excess mortality also follows a different pattern; with the exception of
the fall wave (which experienced a small mortality bump), young adult absolute excess remains low. Nonethe-
less, due to low baseline rates among these adults, the highest relative excess rates are observed in those between
5 and 70.

Given the role of environment, exposure, and social factors associated with influenza mortality, as well
as the wave and age specific patterns of influenza in Madrid, this paper seeks to understand and disentangle
the the relationship between the two at the neighborhood level. At the time of the outbreaks, Madrid was in a
period of great growth and consisted of 100 neighborhoods in various stages of development and with ranging
types of population. Here, we look at mortality in these neighborhoods to determine how the type of buildings,
apartments, and population present changed the mortality levels, and if these factors varied. by wave.

2 Data

2.1 Death Records

To determine the excess mortality by neighborhood, we use death records from the Civil Register records on
deaths in Madrid from 1917-1922. During this time, the register holds approximately 103,500 records, an
average of about 17,500 deaths per year; in addition to death date, each record contains demographic and socio-
economic information and place of death. This unique, individual-level data allows for analyses to demonstrate
the flow and characteristics of each wave across districts, as well as the changes in death by age group and
specific cause within and between each location.

During the influenza epidemic, it is probable that many people died at another location than where they
were living. As noted, many death certificates are coded with the address of death rather than the deceased’s
address. Thus, is it likely that due to the epidemic, many neighborhoods with large hospitals or first aid centers
experienced inflated excess mortality, due to higher numbers of deaths from people living outside the neigh-
borhood. In order to eliminate this confounding effect in our results, we conducted our analysis with two sets
of data; one included all deaths, as coded on the death certificate and the other included only deaths that we
believe to have occurred outside of a medical institution. We first collected information on all institutions in
Madrid, not limited to hospitals, first aid clinics, other medical centers. From this list of 324 locations, we col-

lected more information and decided on 140 institutions that may have experienced a disproportionate increase



in mortality during the epidemic waves, leading to falsely inflated excess mortality in the neighborhood, as we
are concerned primarily with the relationship between neighborhood mortality and the structure and population
that lived there. We exclude all deaths that happened at one of these 140 institutions.

Initially, we begin with 103,323 typed death records between 1917-1922, but when ascribing a neighbor-
hood to each record, we face several problems, both due to missing values on the records and current data
limitations. Some death records do not have an address written from which to determine the barrio, and a few
have no death date written. We use the 1915 road map of Madrid to code addresses into barrios, which creates
additional problems due to the large growth of the city between 1915 and our period of observation. A number
of death records have a written address not listed in our 1915 database. This also hinders our ability to include
several deaths on the outskirts in all years of our analysis.

In total, due to the limitations of the data (roughly equally distributed), about 2500 deaths are not coded to
a neighborhood each year. Among the data, we find 91 of the 100 neighborhoods in Madrid at at the time have
reasonably accurate data when coded to the geographic level. Thus, we use only these neighborhoods in the
analysis.for which we feel the deaths are accurately accounted for.

As mentioned, in order to verify the role hospital deaths may have inflated excess mortality in some barrios,
we limit our analysis to only death for which the address is not at one of 140 identified medical centers. From
these records, we calculate neighborhood absolute and relative excess mortality rates for all epidemic periods
combined, as well as individual waves from May to August 1918, September 1918 to April 1919, and November
1919 to February 1920. We determine the level of excess as the difference between observed deaths during the
periods of each wave in 1917 and the number of deaths during each waves. These calculations are based on
86,704 deaths. As visible in the figure 1, some neighborhoods with hospitals continue to experience extreme
overall mortality even in the absence of these deaths, such as the neighborhood of Doctor Forquet, slightly south
of the city center. This particular neighborhood is also home to an asylum and several orphanages, which had
underlying rates of high mortality.

