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Abstract

Adaptation strategies are considered important in mitigating the mortality effects of warm
temperatures, but less is known about the role of public health interventions. I study how the
provision of three health-enhancing services—sanitary infrastructures, scientific-based infant
care and hospital care—influenced the temperature-mortality gradient in Germany during the
period 1888-1913. I find that: (i) the mortality impact of warm temperatures was substantial;
(ii) heat-related mortality (infant deaths) decreased by ca. 25 (30) percent; and (iii) greater
access to piped water, infant care and hospital care account for 60 (25) percent of the mortality
decline at high temperatures.
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Introduction 
The ability of communities to mitigate the impact of weather fluctuations is central to the long-run 
welfare of citizens, since changing temperatures have long been associated with mortality (Wrigley et 
al. 1997), and health, in turn, is often associated with productivity and income (Costa 2015).1 The 
literature has shown that industrialized countries have greatly reduced the direct health effects of 
temperatures in the last hundred years through the implementation of household adaptation 
strategies, such as the adoption of residential air conditioning since 1960 (Barreca et al. 2016). 
However, less is known about the role of public health interventions, particularly before the mid-20th 
century when the Epidemiological Transition was underway. 

Public health services have the potential to weaken the link between weather events and poor health 
outcomes in environments with a high incidence of infectious diseases, though there is little evidence 
for this in the literature. Several studies have shown that the historical expansion of sanitary and 
healthcare services reduced mortality in places undergoing the Epidemiological Transition (Alsan and 
Goldin 2019; Bauernschuster, Driva, and Hornung 2020; Gallardo-Albarrán 2025), but this body of work 
has not specifically examined the capacity of basic health-enhancing services to protect communities 
in the face of changing temperatures. On the other hand, Hanlon, Hansen, and Kantor (2021) point at 
the importance of infant digestive diseases in the decline of the temperature-mortality gradient in 
London after the First World War, when major public health interventions had already taken place.2 
Their study, however, does not provide a quantitative assessment of the specific drivers of this 
gradient. 

This article fills this gap by studying the role of public health interventions in mitigating the impact of 
high and low temperatures during a critical period of the German Epidemiological Transition, ca. 1890-
1910). In late-19th-century Germany, citizens suffered from a range of infectious diseases with a strong 
seasonal pattern, such as typhoid fever or pneumonia, while infants succumbed to diarrhea. However, 
within just a couple of decades the country set the basis for its epidemiological transition (Gallardo-
Albarrán 2020, 735; 745), and simultaneously experienced a major decline in the extent to which 
heightened mortality followed episodes of warm temperatures. Figure 1 illustrates this by plotting 
crude and infant mortality rates in the ten largest cities of the empire in the late 1880s and late 1910s. 
Without exception death rates in summer dropped during this period, and by more than 40 percent in 
places such as Munich or Berlin, largely driven by declining infant mortality in the summer. Coinciding 
with this development, the country experienced a major revolution that brought basic health-
enhancing services to broad sections of the population for the first time: cities invested heavily in piped 
water and sewerage systems since the late 19th century (Gallardo-Albarrán 2020), infant welfare 
centers providing scientific-based counseling on feeding and care were non-existent until ca. 1900, and 
then they diffused rapidly (Brown 2000); and professional doctors became gradually accessible to 

 
1 Beyond health outcomes, there is a vast literature on the economic impact of climate change, using both 
historical and recent data. See, among others, Bleakley and Hong (2017) or Waldinger (2022). 
2 Household- and community-level adaptation strategies can weaken the temperature-mortality gradient and 
negative externalities can limit the benefits of health infrastructures in overcrowded and unhygienic settings 
(Deschênes 2014).  
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many working class families after the introduction of the compulsory health insurance in 1884 
(Bauernschuster, Driva, and Hornung 2020; Reulecke 1985). The provision of these public health 
services was not part of a systematic plan by cities to adapt to weather fluctuations, but rather it was 
a country-wide effort to deal with the challenges induced by industrialization and urbanization. Still, 
they may have helped mitigate the impact of warm temperatures at a time when individuals’ 
knowledge about disease causation was often faulty, financial resources were meager and effective 
adaptation strategies identified in the literature were not available (e.g. residential air-conditioning). 

Figure 1. Crude death rates (left) and infant mortality (right) during summer, ca. 1890 and 1912 

  

Note: Summer mortality is defined as the average of crude death rates (left) and infant mortality rates (right) in 
June, July, August and September. The graphs refer to the periods 1889-1891 and 1911-1913. 

Source: see table A.1. 

I study the temperature-mortality gradient and its determinants with newly-digitized meteorological 
reports that allow me to reconstruct daily average, maximum and minimum temperatures for 53 cities 
during the period 1888-1913, while other sources provide monthly mortality indicators and annual 
changes in the provision of sanitary infrastructures, infant care and hospital care. The resulting sample 
contains almost 16,000 local monthly weather and mortality observations that are representative of a 
broad geographic area, since the German Empire comprised current-day parts of Russia, Poland, Czech 
Republic, Denmark or France (see figure 2). With this empirical basis, I provide the first precise 
quantification of the temperature-mortality gradient using high-frequency data for a large number of 
cities during the early phase of the epidemiological transition, while controlling for a number of 
potentially confounding socioeconomic and demographic factors as well as city- and year-month fixed 
effects. I find a distinct U-shape pattern: one additional day above 25°C (or below 10°C) increases 
mortality by approximately 1.5 (1.1) percent, relative to a temperate day ranging between 10 and 15 
degrees Celsius. The impact of hot days on the survival prospects of infants is even more pronounced 
due to their vulnerability to digestive diseases in the summer (4 percent higher mortality for each day 
above 25°C, relative to a temperate day). These effects are sizeable in light of evidence for the period 
ca. 1930-1960 in the United States (Barreca et al. 2016). Such significant differences between a priori 
relatively similar western contexts highlight the need to expand the geographic scope of this type of 
analyses.  

The second part of my analysis examines the drivers of temperature risk mitigation in two steps. First, 
I provide an estimate of the actual change in the temperature-mortality relationship considering both 
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cold and hot periods. My estimations indicate that elevated crude mortality rates during hot days 
declined during the analysed period by about 24 percent, largely driven by decreasing infant mortality 
in the summer. The latter declined by ca. 30 percent. At low temperatures, however, I find no evidence 
of declining mortality.  

Next, I analyse the drivers of temperature mitigation with a model that relies on annual variation in 
the provision of public health services along with city- and year-moth fixed effects as well as relevant 
socioeconomic and demographic controls.  The increasing survival chances of infants was associated 
with better care, including possibly breastfeeding, following the expansion of hospitals and infant 
welfare centers, while piped water seem to have protected them only during days with extreme 
temperatures (i.e. above 25°C). On the other hand, safe water was associated with a sizeable decline 
in non-infant mortality during warm periods. Overall, these public health interventions account for 60 
and 25 percent of the decline in total and infant mortality, respectively, during hot periods. These 
results are robust to a large number of alternative tests. 

Three sets of evidence suggest that the correlations I find are meaningful and plausibly causal (in the 
case of infant welfare centers). First, my findings are in line with expectations from the epidemiology 
of various disease categories. For instance, the protective effect of piped water is only significant 
during hot periods when waterborne ailments are most prevalent; infant welfare centers are only 
associated with lower infant mortality and higher temperatures, in line with their emphasis on 
breastfeeding. Second, I show that investments in health services were not driven by weather 
fluctuations causing high mortality. Third, I leverage plausibly-exogeneous variation using the timing 
of infant welfare centers to examine their impact on infant mortality, following the literature on water 
and sanitation interventions (e.g. Alsan and Goldin 2019) . I find that the construction of these centers 
led to lower infant mortality during hot and high infant mortality months, but not during the winter 
months as expected. They account for ca. 20-30 percent of the decline in infant mortality during those 
months. 

This article contributes to the literature on the impact of climate change. Assessments of the 
temperature-mortality relationship across world regions indicate that this challenge will particularly 
threaten people’s survival prospects in warmer and poorer world regions (Carleton et al. 2022), where 
accurate data are often lacking. The German historical context provides a useful benchmark, since its 
epidemiological conditions at the turn of the 20th century were more similar to current-day low-income 
areas than that of industrialized economies a few decades ago. The link between high temperatures 
and mortality I find points in the same direction of similar empirical exercises conducted for Africa 
(Brimicombe et al. 2024; Arisco et al. 2023). In part, this correlation comes from a similar set of 
diarrheal diseases operating in historical Germany that are susceptible to weather changes, although 
there is an important difference: malaria. The seasonal character of this disease, and its correlation 
with rainfall in particular, would explain why humidity seems to play no major role in my analyses, 
while in some African contexts it does. Furthermore, I add to studies analyzing the mortality-mitigating 
impact of varying public services in lower-income countries, such as sanitation and water investments 
(Rocha and Soares 2015; Lin, Liu, and Xu 2021), or healthcare access (Nyqvist et al. 2025). My findings 
highlight the relevance of safe water for non-infants, and healthcare and breastfeeding for infants, 
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during heatwaves. In historical settings, various studies have estimated this gradient, but they either 
refer to geographically small areas (Hanlon, Hansen, and Kantor 2021; Ekamper et al. 2009) or they 
have not employed high-frequency data (Brown 2000). My analyses consider both a geographically-
comprehensive sample with detailed daily meteorological information. Finally, other research has 
considered the economic impact of changing temperatures in Western countries from a long-term 
perspective (e.g. Bleakley and Hong 2017; Waldinger 2022), but they have not provided an accurate 
assessment of the health impact of temperature fluctuations. 