2.2 Padron and other data

We also take advantage of the 1915 padrén of Madrid, which provides information about the constructed com-
position of the city, such as the number and type of buildings, rental prices, and measures of density. The padréon
also provides limited data about the social composition of the districts, including the proportion of literate pop-
ulation and tabulations of occupations. While the level of detail in the padrén provides a fascinating glimpse
into the city composition during this time, certain elements must be combined and altered in order to create
variables that bring meaning to the analysis. Thus, several changes were implemented.

The padrén provides numbers of units for several different types of housing and apartments in the city;
we aggregated housing generally occupied by those with the lowest income and social position as a percentage
of total housing units in the neighborhood. In conjunction with this supplied housing data, we calculated a
weighted average of the neighborhood housing prices from a 14-category table with counts of apartment rental
prices in each neighborhood. An additional “commercial” variable contains, as a percentage of total available
units in the neighborhood, the total amount of private businesses in the neighborhood.

We also manipulated the raw padrdn data to create variables describing the social interaction and stratifica-
tion in each neighborhood with a HISCAM score [19]. We linked a listing of occupations in the neighborhoods
to HISCO codes which were then linked to HISCAM codes using both the male-only universal scale (U2), using



Figure 1: Weekly mortality rates with (right) and without (left) hospital and medical center

deaths
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only the listed male occupations, and the later period scale of both men and women (L), using all occupations
in the neighborhood. After creating an average HISCAM score for each neighborhood through a weighted av-
erage of the count of each code in the neighborhood, we averaged the aggregate HISCAM scores. We used two
HISCAM coding schemes for several reasons, not limited to: a) the HISCAM numbers were used from data not
found in southern European countries, b) while most married women did not work, many single females were
employed, c) while the results showed that the two schemes were highly correlated, there were some differences
in neighborhoods between the two schemes’ scores.

Because age-specific mortality follows a specific pattern in the city of Madrid [17], we also calculate the
proportion of the population in each neighborhood that falls within the age range of 5 to 75. During each of the
waves, this group had the lowest rates of absolute and highest rates of relative excess mortality.

Figure 2 shows the total and wave-specific standardized mortality ratio for each of the 91 included neigh-
borhoods in our analysis, while summary statistics of other included variables are found in table 2.2. Figure 1
shows weekly all cause mortality rates by district from 1917 until the end of the flu. Further descriptive visuals
highlight the relationship between the explanatory variables and excess mortality (absolute and relative) in the

Appendix.

2.2.1 Checking for Spatial Autocorrelation

The administrative neighborhoods of the city are clearly defined, but the extent to which each neighborhood can
be considered an independent observation must be determined. That is to say, the proximity of neighborhoods to
each other may play a role in the variables observed in each barrio, leading to spatial autocorrelation in the data

and model issues [20, 21]. We also note that many of the explanatory variables used in the the neighborhood



Figure 2: Standardized Mortality Ratio, all-cause deaths
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Mean Std. Dev. Min Max
Total_Excess 0.30 026 -0.20 1.12
Spring_Excess 0.73 0.67 -0.40 3.00
Fall_Excess 0.14 0.24 -0.34 0.93
Winter_Excess 0.52 043 -0.16 2.37
Literacy 0.82 0.07  0.65 0.95
HISCAM 51.68 3.67 44.68  58.32
Poor_Housing 0.18 0.14  0.06 0.70
People_Building 49.84 1726 1136 103.64
Average _Rent 52.98 3797  9.68 206.13
Commercial 0.10 0.04  0.02 0.21
Population_5_75 0.91 0.02  0.86 0.95

analysis are highly spatially correlated. Thus, after computing the standard mortality ratio for total and each
wave in all neighborhoods, we computed Moran’s I for the absolute and relative mortality in each neighborhood,
finding no evidence of spatial autocorrelation. Further analysis of the residuals and other measures found also

found a lack of spatial dependence.

3 Methods

While the strength of an outbreak my be quantified in terms of relative and absolute excess mortality rates,
modeling the impact of factors on disease-related mortality requires a slightly modified technique. We examine
the probability of experiencing the observed number of cases in a neighborhood based on the expected (baseline)
amount of cases. More than absolute and relative excess mortality values, this takes into account the underlying
mortality distribution of disease and population size [22, 23]. For example, variations in population size across
neighborhoods mean that a single death in a lower populated neighborhood raises the mortality rate more than
a single extra death in a larger neighborhood. In our case, the number of observed cases (dependent variable) is

offset by the log of the total number of expected deaths in a count-data regression model [24]. The coefficients



can be roughly interpreted as the factor of change to the incidence rate of the disease.

An assumption of Poisson models is that the mean and variance within the distribution are equal to each
other. Following tests, this condition of the Poisson distribution is clearly violated in our data, as it is very
overdispersed. Ignoring this violation will result in small standard errors and overestimated significance of the
model. A negative binomial regression model can account for this violation, producing more precise results due
to the inclusion of a theta term 6 that accounts for the unobserved heterogeneity in the data and over dispersion
[25]. More specifically,the negative binomial and poisson regressions differ in that the mean and variance

estimation in a Poisson regression are:
E[Y;|x;] = A; and Var[Y|x;] = A;
However, the negative binomial model allows for over dispersion in the data by:
E[Y|xi, &] = e @ BXi+e) — p.a,

The h; parameter has an assumed gamma distribution with a mean equal to 1 and a variance equal to % [26].
Estimation of the parameters is completed using the MASS package of R, which fits the additional 4; parameter
through maximum likelihood estimation and provides the 6 value of 4;’s distribution [27]. As they are nested
models, the comparison of the Poisson and negative binomial models can and is done through a likelihood ratio

test. Poisson and negative binomial regressions were compared for all models.

4 Results

Table 1 presents results of negative-binomial regressions for total and wave-specific mortality with all variables.
The coefficients are presented as exponents for ease in interpretation; see figure 4 for a plot of the standardized
coefficients of the presented models. In all models, the data fit the negative-binomial distribution with parameter
0 significantly better than the poisson distribution. The models presented in table 1 each contain all of the
descriptive variables outlined above; addition and deletion of variables in other models does not change the
significance of any of the others.

Considering total mortality across all epidemic periods, a single variable can be said to have a strong
relationship with excess mortality: the amount of living quarters that are generally poorly equipped. As the
percentage of small basement and rooftop apartments in a neighborhood increases, the rate of excess mortality
across all waves also increases. This relationship holds and strengthens in the fall wave, where the magnitude of
this variable doubles from overall mortality. Not including mortality from previous waves, this housing variable
has a weak relationship in the winter wave.

In each model for the fall and winter wave, the amount of excess mortality in the immediately preceding
wave is highly correlated with the level of excess experienced in the same neighborhood during the studied wave.
In the fall, the coefficient (exponentiated, almost 1) is nearly proportional to the amount of spring mortality,
meaning the level of excess is similar from one way to the next. However, in the winter wave, the expected
excess mortality is more than doubled from the fall, likely demonstrative of the magnitude of the winter wave.
This indicates that despite the other variables in the model, neighborhoods with high mortality in one wave
generally also had high levels of mortality (relative to other neighborhoods) in the other waves.



Figure 3: Plot of standardized regression coefficients for presented models
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While the model focusing only on the herald wave mortality finds no relationship between any of the
variables and excess mortality, some significant relationships do exist in the subsequent waves, most notably in
the fall. In addition to the quality of housing, the proportional amount of those older than 5 and less than 75,
as well as the amount of commercial property in the neighborhood have a slight positive effect on the overall
wave mortality. This relationship strengthens with the addition of the spring excess mortality. Conversely,
the significance of the proportion poor housing and literacy during the initial winter wave model is tempered
by the addition of both spring and fall excess. In the winter model which only includes excess mortality for
the immediately preceding fall wave, the positive relationship between the percentage businesses and excess
increases in strength (but with smaller magnitude) from the initial model.