My study also relates to a recent literature on the impact of public health investments in historical 
contexts (Anderson, Charles, and Rees 2022; Egedesø, Worm Hansen, and Jensen 2020; 
Bauernschuster, Driva, and Hornung 2020; Gallardo-Albarrán 2020; Aidt, Davenport, and Gray 2023) 
and current-day developing countries (e.g., Bhalotra et al. 2021; Cameron et al. 2022), which has 
overlooked their role in mitigating the direct impact of changing temperatures. Furthermore, my 
research relates to studies on England and the United States highlighting the mysterious disappearance 
of diarrheal infant mortality after major public health interventions had taken place (Hanlon, Hansen, 
and Kantor 2021; Anderson, Rees, and Wang 2020; Davenport, Satchell, and Shaw-Taylor 2019). I add 
Germany to this discussion and test different explanations for the decline of summer infant mortality 
peaks. Historical demographers, on the other hand, have long considered patterns of seasonal 
mortality to study demographic change (Knodel 1988; Wrigley et al. 1997; Mooney 1994); 
breastfeeding practices (Davenport 2019); and the impact of temperatures on health outcomes in 
geographically-restricted areas (e.g. Ekamper et al. 2009; Hanlon, Hansen, and Kantor 2021). However, 
this body of work has not quantified the mitigating effect of sanitary infrastructures and healthcare 
during periods of cold and warm temperatures. 

Historical context 
Health and the environment 

19th-century contemporaries were aware of the negative influence of weather fluctuations on people’s 
lives. Cold winters were associated with respiratory diseases, such as influenza and diphtheria 
(Kaiserliches Gesundheitsamt, 1893, p. 145; 760; 904), while heat waves were linked with heat strokes 
in occupations such as firefighting or metallurgy (Koelsch 1913). Already in 1871, the Imperial Health 
Board grouped city-level mortality data based on their climatic location in its first weekly publication 
to ‘illustrate more easily the relationships between the prevailing disease character and weather 
influences’ (Kaiserliches Gesundheitsamt, 1877, issue 1).  

The medical community paid considerable attention to the correlation between warm periods and 
infant mortality peaks during summer due to diarrheal conditions. With a focus on Germany, Willim 
(1909) discusses in detail the rise of this (urban) phenomenon in the last third of the 19th century by 
first reviewing the work of experts since the 1870s and then with various analyses relating high-
frequency temperatures to infant mortality and diarrheal conditions. He highlighted the role of room 
temperature, spoiled milk and breastfeeding in determining the fate of infants, while also mentioning 
the influence of germs in contaminated water and intestinal diseases. Rietschel (1911), instead, 
described the problem of children’s health in urban settings as a social hygiene problem. Working class 
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households recorded extremely high indoor temperatures in summer potentially leading to heat 
strokes and the impairment of bodily functions. Without discounting the beneficial effects of 
breastfeeding and proper milk conservation, he recommended bathing children in cool water, not 
swaddling them too much and taking them outside for fresh and cooler air. Tugendreich (1913), on the 
other hand, highlighted the socioeconomic conditions of families, and mothers in particular, that often 
forced them to resume work soon after birth leading to short breastfeeding periods. 

The work of historical demographers lines up with some of these impressions. Knodel (1988) applied 
family reconstitutions to a sample of about 14 villages – located in Bavaria, Württemberg, Baden, Hesse 
and Eastern Frisia – and found that summer mortality peaks emerged after ca. 1850, in both neonatal 
and post-neonatal mortality. Similar evidence from Bremen and Rostock underpins this finding (Lee 
and Marschalck 2002; Mühlichen, Scholz, and Doblhammer 2015), which was the norm in most urban 
contexts at least up to the First World War. This literature attributes the increasing correlation 
between high temperatures and poor health outcomes to declining rates of breastfeeding that left 
infants exposed to gastrointestinal diseases and unhygienic domestic conditions. Among adults, and 
particularly the elderly, there is evidence that cold winter months resulted in above-average death 
rates in the German context (Kozlik 2004, 184), and elsewhere (e.g. Ekamper et al. 2009; Wrigley et al. 
1997).  

Why did hot temperatures lead to poor health outcomes? Beginning with infant mortality, largely as a 
result of diarrheal conditions in the summer, ambient temperatures are positively correlated with all-
cause and bacterial diarrhea resulting in severe infant dehydration, though not with viral diarrhea, 
potentially due to environmental factors, pathogen survival and environmental reproduction, or 
pathogen virulence mediated by temperatures (Carlton et al. 2016). As the F-diagram illustrates, the 
transmission of fecal pathogens can occur through several key pathways via fluids, fields, flies, fingers 
and contaminated food (Wagner and Lanoix 1958). More specifically, the unsafe storage and disposal 
of fecal matter, both at home and in public spaces, can spread intestinal pathogens via flies landing on 
excreta that then carry germs to food and surfaces. Also, contact with fecal matter can either directly 
connect pathogens with a new host or indirectly contaminate domestic food and water. Evidence from 
Kenya shows that having access to plentiful (clean) water can stop these spreading mechanisms to 
some extent, though domestic unhygienic practices can often lead to water recontamination and the 
spread of diarrheal diseases (Kremer et al. 2011). Similarly, access to piped water and sanitation have 
been found to reduce intestinal infections during negative rain shocks in the Brazilian semiarid (Rocha 
and Soares 2015). In addition, during warm periods food spoils much faster, thus putting non-breastfed 
infants particularly at risk. Gastrointestinal disorders were less fatal for adults, but this discussion is 
also relevant for them. For instance, typhoid fever was also transmitted through the pathways just 
discussed and its severe symptoms, including gastrointestinal hemorrhage or neuropsychiatric 
disorders, made individuals vulnerable to pulmonary complications, such as pneumonia or tuberculosis 
(Ferrie and Troesken 2008).  

The diffusion of respiratory ailments rise during winter due to various reasons. First, low temperatures 
contribute to the survivability of bacteria in droplets and can compromise the effectiveness of the 
immune system against respiratory infections (Keatinge et al. 1997). Indeed, Lowen et al. (2007) found 



6 
 

that cold and dry conditions are conducive towards the spread of influenza, though they do not 
observe that these conditions impair the immune system. Second, more time spent indoors during 
cold days favors the transmission of airborne diseases, such as tuberculosis or pneumonia. Third, cold 
stress can lead to arterial thrombosis, more predominantly among the elderly, as the body’s 
adjustment to cold can increase the probability of clots (Ekamper et al. 2009). Finally, respiratory 
diseases can lead to fatal outcomes due to their interaction with digestive ailments, as mentioned 
earlier with the case of typhoid fever, and with air pollution. Beach and Hanlon (2018, 2656) find that 
coal smoke led to higher urban mortality in the British case, as coal combustion releases chemicals 
affecting the respiratory system. This mechanism is supported by Franke (2022), who demonstrates 
that the mortality rate during the 1918 influenza in Germany was greater in highly polluted parishes. 

Public health investments  

Three major revolutions took place in the field of public health during the early phase of the 
epidemiological transition. The first was in the field of water provision and sewage disposal. In the 
1880s, the construction of modern waterworks accelerated to such an extent that more than 90% of 
cities larger than 15,000 inhabitants had this infrastructure by ca. 1900 and an increasing share of 
households got access to piped water (Gallardo-Albarrán 2025). Sewerage systems followed a similar 
trajectory, although with a delay of about a decade due to technical, financial and public safety 
considerations. Nevertheless, the number of initiated drainage schemes experienced a sharp increase 
in the 1890s and by 1912 almost 50% of cities with more than 10,000 inhabitants relied entirely on 
water carriage and toilets to remove excrement (Hennock 2000, 282-283).  

To assess the potential of these sanitary investments to mitigate the impact of temperatures, and hot 
periods in particular, it is instructive to come back to the mechanisms laid out by the F-diagram. Clean 
and water-flushed toilets that reliably dispose of waste can prevent direct contact with fecal pathogens 
in the household and its vicinity, limit the risk of flies carrying germs and keep water sources 
uncontaminated. Piped water can prevent infection by encouraging handwashing and general hygiene, 
and provide a reliable source for cooking and drinking. In addition, cool tap water could be used for 
the preservation of milk at lower temperatures and prevent it from spoiling during hot periods (Willim 
1909, 129). Finally, depending on whether tap water was used as a source of hydration of infants 
complementing breastfeeding or artificial feeding, improvements in water supply could have further 
led to declines in infant mortality.  

The experience of historical Germany suggests that these infrastructures were effective in reducing 
overall and infant mortality (Gallardo-Albarrán 2020; Brown 2000). Similarly, for the United States 
Alsan and Goldin (2019, 607) argue that piped water and sewerage reduced mortality during the spring 
and summer for the period 1880-1920. On the other hand, other studies are more skeptical about the 
impact of sanitary infrastructures on infant mortality. For the United States, Anderson, Rees, and Wang 
(2020) look at summer diarrheal mortality, though for a later period between 1910 and 1930, and find 
that water filtration did not lead to less diarrheal deaths during the summer months. Surprisingly, they 
find an effect during the non-summer months. For London, Hanlon, Hansen, and Kantor (2021) show 
that summer mortality peaks remained stubbornly high until WWI, in spite of major sanitary 
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improvements taking place decades before. Drawing on a larger city sample, Aidt, Davenport, and Gray 
(2023) find no effect of water and sewerage investments on diarrheal and infant mortality. These 
results line up with Davenport, Satchell, and Shaw-Taylor (2019, 431), who show that infant diarrheal 
mortality in England did not exhibit a downward trend between 1848 and 1911.  

The second transformation in public health concerns infant care counseling. The infant welfare 
movement gained momentum in the late 19th century due to concerns about low fertility and the 
realization that urban mortality could be reduced greatly by applying new scientific medical 
knowledge. Their diffusion began in earnest after 1903, when the number of infant welfare centers 
per 100,000 live births rose from 0.24 to 14.6 between ca. 1900 and 1910 (Kintner 1988, 601). 
Consequently, about 80 percent of large cities had both milk dispensaries and infant welfare centers 
by the eve of the First World War (Brown 2000, 182).  

These institutions could have provided infant protection during hot and cold periods, although their 
emphasis on breastfeeding would have been particularly impactful at high temperatures. Abandoning 
pre-chewed food or contaminated cow milk in favor of breastfeeding could effectively close multiple 
transmission pathways of fecal pathogens laid out by the F-diagram, such as milk contamination or the 
ingestion of contaminated water, as well as milk spoilage. Also, the personnel in infant welfare 
institutions evaluated child care through medical examinations and home visits, and provided nursing 
allowance and sterilized milk (Kintner 1985). This may have increased awareness among parents about 
the importance of regularly washing hands, themselves and their babies, thus reducing the direct 
exposure of infants to germs during both cold and warm days.  

The literature is inconclusive on the actual success of infant welfare centers. Brown (2000) finds that 
the mortality decline associated with the presence of an infant welfare center in a city was similar to 
having access to piped water or water closets. On the other hand, Kintner (1988) did not find a 
correlation between these and infant mortality across regions in 1910. The same inconclusive pattern 
emerges if we consider the impact of the movement on promoting breastfeeding, since this feeding 
practice may have been decreasing or, at best, stagnant between the late 19th century and the eve of 
the First World War. In Berlin, for instance, the percentage of breastfed infants declined from 55 to 31 
percent between 1885 and 1910 (Kintner 1985, 170). Similarly, Lee and Marschalck (2002, 576-578) 
argue that a lower proportion of infants were breastfed in Bremen from the 1880s onward due to the 
inflow of migrants from the east of Prussia where breastfeeding was less common. In Munich, 
however, the percentage of never-breastfed dropped from around 80 to 40 percent during the period 
1880-1910, but most mothers weaned their babies after a couple of months (Brown and Guinnane 
2018, 869-870).  

The third transformation in public health at the time concerns hospital-based healthcare. Between 
1885 and 1913, the number of doctors per 100,000 increased from 35 to 51, along with a two-fold 
increase in the number of hospital beds (Reulecke 1985, 128). Next to supply factors, the establishment 
of Bismarck’s health insurance in 1884 increased demand for professional medical services since it 
brought an increasing amount of citizens in contact with formal healthcare. Initially, compulsory health 
insurance covered workers with an annual income of up to 2,000 Marks employed in various key 
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sectors, such as mines, saltworks, shipyards or factories. Later on, the system was extended and the 
number of insured workers rose from almost three million in 1885 to slightly more than nine million in 
1914 (Guinnane and Streb 2015, 1202).  

Greater access to formal healthcare could mitigate the impact of low and high temperatures in several 
ways. Well-trained doctors could transfer knowledge on the importance of the isolation of the sick as 
they emitted droplets loaded with pathogens that could infect others, the role of sputum in disease 
transmission when a healthy person gets in contact with it, or the relevance of general cleanliness to 
avoid the contamination of food and surfaces. Winegarden and Murray (2004) argue that health 
insurance contributed to health improvements in Europe by making healthcare more affordable and 
disseminating health awareness. In the German context, Bauernschuster, Driva, and Hornung (2020, 
2579-2580) find that Bismarck’s compulsory health insurance led to a reduction in mortality among 
adult males and children of both gender, possibly because of knowledge sharing on disease 
transmission within the household. Also, their analyses point towards a strong effect on airborne 
infectious diseases, such as tuberculosis, while waterborne ailments remained unaffected. Evidence 
from modern Uganda, on the other hand, suggests that primary community healthcare provided 
effective treatment to sick children with diarrhea or malaria during periods of poor rainfall (Nyqvist et 
al. 2025). It is, however, unclear whether such effective treatments were provided in early-20th century 
Germany. 

Data  
This paper focuses on major German cities at the turn of the 20th century, a choice largely motivated 
by data availability considerations from one of my main sources: the statistical yearbook of German 
cities (Neefe 1890-1916). This publication provides detailed information on various aspects of the 
economy, demography and public health interventions for a large number of municipalities from 1888 
until 1913; the series was discontinued in 1916 due to the difficulties imposed by the First World War. 
The yearbooks report information on an increasing number of cities over time, but I constructed my 
sample on the basis of those featuring in the 1901 report, the middle of the analyzed period, to ensure 
that I have a large number of cities with information for, at least, half of my analyzed period. The 
resulting data set consisting of 53 cities provides a representative picture of the urban landscape at 
the turn of the 20th century, as they were located throughout the German Empire (see figure 2 and 
table A.2).3 These urban centers were the most highly populated at the time, but the degree of 
variation among them was considerable. Their size ranged from 54 thousand to almost two million 
inhabitants in 1900 in Zwickau and Berlin, respectively, and if we consider the whole period of analysis, 
population size varies from 33 thousand to 2.1 million individuals. The high degree of spatial and 
temporal variation of the sample has two advantages for the purposes of this paper. It allows me to 
study distant parts of the German Empire with different climate characteristics that at the same time 
experienced substantial progress in mitigating the mortality impact of warm temperatures (see figure 
1). 

 
3 Section 1 in appendix C contains additional information about the source and data construction procedures. 
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Figure 2. Geographic location of the sample cities 

 
Source: own. 

The data set has three main building blocks with information on mortality, temperatures and public 
health interventions.  

Mortality 

I draw on the monthly reports by the health statistical office of the German Empire between 1888 and 
1914 (Kaiserliches Gesundheitsamt 1888-1914) to gather information on total and infant deaths, 
disease-specific deaths as well as population and live birth counts. I use the last two to construct 
monthly rates of age- and disease-specific mortality: crude death rates (CDR), infant mortality rates 
(IMR), non-infant mortality rates and death rates due to various disease categories. This mix of 
indicators is convenient to study mechanisms in the empirical section, because it combines objective 
and reliable measures of mortality (i.e. CDR and IMR) with disease groups hinting at specific 
transmission paths that are susceptible to misdiagnosis (i.e. waterborne and airborne diseases). In 
addition, the use of population and birth counts to construct different rates of monthly mortality 
provides a cross-check on the quality of the reported monthly data.  

The yearly population counts reported by the health statistical office come from both census data for 
census years and estimations based on growth rates derived from two earlier censuses. In most cities, 
monthly population remains constant throughout the year and in places with better registration 
systems, such as Berlin or Hamburg, monthly counts are updated after ca. 1905 (the results are the 
same when accounting for within-year population movements). On the other hand, the information 
on live births do vary throughout the year with infant deaths, though interpreting the latter can be 
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challenging because birth rates exhibit a seasonal pattern and about half the children in their first year 
die within the first month after birth (Knodel 1988, 48). Using infant mortality rates (thus infant deaths 
divided by live births) alleviates this problem somewhat, but the issue that children dying in a given 
month might have been born within the preceding year remains. Ideally, one would prefer having 
infant-level information on date of birth and death, but this is unfortunately not available for all cities 
in my sample. I do try to tackle this issue by taking the average births in the current and preceding 
eleven months as the denominator for infant mortality rates. Also, the results are unaltered when 
constructing different denominators using the sum of births in the preceding year or total population 
counts.4 Figure 3 shows the resulting CDR and IMR series with a marked seasonal component, largely 
driven by variations in summer infant mortality, that declines after the period 1900-1905, with the 
exception of the catastrophic heatwave of 1911. 