However, there are some additional inferences that can be made from the results of model fit to encourage
continued work on the subject. For example, while no model appears to aptly describe the relationship between
our descriptive variables and the excess mortality, we can hypothesize that characteristics of the neighborhood
population played different roles in the individual waves. Both the first and last model, analyzing the SMR

of the total and last winter 1919-1920 wave, fits best when looking contextually at the built environment and
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total population. Both find that the lower density of built area per person in neighborhoods plays a large role
in higher influenza-related relative mortality. While this variable remains slightly significant in models for the
protracted fall-winter 1918-1919 waves (as well as the total population size), the model fits more poorly. In both
this and the spring wave, we find demographic indicators of population size and age composition to better fit
a model describing the relative excess. Despite this interesting finding regarding model fit, we must remember
that despite this, there is no real relationship between any of our variables and the mortality in the spring herald
wave.

Despite other recent findings in Chicago [14], Literacy is not present in any best-fit model as an indicator
(significantly or not) of mortality differences between baseline and epidemic mortality.

5 Discussion

The relationship between the dependent variables and regression model differ in each wave. While certainly,
much variation in excess mortality is not explained via these models, the results may be indicative of varying
levels of immunity throughout the population acquired from previous waves, especially provided that the level
of mortality in each preceding wave has the strongest relationship to the observed excess mortality in the wave
of interest. However, the strength of the preceding wave as an indication of current wave excess mortality may
also simply indicate only that those neighborhoods with high excess mortality during the outbreaks continued to
have high excess mortality when the epidemic returned. To this effect, the relationship between excess mortality
during the spring wave and the protracted fall wave is strong, but nearly proportional. Also, this relationship
is always positive, meaning that the the higher the excess mortality in the preceding wave, the studied waves
mortality is predicted to also be higher.

In the spring, we find no significant relationship between our variables and the amount of neighborhood
excess mortality. While other cities have reported strong, but not particularly lethal herald waves, the initial
outbreak in May 1918 produced high levels of excess mortality, the waves peak being much higher than any ob-
served week in the subsequent wave from fall 1918 through winter 1919. Perhaps the virulence and transmission
speed of this particular wave was such that it did affect all parts of the city with equal ferocity.

In terms of mortality impact, the protracted fall wave, compared to other parts of Spain and the world, was
muted in Madrid, continuing with three small peaks dispersed between September 1918 and April 1919. It
is also the wave were a slight absolute excess mortality bump does occur in young adults, as has been found
in many populations throughout the world. Here, we find the strongest relationships between the composition
of a neighborhood and its mortality experience. As has been indicated in Chicago and Kristiana, areas and
individuals with lower social status may have experienced a heightened mortality risk [13, 14]. Here, we find
what may be an indication of this effect through the amount and type of housing found in a neighborhood, but
we do not observe this in other variables that may have described the social makeup of the neighborhood, such
as the mean HISCAM score, the average rental price, and the percentage of population that could both read and
write.

The last wave of pandemic influenza struck with a vengeance between December 1919 and January 1920. In
this wave, we also find little social impact on mortality, beyond that of the increased mortality in neighborhoods
with higher numbers of stores and businesses as a percentage of total building units. The interpretation of this
may be vague, but it could be a result of transmission dynamics in neighborhoods where people traveled to for

work or to run errands.



While the results do not directly contradict recent findings, they also are not able to provide strong further
evidence of a social dimension to influenza mortality during the Spanish flu outbreaks. Certainly, the historical
nature of and available data for the analysis limit the extent to which we can examine the relationship. Yet as
the overall mortality experience of the flu differed throughout the world, the extent to which social status within
a single urban environment influenced mortality also likely varied. Our analysis provides another example
from which researchers can advance research to disentangle this relationship between environment, social and
material resources, and health. The continued effort to understand this relationship can lead to contemporary

solutions in future influenza epidemics.
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6 Appendix
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