Figure 3. Monthly average crude death rates (left) and infant mortality rates (right) and temperatures 
in 53 major German cities, 1888-1913 

Note: The averages were obtained by regressing monthly crude death rates (left) and infant mortality rates (right) and 
average temperature on a set of year-month fixed effects.  
Source: see table A.1. 
 

Meteorological information 

Following the International Meteorological Congress in 1873, German authorities implemented 
guidelines with the aim of promoting best practices and ensuring comparability. Educated individuals, 
such as university professors or teachers, were mostly responsible for the measurements published in 
meteorological reports (Deutsches Meteorologisches Jahrbuch). These provide sub-daily 
measurements that typically took place at 07.00, 14.00 and 21.00, which I use to construct daily mean, 
maximum and minimum temperatures as well as relative humidity. Contemporaries regarded the 
meteorological observations from these yearbooks in high regard, since they ‘contained an exceptional 
amount of rich statistical material, unlike any other scientific field' (Neefe 1892, 4). More recently, 
climatologists have relied on this source to trace long-run temperatures (e.g. Klein et al. 2002). 

I constructed the weather data set in three steps. First, I consulted the online data repository of the 
Deutscher Wetterdienst (DWD), the German National Meteorological Service. This source supplies 
information for some cities in my sample, though for many others it does not. Consider Aachen or 

 
4 See discussion in appendix C, section 2. 
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Hamburg, for which data are not available between 1888 and 1890. Other cities are missing altogether 
in the online data bank of the DWD, such as Darmstadt or Kiel, even though they appeared in the 
historical meteorological reports published by various statistical offices throughout the German 
Empire. Therefore, the second step of the data gathering process consisted of digitizing sub-daily 
temperature and humidity measurements from the meteorological yearbooks (see table A.1 for the 
sources). The sub-daily observations are turned into daily averages using the following formula: 
[T1+T2+(T3*2)]/4, where T1 refers to the first measurement of the day, T2 to the second one, and so 
on. This formula was used in the weather reports to calculate daily averages when three observations 
were available (Königlich Preussisches Meteorologisches Institut, 1893, p. VIII), and it is also how DWD 
provides most of the daily information. In a small number of cases, measurement times changed 
slightly, but I control for this in my regressions. Finally, I excluded from the sample months with less 
than 25 daily observations due to the malfunctioning of meteorological equipment and similar 
eventualities that led to incomplete data. 

The third and final step consisted of filling the remaining gaps by matching meteorological information 
from a given place with missing data to that of a nearby weather station. For this purpose, I calculated 
bilateral geodesic distances using city and weather station coordinates5 and, whenever possible, I 
paired locations with the shortest bilateral distance and with the most complete amount of data from 
the meteorological reports. As an example, I matched Düsseldorf with the weather station in Krefeld 
(about 20 kilometers). On average, the distance in the matched pairs is 48 kilometers, and the 
maximum and minimum values are 120 (Metz-Kaiserslautern) and 2 kilometers (Mannheim-
Ludwigshafen), respectively.6 For comparison, Barreca et al. (2016) employ a 300-kilometer radius in 
their study of American states.  

The resulting data set contains 307,886 daily measurements, which are later aggregated at the monthly 
level to match the mortality counts (table A.2 provides an overview of how weather data was obtained 
for each individual city). Average monthly temperatures range between -10°C and 23°C; maximum 
temperatures between -6°C and 29°C; and minimum temperatures between -14°C and 17°C (see table 
A.1). 

Public health investments 

The last building block of the data set measures the diffusion of the public health services described in 
section 2.2. For sanitary services, I draw on the Statistisches Jahrbuch der deutschen Städte (Neefe 
1890-1916) that gathered this information by sending out questionnaires to city administrators. When 
they did not reply or there were doubts about the material supplied, secondary publications were 
used.  

 
5 The coordinates of the weather stations are taken from the DWD and the meteorological reports. Current-day 
coordinates were taken for the remaining part of the sample that had no meteorological information available. 
6 Robustness tests show that this procedure does not impact my results.  
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I capture access to waterworks with their total amount of piped water supplied on a per-capita basis.7 
The source covers the whole analyzed period, except for the years 1895 and 1913 for which I linearly 
interpolated and extrapolated, respectively. Also, city administrators did not always respond to the 
inquiries of statisticians, leading to some gaps that I filled interpolating as well.8 To create a 
homogenous time series, I often corrected figures referring to earlier and later years as well as some 
repeated information. When, in some cases, the data refers to a natural year spanning two years, I 
assigned it to the starting calendar year. Ideally, we would like to measure household consumption, 
but this was not possible due to inconsistent data reporting. Private consumption figures were 
sometimes unavailable or were aggregated with other consumption purposes, such as public use (e.g. 
fountains or hydrants). Also, the category private consumption included industrial users as well. This 
introduces measurement error in my variable that can have two potential consequences. The first is 
random noise in the year-to-year variation of water supply leading to imprecise estimates. The second 
is an upward positive bias in estimates, which goes against the hypothesis that piped water reduced 
mortality, if industrial users are driving much of the water provision and their activity is in turn 
pernicious to citizens’ health.9 Notwithstanding these limitations, total water distributed on a per 
capita basis is an appropriate measure for the purposes of this paper, since consumption outside the 
household can be as important in preventing the spread of waterborne diseases, for instance, through 
the use of public fountains.  

I measure the diffusion of infant welfare centers with an article by Arthur Keller (1911) written in the 
context of the third International Congress for Infants’ protection that took place in Berlin in 1911. He 
presented a comprehensive account of the development of institutions for the protection of infants 
until 1911, with data on the construction year of a number of centers for the protection of infants, 
such as consultation centers and milk depots (institutions where safe milk could be obtained).10 By far, 
these two were the most widespread, so I created a variable that measures their number in any given 
city over time.  

For hospital-based healthcare, I created a supply measure to proxy for capacity: beds per capita. In 
comparison with the sanitation and infant welfare series, the hospital data is of lower quality. Yearly 
information is not available and temporal comparability is more challenging due to the decentralized 
nature of the sector at the time, when health centers could be funded by the state, a city or a religious 
order. Notwithstanding these limitations, I compiled information for the following years: 1889-1890, 
1892-1894, 1900, 1907 and 1912.11 Table C.1 provides some descriptive statistics on the evolution of 

 
7 Section 1 in appendix C contains information on two additional public health variables I created but that do not 
feature in my main analyses.  
8 Overall, except for the years without any data, information is complete for 16 cities, one or two years are 
missing for 23 cities, and the remaining 14 municipalities have between 6 and 15 years of missing data. 
9 An additional issue concerns the importance of water quality in reducing mortality (see section 6 in appendix 
C).  
10 For 1912 and 1913 I assume that these numbers remained the same. 
11 Extrapolation was not applied for those cities without any information before 1894. Except for the years 
without any data, the series is complete for 20 cities, one or two years are missing for 20 cities, and the remaining 
14 municipalities have between 6 and 15 years of missing data. 
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the variables aforementioned for my sample that clearly illustrate the major expansion of public health 
interventions described in section 2.2. 

Method 
The analysis proceeds in two parts. First, I quantify the temperature-mortality gradient with a fixed 
effects model that, following the standard in the economics literature (Deschênes 2014, 609; Barreca 
et al. 2016), has the advantage of controlling for permanent time-invariant differences in health 
outcomes across areas while simultaneously accounting for seasonality and trends over time. I 
estimate the following equation: 

 log�𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑐𝑐,𝑦𝑦,𝑚𝑚� = 𝛼𝛼 +∑ 𝛽𝛽𝑗𝑗𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑐𝑐,𝑦𝑦,𝑚𝑚,𝑗𝑗𝑗𝑗 + 𝑋𝑋𝑐𝑐,𝑦𝑦𝛾𝛾 + 𝛿𝛿𝑐𝑐,𝑚𝑚 + 𝜁𝜁𝑦𝑦,𝑚𝑚 + 𝜀𝜀𝑐𝑐,𝑦𝑦,𝑚𝑚 , (1) 

where c, y and m index cities, years and months respectively; 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 refers to various indicators, 
such as crude death rates or infant mortality rates; 𝑋𝑋𝑐𝑐,𝑦𝑦  is a vector of control variables; and 𝛿𝛿𝑐𝑐,𝑚𝑚 + 𝜁𝜁𝑦𝑦 ,𝑚𝑚 

are sets of city-month fixed effects and year-month fixed effects, respectively. This model flexibly 
accounts for the non-linear impact of temperatures on mortality by employing a set of variables, 
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑐𝑐,𝑦𝑦,𝑚𝑚,𝑗𝑗, that measure the number of days per month a given city has been exposed to 

temperatures falling in different, jth, bins.  

My analyses rely on two versions of equation 1. I begin with a comprehensive set of temperature bins 
to estimate their individual mortality impact, namely: below -10°C, -10°C– -5°C, -5°C–0°C, 0°C–5°C, 
5°C–10°C, 10°C–15°C, 15°C–20°C, 20°C–25°C and above 25°C. These bins roughly approximate those 
by Barreca et al. (2016) to ensure some comparability.  The regressions omit the bin containing the 
largest amount of days so that this becomes the reference group: 10°C—15°C (see figure B.1). In this 
way, the coefficients for 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (𝛽𝛽𝑗𝑗) measure the expected (log) change in monthly mortality 

when the population of a city is exposed to an additional day in a given temperature bin, relative to 
the reference category (10°C-15°C). As it will become evident below, the increase in health risk is non-
linear and it is largely concentrated at both ends of the temperature distribution. Therefore, in most 
of the paper, I estimate a more parsimonious version of equation 1 with three bins, whose thresholds 
have been set according to the 25th and 75th percentiles of the mean temperature distribution to focus 
on cold and hot weather events: below 3°C, 3°C–15°C and above 15°C.12  

The second feature of the model is that the coefficients for 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (𝛽𝛽𝑗𝑗) report cumulative 

dynamic estimates referring to the current and subsequent month to capture delayed effects. In other 
words, I assume that temperatures in a certain month can have a mortality impact in both the current 
and the next month. This choice follows from the empirical setup by Barreca et al. (2016) and that of 
Hanlon, Hansen, and Kantor (2021), and it is also confirmed by my own data. In addition, a time frame 
exceeding various weeks is useful to avoid the so-called ‘harvesting’ effect (near-term displacement), 
which refers to the temporal advancement of deaths by those who are most vulnerable (Deschênes 
2014). 

 
12 Strictly speaking, the full intervals are: (-∞, -10), [-10°C, -5°C), [-5°C, 0°C), [0°C, 5°C), [5°C, 10°C), [10°C, 15°C), 
[15°C, 20°C), [20°C, 25°C) and [25°C, ∞). Those referring to the 25th and 75th percentiles are: (-∞,3°C), [3°C,15°C) 
and [15°C, ∞). 
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The vector of control variables (𝑋𝑋𝑐𝑐,𝑦𝑦) in equation 1 contains three types of indicators (table A.1 

provides descriptive statistics). The first are demographic variables with information about the 
percentage of Catholics and Jews as well as the share of the population aged five and younger, above 
5 and younger than 15, and above 15 and younger than 60. The source for these indicators is Neefe 
(1890-1916), which in turn draws on population censuses conducted in 1890, 1900, 1905 and 1910.13 
Controlling for the age structure of cities is important to ensure that compositional effects affecting 
mortality patterns are kept constant, while the share of people identifying as Jews and Catholics are 
intended to take into account potential different cultural traits that may affect health outcomes and 
different practices in the reporting of stillbirths (Haines and Kintner 2000). The second set of control 
variables relates to three aspects of the weather stations that may impact the quality of the 
temperature series, such as elevation to capture when their location changed in a few instances; 
distance to the nearest matched meteorological station (this variable is zero for cities with a weather 
station); and the number of changes in the measurement times. The last control variable measures the 
overall wealth of a city with the amount of inflation-adjusted fiscal income levied through a number of 
taxes on property (e.g. land and building), commercial activity, labor income, capital, consumption or 
trade. I deflated the nominal series with the GDP price deflator by Rahlf (2015). This covariate is 
relevant to rule out that changes in wealth and overall income might drive the temperature-mortality 
gradient, particularly when analysing the role of adaptation strategies that are likely correlated with 
local fiscal capacity.14  

My benchmark analyses use city-month fixed effects: Berlin-January, Berlin-February and so on, with 
a total of 636 (53*12) city-month combinations; and year-month fixed effects: 1888-January, 1888-
February and so on, with a total of 312 (26*12) year-month combinations. This has two advantages. I 
account for city-specific seasonality to keep constant city-specific factors that vary throughout the year 
and influence health outcomes (e.g. regular migration patterns). The use of year-month fixed effects, 
on the other hand, controls for seasonal trends common to all cities (e.g. spatially-comprehensive 
weather shocks) so that both the secular decline in mortality and its seasonal component are filtered 
out. An additional advantage of employing these two levels of fixed effects is that they make my results 
comparable with those of Barreca et al. (2016) and Hanlon, Hansen, and Kantor (2021). At the same 
time, one should consider that these detailed fixed effects may be too strict by keeping fixed intra-
year variation that may be empirically relevant (e.g. some heatwaves or cold spells might be unusual, 
but they are still part of the historical exposure to changing temperatures). Therefore, in robustness 
tests and some estimations below I use a more parsimonious model by replacing year-month fixed 
effects with two-year-month fixed effects (e.g. 1888-JanFeb, 1888-MarApr, etcetera). In alternative 
tests, I also interact each control variable with month-of-the-year dummies to account for their 
potential heterogeneous impact on mortality throughout the year. Finally, I cluster the errors at the 
city level to account for within-city autocorrelation, following Barreca et al. (2016). 

 
13 The source is quite comprehensive, although there are some gaps (see section 1 in appendix C). To obtain an 
annual series, I apply linear interpolation for the years between these benchmarks, and linear extrapolation for 
1888-1889 and 1911-1913.   
14 Data are complete for 32 cities, for 10 cities I miss one or two years, for 7 cities I miss between 5 and 9 years. 
Three are missing for Hamburg, Lübeck and Bremen due to their special city status. 
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My analyses also consider the mitigating impact of public health investments in two steps. I begin by 
examining the changing temperature-mortality relationship, by estimating the temperature 
coefficients in equation 1 for the periods 1888-1905 and 1906-1913. This split is motivated by the 
monthly mortality peaks presented in figure 3 that become consistently lower after that year, and by 
the need to have enough variation in the two periods. I also explore other sample splits showing that 
this choice does not alter the interpretation of my results. Lastly, I quantify the role of public health 
interventions in mitigating the mortality impact of temperatures with the following model: 

 

log�𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑐𝑐,𝑦𝑦,𝑚𝑚� = �𝛼𝛼𝑗𝑗𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑐𝑐,𝑦𝑦,𝑚𝑚,𝑗𝑗
𝑗𝑗

× 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑐𝑐,𝑦𝑦 

+�𝛽𝛽𝑗𝑗𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑐𝑐,𝑦𝑦,𝑚𝑚,𝑗𝑗
𝑗𝑗

+ 𝜃𝜃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑐𝑐,𝑦𝑦                                 (2) 

+ 𝑋𝑋𝑐𝑐,𝑦𝑦𝛾𝛾 + 𝛿𝛿𝑐𝑐,𝑚𝑚 + 𝜁𝜁𝑦𝑦,𝑚𝑚 + 𝜀𝜀𝑐𝑐,𝑦𝑦,𝑚𝑚 , 

where 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑐𝑐,𝑦𝑦  is a variable that measures the provision of piped water, overall 

healthcare and infant care. A potential source of concern with equation 2 relates to reverse causality 
and omitted variable bias, which I tackle below in section 5.3. 

Results 
Quantifying the temperature-mortality gradient  

Figure 4 presents the outcome of estimating equation 1 using three dependent variables: crude death 
rates, infant mortality rates and non-infant mortality rates. Each value refers to the coefficient of a 
particular temperature bin (𝛽𝛽𝑗𝑗), where the range 10°C–15°C is the reference category and two-month 
cumulative dynamic estimates are reported.15 Beginning with CDR (panel A), the results reveal a U-
shape pattern. For overall mortality, I find a ‘sweet spot’ around 10 to 15 degrees Celsius, consistent 
with earlier studies using late-19th century data (Liczbińska, Vögele, and Brabec 2024; Ekamper et al. 
2009). An additional day in the temperature range above 25°C is associated with about 1.5 percent 
higher CDR relative to a day with 10 to 15 degrees Celsius. At lower temperatures, trading off a 
temperate day for one below -10°C leads to 1.1 percent higher CDR. Panel B shows that infants died in 
much greater rates during periods of high temperatures, with an estimated marginal effect in the 
warmest bin of four percent, while panel C shows that the rest of the population were more likely to 
die after being exposed to cold temperatures. 

  

 
15 See section 3 in appendix C, where I show that these estimates are the equivalent of estimating a model with 
current and one-month lag temperature bins. 
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Figure 4. The impact of temperatures on crude death rates, 1888-1913 

 Panel A: CDR Panel B: IMR 

 

 Panel C: Non-infant CDR 

 

Note: Values refer to the coefficients of the temperature variables in equation 1 (𝛽𝛽𝑗𝑗), with the 10°C–15°C bin as the reference 
category. Two month cumulative dynamic estimates are reported (table D.1 shows the full regression output table). The 
dependent variables are crude death rates (Panel A), infant mortality rate (Panel B) and non-infant crude death rates (Panel 
C). The regressions include city- and year-month fixed effects as well as demographic controls on the religious background of 
the population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and 
between 15 and 60). Weather station control variables are included too (measurement time, elevation and distance to the 
nearest station). The confidence intervals refer to 10% significance levels. The standard errors are clustered at the city level. 

Source: see table A.1. 

Figure 5 provides evidence on the dynamic effects of the mortality impact of temperatures, by plotting 
the coefficients from a lead-lag model.16 The deadly effects of high temperatures are clearly identified 
in the month when they take place, as we would expect, and not before (see panels A and B), indicating 
that seasonal factors not included in the model are not driving the results. In addition, I find that the 
effect persists into the second month at both ends of the temperature distribution, and that this is 
more noticeable for IMR. This supports the choice of considering a two-month exposure window to 
estimate the impact of temperatures. Interestingly, non-infant mortality increases less at high 
temperatures in the contemporaneous month, but then rises one month later at lower temperatures.  

 
16 I estimate: log�𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑐𝑐,𝑦𝑦,𝑚𝑚� = 𝛼𝛼 + ∑ ∑ 𝛽𝛽𝑗𝑗,𝑛𝑛𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑐𝑐,𝑦𝑦,𝑚𝑚,𝑗𝑗[𝑚𝑚 = 𝑛𝑛]𝑗𝑗

𝑘𝑘
𝑛𝑛=−𝑙𝑙 + 𝑋𝑋𝑐𝑐,𝑦𝑦𝛾𝛾 + 𝛿𝛿𝑐𝑐,𝑚𝑚 + 𝜁𝜁𝑦𝑦,𝑚𝑚 +

𝜀𝜀𝑐𝑐,𝑦𝑦,𝑚𝑚, where 𝛽𝛽𝑗𝑗,𝑛𝑛 refers to the mortality impact of temperature bin j for each lead (l) and lag (k). Appendix B 
presents figures with two leads and lags (see figures B.2, B.3 and B.4). 
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Figure 4 suggests that temperatures below 5°C and above 15°C are most associated with increased 
mortality, which in turn correspond with the 25th and 75th percentiles of the mean temperature 
distribution— -3°C and 15°C—so in the empirical exercise I use these percentiles as cutoff points. Table 
1, Panel A presents the results of estimating a more parsimonious version of equation 1 (table A.4 
reports estimates with less stringent fixed effects). I find that CDR increases by 0.3 and 0.5 percent for 
every additional day that a population is exposed to temperatures below three and above 15 degrees 
Celsius, respectively (column 1). In line with figure 4, the negative impact of hot days is clearly driven 
by infant mortality with a coefficient about three times larger (column 2) than that for CDR, while for 
non-infant mortality it is statistically insignificant (column 3). Also, cold days are particularly hazardous 
for young children and adults, and less so for infants.17 Panels B and C focus on extreme events using 
10th and 90th percentiles for the cut-off points of the bins. The patterns described above are confirmed: 
hot days increase IMR disproportionately due to diarrheal conditions, while cold days are deadlier for 
non-infants, who tend to die more often from respiratory ailments.  

My results are similar to those for pre-WWI London by Hanlon, Hansen, and Kantor (2021, 59; 63), 
though this comparison should be made with caution because our temperature bins are not fully 
comparable. They calculate that an eight-week period with maximum temperatures above 27°C leads 
to ten percent higher IMR relative to weeks with minimum temperatures above 1.7°C and maximum 
temperatures below 18.3°C. Multiplying the coefficients from table 1 (panel B, column 2) by seven to 
get a weekly estimate, I obtain 10.5 percent. My estimates are much higher when compared to the 
American experience a few decades later. Barreca et al. (2016, 129) find that, for the period 1931-
1959, swapping a day in their reference category (16-21°C) for one between 21°C and 26°C does not 
lead to higher mortality, while I do obtain a higher and statistically significant coefficient for the 20-
25°C bin relative to the 15-20°C bin. Only on days exceeding 32°C  do they observe a substantial rise in 
mortality. This difference can be explained by the stage of each country in the epidemiological 
transition, which was further ahead in the United States in the 1930s (Gallardo-Albarrán 2020; Costa 
2015).  

 
17 The results in table 1 are not driven by local deviations from the long-run city-by-month and year-by-month 
temperatures that are not accounted for by the fixed effects. Table A.3 shows that the results are similar if I 
construct temperature bins using the 25th and 75th percentiles of city-specific temperature distributions. Also, 
table C.4 shows that humidity does not lead to effect heterogeneities. 
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Figure 5. The dynamic effect of mean temperatures on mortality, 1888-1913 

 Panel A: CDR Panel B: IMR Panel C: Non-infant CDR 

 
Note: The estimations in this figure show the relationship between temperatures in a given month and non-infant crude death rates in the previous months (lead 1), the current month 
(contemporaneous) as well as the subsequent month (lag 1); see also footnote 17. The 10°C–15°C bin is the reference category. table D.2 shows the full regression output table. The dependent 
variables are crude death rates (Panel A), infant mortality rate (Panel B) and non-infant crude death rates (Panel C).  The regressions include city-month and year-month fixed effects as well as 
demographic controls with information on the religious background of the population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, 
and between 15 and 60). Weather station control variables are included too (measurement time, elevation and distance to the nearest station). The confidence intervals refer to 10% significance 
levels. The standard errors are clustered at the city level.  
Source: see table A.1. 
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Table 1. The impact of temperatures on mortality, 1888-1913 

 CDR IMR Non-infant CDR 

  (1) (2) (3) 

Panel A: Mean temperatures  
  

below 3°C 0.003*** -0.000 0.005*** 

 (0.001) (0.002) (0.001) 
3°C to 15°C (benchmark) . . . 

 . . . 
above 15°C 0.005*** 0.014*** -0.001 

 (0.002) (0.004) (0.001) 
Panel B: Maximum temperatures   
below 1.5°C 0.001 -0.001 0.002 

 (0.001) (0.002) (0.001) 
1.5°C to 24°C (benchmark) . . . 

 . . . 
above 24°C 0.007*** 0.015*** 0.002 

 (0.002) (0.003) (0.001) 
Panel C: Minimum temperatures   
below -3.5°C 0.003** -0.001 0.004*** 

 (0.001) (0.002) (0.001) 
-3.5°C to 13.5°C (benchmark) . . . 

 . . . 
above 13.5°C 0.004** 0.013*** -0.000 

 (0.002) (0.003) (0.001) 

City-month FE Yes Yes Yes 

Year-month FE Yes Yes Yes 

Controls Yes Yes Yes 

Note: Equation 1 is estimated three times per column by using different mortality and temperature variables. Two month 
cumulative dynamic estimates are reported (table D.5 shows the full regression output table). The dependent variables are 
crude death rates (column 1), infant mortality rate (column 2) and non-infant crude death rates (column 3).  The regressions 
include city-month and year-month fixed effects as well as demographic controls with information on the religious 
background of the population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 
5 and 15, and between 15 and 60). Weather station control variables are included too (measurement time, elevation and 
distance to the nearest station).  Standard errors, clustered at the city level, in parentheses; *p<0.10, **p<0.05, ***p<0.01 .  

Source: see table A.1. 

 The drivers of temperature risk mitigation  

Figure 6 presents the results of estimating the temperature coefficients for the periods 1888-1905 and 
1906-1913.18 Beginning with crude death rates (panel A), my estimations imply that the detrimental 
effect of warm periods decreased by ca. 24 percent, mostly due to the ca. 30-percent decline in infant 
mortality in days with temperatures above 15 degrees Celsius (panel B). Table A.5 shows that these 
differences are statistically significant. During cold days, however, non-infant death rates increased by 

 
18 As discussed earlier, part of the intra-year variation absorbed by year-month fixed effects is relevant to 
estimate the mortality impact of changing temperatures. Therefore, I employ year-by-two-month fixed effects 
in figure 6 to reliably estimate the period-specific coefficients.  
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about 10 percent when temperatures fell below 3 degrees Celsius (panel C), though the difference of 
the two coefficients is not statistically significant. In sum, risk mitigation took place on average at high 
temperatures and this was largely driven by declining infant mortality in the summer.19  

Figure 6. The changing temperature-mortality gradient, 1888-1913 

 Panel A: CDR Panel B: IMR 

 

 Panel C: Non-infant CDR 

 

Note: Values refer to the coefficients of the temperature variables in equation 1 (𝛽𝛽𝑗𝑗), with the 3°C–15°C bin as the reference 

category (table A.5 provides a test on whether the difference of the coefficients between the two periods are statistically 
significant). Two month cumulative dynamic estimates are reported (table D.3 shows the full regression output table). The 
dashed and solid lines show the mortality impact of temperatures (relative to the baseline) for the periods 1888-1905 and 
1906-1913, respectively. The dependent variables are crude death rates (Panel A), infant mortality rate (Panel B) and non-
infant crude death rates (Panel C).  The regressions include city-month and year-by-two-month fixed effects and the controls 
mentioned in table 1. The confidence intervals refer to 10% significance levels. The standard errors are clustered at the city 
level. 

Source: see table A.1. 

The patterns in figure 6 are robust to a number of tests (see tables A.6 and A.7), such as keeping 
population constant throughout the year, the denominator of CDR; accounting for seasonal factors 
influencing city size; assuming that spatial-serial standard errors are spatially correlated within a 120 
kilometre radius (the maximum distance between a city and a matched weather station); excluding 

 
19 Using a finer set of temperature bins for figure 6 provides suggestive evidence that the temperature-mortality 
gradient largely declined below 25°C, though these have to be interpreted with caution due to the reduced 
amount of sample variation at increasingly high temperature levels (see figure B.5). 
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cities in the sample with imputed weather data; adding city-specific trends; interacting the control 
variables with month fixed effects to allow for their impact to differ throughout the year; and including 
municipal income per person. I performed the same robustness tests for IMR, with three differences: 
I employ three alternative IMR indicators that consider: (i) the number of births in the current month, 
(ii) the sum of births in the current and preceding eleven months, and (iii) total population; also, I 
control for the expansion of the healthcare sector to account for potential underreporting due to the 
shift away from home births to hospital births. Table A.8 also shows that choosing a cutoff year 
between 1900 and 1905 leads to comparable results. 

Now I turn to examine the drivers of the changing temperature-mortality relationship.20 Beginning 
with piped water supply, the expectation (see section 2.1) is it provides greater protection during 
hotter days, when water- and food-borne germs are more likely to spread. Also, it permits regular 
handwashing, it provides a safe source of drinking and cooking, and cool tap water can be used for 
safer bottled milk preservation. Table 2, column 1 presents supportive evidence for this when 
considering CDR, since the interaction coefficient is negative and statistically significant at high 
temperatures, and insignificant below 3°C. Columns 2 and 3 reveal that the effect is also negative for 
IMR and non-infant mortality though it is only statistically significant for the latter, perhaps because 
infants had a better source for hydration (I elaborate on this finding below).21 This suggests that infants 
survival chances were not impacted much by access to piped water. The coefficients for beds per capita 
show that infants profited more from healthcare access during hot days (column 2) than the rest of 
the population (column 3). This potentially indicates that severe cases of dehydration were better 
treated in healthcare institutions. In the case of infant welfare centers, I find statistically significant 
coefficients for the warmest bin, suggesting that they may have encouraged breastfeeding and better 
infant nutrition in general. For cold days, the interaction coefficient is positive and statistically 
significant for CDR and non-infant mortality, though these are not robust (see tables A.9 and A.11).22   

These findings remain when controlling for spatial autocorrelation; relying on greater temporal 
variation using year-by-two-month fixed effects; controlling for municipal income; interacting 
demographic and weather station controls with month-fixed effects; using city-specific linear trends; 
and changing the denominator of the infant mortality rate (see tables A.9, A.10 and A.11).23 

  

 
20 I also considered the expansion of sewers and doctors per capita, but their coefficients are either weak or not 
significant (see section 5 in appendix C).  
21 Appendix C, section 6 shows that the effect of piped water did not depend on water quality. 
22 Table D.6 shows that the overall effect of infant welfare centers for days in the reference category is negative, 
thought statistically insignificant. For log piped water p.c. and log beds p.c., however, it is positive and statistically 
significant. Considering that summer months in my sample have 23 days (on average) with temperatures above 
15°C, the overall effect is negative for log piped water p.c.: -0.0205 [0.0577+(-0.0034*23)]; and for log beds p.c.: 
-0.0077 [0.0498+(-0.0025*23)]. 
23 Generally, the estimations become more precise and the effects are stronger with less-stringent specifications. 
When adding municipal income, the coefficient for welfare centers retains its size but loses significance due to 
the loss of observations. Indeed, adding this control with less stringent fixed effects results in statistically 
significant results. 
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Table 2. The mitigating mortality impact of various public health interventions 

 CDR IMR Non-infant CDR 

  (1) (2) (3) 

above 15°C x log piped water p.c. 0.0003 0.0017 0.0000 

 (0.0007) (0.0012) (0.0006) 
above 15°C x log beds p.c. -0.0005 0.0007 -0.0006 

 (0.0006) (0.0008) (0.0006) 
above 15°C x welfare centers 0.0001* 0.0000 0.0001* 

 (0.0001) (0.0001) (0.0001) 
3°C to 15°C (benchmark) . . . 

 . . . 
above 15°C x log piped water p.c. -0.0034*** -0.0016 -0.0021** 

 (0.0011) (0.0016) (0.0010) 
above 15°C x log beds p.c. -0.0025* -0.0038* -0.0003 

 (0.0013) (0.0020) (0.0009) 
above 15°C x welfare centers -0.0001** -0.0002*** -0.0001 

 (0.0001) (0.0001) (0.0001) 

City-month FE Yes Yes Yes 

Year-month FE Yes Yes Yes 

Controls Yes Yes Yes 

Observations 14181 14179 14179 

Note: Equation 2 is estimated by adding the three public health interventions simultaneously. Two month cumulative dynamic 
estimates are reported (table D.6  shows the full regression output table). The regressions include city-month and year-month 
fixed effects as well as demographic controls with information on the religious background of the population (percentage of 
Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and between 15 and 60). Weather 
station control variables are included too (measurement time, elevation and distance to the nearest station). Standard errors, 
clustered at the city level, in parentheses; *p<0.10, **p<0.05, ***p<0.01  

Source: see table A.1. 

We can use the coefficients in table 2 to account for the estimated changes in the temperature-
mortality gradient obtained in figure 6 and tables A.6 and A.7. Beginning with days above 15°C, the 17-
percent (or 0.17 logarithmic points) increase in piped water supply between the periods 1888-1905 
and 1906-1913 accounts for ca. 22 percent of the declining impact of mortality in warm days [(-
0.003*0.17)/-0.0027], while the corresponding figures are 22 and 15 percent for overall and infant 
care, respectively. In total, these public health interventions account for 60 percent of the declining 
temperature-mortality gradient after 1905. The corresponding figures for infant mortality are 4, 13 
and 10 percent (piped water, healthcare and infant welfare centers, respectively): roughly a quarter of 
the declining temperature-infant-mortality gradient in the decade leading to the First World War. This 
is a sizeable effect, though it leaves room for other factors, such as changing feeding practices 
(unrelated to the construction of infant welfare centers) or fertility (Brown and Guinnane 2018). 

We can also examine the correlation between public health interventions and mortality throughout 
the temperature distribution using more bins to potentially detect non-linearities. The drawback of 
this exercise is that it yields more imprecise estimates due to the amount of variation required to 
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estimate a larger number of coefficients.24 Notwithstanding these limitations, I observe consistent 
patterns underpinning the findings of table 2. Beginning with panel A in figure 7, I find that piped water 
was associated with lower mortality in temperature bins above 15 degrees Celsius. Interestingly, the 
larger negative coefficient for the hottest temperature is driven by infants (see panel C). The 
coefficients for beds per capita are less precisely estimated but clearly point toward greater mitigation 
at higher temperatures (panel B). Concerning infants, panel C shows that they did not benefit much 
from greater piped water provision, except for periods with extreme temperatures. Perhaps families 
used cool tap water to better preserve milk, as recommended by Rietschel (1911), or infants were kept 
hydrated with a safer water source. The knowledge and support by infant welfare centers seem to 
have been more useful in avoiding infant deaths during warm periods, i.e. between 15 degrees and 25 
degrees. Above this range, however, the estimates are too imprecise. 

Further evidence for a causal interpretation of the results  

Three sets of evidence suggest that the correlations I find are meaningful, plausibly causal and support 
the case for the magnitudes of the public health coefficients discussed above.25 Next to the robustness 
of the results to multiple alternative tests, they are in line with expectations from the epidemiology of 
various disease categories and earlier findings from the German context. Table 2 and figure 7 shows 
that piped water was least effective when respiratory diseases are more prevalent. Also, the protective 
effect of infant welfare centers was greater during hot days.  

Table 3 adds to this evidence by focusing on disease categories with different aetiologies. Column 1 
shows that the three public health interventions contributed to lower the incidence of digestive 
diseases during warm periods only, as expected since these conditions are more prevalent during the 
summer. The coefficient of log piped water p.c. is not highly significant, possibly reflecting that infants 
did not profit much from tap water, while adults did (see figure 7). Infant welfare centers, on the other 
hand, are associated with lower deaths related to gastrointestinal ailments while respiratory ones 
were unaffected, as one would expect given their efforts to promote the proper nutrition of babies, 
such as breastfeeding or pasteurized milk. The coefficients of hospital beds indicate that healthcare 
reduced digestive deaths during hot days (this is in line with figure 7, panel B).  

  

 
24 For this reason, I employ a more parsimonious model than that in table 2, by interacting the three public health 
interventions with the contemporaneous effect of temperatures and two different sets of fixed effects. 
25 Appendix C, section 8 shows that there is little (indirect) evidence in support of aggregate adaptation effects 
during hot periods. 
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Figure 7. The mitigating mortality impact of various public health interventions throughout the 
temperature distribution 

 Panel A: CDR and piped water  Panel B: CDR and beds per capita 

 
 Panel C: IMR and piped water  Panel D: IMR and infant welfare centers 

 

Note: Equation 2 is estimated by adding the three public health interventions simultaneously. I run two sets of regressions 
with city-month and year-month fixed effects as well as city-month and year-by-two-month fixed effects. See table D.4 for 
the full regression output table. The controls are the same as those mentioned in table 1. The models underpinning this figure 
are more parsimonious than those in table 2, since I estimate the impact of the public health interventions on the 
contemporary effect of temperatures of mortality, instead of the two-month cumulative impact. Standard errors, clustered 
at the city level, in parentheses; *p<0.10, **p<0.05, ***p<0.01  

Source: see table A.1. 

For respiratory diseases, the expectation from the results in figure 6 is that they should not have been 
affected much by the public health interventions, since there was little change in the temperature-
mortality gradient during cold periods after 1905. In line with this, table 3, column (2) shows that none 
of the interactions are statistically significant for the colder temperature bins. Interestingly, the only 
exception is above 15°C x log piped water p.c., indicating that piped water reduced the incidence of 
respiratory diseases during warm periods. This could be related, as argued by Gallardo-Albarrán (2020) 
for Germany, to the diffuse effects of sanitary infrastructures. The decline of digestive ailments 
reduced morbidity and made individuals more resistant to other sicknesses. The effect, however, is 
not large when compared to column (1). 

  



25 
 

Table 3. The mitigating mortality impact of various public health interventions, by disease category 
 Mortality rates due to: 

 
Dig. 

Diseases 
Resp. 

Diseases 
  (1) (2) 
below 3°C x log piped water p.c. 0.0002 -0.0003 

 (0.0005) (0.0006) 
below 3°C x log beds p.c. -0.0004 -0.0001 

 (0.0004) (0.0005) 
below 3°C x welfare centers -0.0000 0.0001 

 (0.0000) (0.0001) 
3°C to 15°C (benchmark) . . 

 . . 
above 15°C x log piped water p.c. -0.0025* -0.0014*** 

 (0.0014) (0.0005) 
above 15°C x log beds p.c. -0.0035** -0.0004 

 (0.0017) (0.0005) 
above 15°C x welfare centers -0.0002** -0.0000 

 (0.0001) (0.0000) 
City-month FE Yes Yes 
Year-month FE Yes Yes 
Controls Yes Yes 
Observations 14169 14180 

Note: Equation 2 is estimated by adding the three public health interventions simultaneously. The dependent variables are 
not log-transformed, because they contain multiple zeros. Two month cumulative dynamic estimates are reported (table D.7 
shows the full regression output table). The regressions include city-month and year-month fixed effects as well as the 
controls mentioned in table 1. Standard errors, clustered at the city level, in parentheses; *p<0.10, **p<0.05, ***p<0.01  

Source: see table A.1. 

My second piece of evidence shows that public health interventions did not happen in response to 
variation in mortality due to changing temperatures. Table A.12 shows that the temperature bins used 
in my analyses do not systematically predict change changes in health services. The coefficients switch 
in sign and vary greatly in significance when accounting for temporal trends and time lags differently. 
Instead, historical evidence on the political economy of sanitary infrastructures suggests different 
drivers (see section 7 in appendix C).  

The last set of evidence leverages plausibly-exogeneous variation to examine the mortality impact of 
infant welfare centers. I perform an analysis akin to Alsan and Goldin (2019) and Gallardo-Albarrán 
(2020), where I examine the impact of the quasi-experimental rollout of a public health intervention 
on mortality. In particular, I estimate the following equation: 

 log�𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖,𝑡𝑡� = 𝛼𝛼 + 𝛽𝛽𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝑋𝑋𝑖𝑖,𝑡𝑡𝛾𝛾 + 𝛿𝛿𝑐𝑐 + 𝜁𝜁𝑦𝑦 + 𝜀𝜀𝑐𝑐,𝑦𝑦,𝑚𝑚 , (3) 

where 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is a dummy variable that turns one in year t when one of these 
institutions is observed in city i. Note that the unit and time fixed effects are city and year, respectively, 
because I estimate equation 3 for individual months. This setup conceptually aligns with my benchmark 
regressions using month-specific fixed effects. 

Table 4 presents the results of estimating equation 3 in three ways: taking a traditional two-way fixed 
effects (TWFE) approach and using two estimators more appropriate with staggered treatments, 
following Callaway and Sant’Anna (2021) and Sun and Abraham (2021). The table presents the 
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coefficients of 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 for the three months with the highest and lowest infant 
mortality rates (see figure B.6). A cursory comparison of size effects between the first three columns 
and the last three reveals that the effects are largest for July and September. Particularly when 
considering the last two estimators, I find that the coefficients are negative, sizeable and statistically 
significant for July and September, and insignificant for the rest. They imply that 22 and 32 percent of 
the mortality decline in those months can be attributed to the construction of infant care institutions. 
The lower point estimate for August, and its lack of statistical significance, seems in line with the 
statistically insignificant coefficient of the interaction between infant welfare centers and the above-
25-degree bin in figure 7 (panel D).26 To the extent that the precise timing of welfare centers was quasi-
exogeneous, indeed there seem to be no evidence for pre-trends (see figure B.7), these estimates 
provide suggestive causal evidence that their efforts led to lower infant mortality, particularly during 
and following hot periods.27 

Table 4. The impact of infant welfare centers on infant mortality by month 

 Highest Mortality Months Lowest Mortality Months 

  July August  September November  December February 

TWFE -0.07* -0.01 -0.04 -0.03 0.01 0.00 
welfare_center (0.04) (0.04) (0.04) (0.04) (0.03) (0.03) 

        
Callaway and Sant'Anna        
welfare_center -0.13** -0.08 -0.14*** -0.02 -0.07 -0.06 

 (0.05) (0.05) (0.05) (0.04) (0.05) (0.04) 
Sun and Abraham        
welfare_center -0.13** -0.06 -0.10* 0.00 -0.01 -0.02 

  (0.06) (0.05) (0.05) (0.04) (0.05) (0.04) 

City FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 
Note: Three different estimators are used to compute the impact of the first opening of a welfare infant center on mortality 
during three high-mortality and low-mortality months (see table D.8 for the full regression output table). The first, TWFE, 
refers to a two-way fixed effects estimation with city- and year-fixed effects as well as the controls mentioned in table 1. The 
second and third estimators follow Callaway and Sant’Anna (2021) and Sun and Abraham (2021), respectively. For these two, 
the reported coefficients refer to their average impact during a 10-year period given that most infant welfare centers opened 
after 1903. No controls are added since, as shown in figure B.7, there is no evidence of pre-trends. Standard errors, clustered 
at the city level, in parentheses; *p<0.10, **p<0.05, ***p<0.01 

Source: see table A.1. 

Conclusions 
Understanding the health impact of temperatures and how to reduce it is crucial for understanding 
the drivers of long-run human welfare as well as improving health outcomes in the 21st century, 
especially as global warming is expected to continue unabated and its mortality effects are expected 

 
26 This could be due to lack of variation to properly identify the effect, or it may indicate that at the point where 
cumulative hot temperatures were the highest (see figure B.6) the strategies of families and communities to 
curve infant mortality were less effective. 
27 Figure B.8 provides estimates for all months and shows the coefficients are greater for July and September.  
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to be most detrimental in more vulnerable lower-income settings. This paper provides two main 
contributions to the literature studying this topic drawing on the experience of German cities during 
the Epidemiological Transition. The first relates to the quantification of the temperature-mortality 
relationship in a context for which data availability is often lacking, where financial resources are scarce 
and infectious ailments prevalent. Compared with other findings from the literature from 20th century 
United States, the temperature-mortality gradient I estimate is quite significant. My results show that 
one day additional day above 25°C (or below 5°C) increases mortality by approximately 1.5 (1.1) 
percent, relative to a temperate day ranging between 10 and 15 degrees Celsius. Especially at high 
temperatures, infants are the most vulnerable.  

The second, and more relevant, contribution of this article relates to the mitigation of the direct 
mortality impact of temperatures. My results show that death rates caused by high temperatures 
declined by about 25 percent during the analyzed, largely driven by the reduction of infant mortality 
in the summer. Infant mortality during warm periods declined by ca. 30 percent. The increasing survival 
chances of infants was associated with better care following the expansion of hospitals and infant 
welfare centers, while piped water seem to have mattered only during days with extreme 
temperatures (i.e. above 25 degrees Celsius). For non-infants, however, safe water was associated with 
a sizeable decline in mortality during warm periods. These public health interventions account for 60 
and 25 percent of the decline in CDR and IMR, respectively, during hot periods. 

The provision of public health was an important driver of temperature risk mitigation,  particularly at 
a time when individuals’ knowledge about disease causation was imperfect and financial resources 
were meager. This public health revolution was not exclusive to Germany but it happened in many 
other contexts between the late 19th-century and mid-20th century, which implies that an important 
part of the climate resilience of these societies comes from investments undertaken during the 
Epidemiological Transition. An additional implication of this finding for current lower-income societies 
is that investing in basic public health services, as stated in various Sustainable Development Goals 
(United Nations 2023), has the potential to lower the expected health costs in lower-income 
environments in coming decades. Supporting findings from earlier research on developing countries, 
this article shows that local public initiatives in the domain of health services can contribute 
substantially to mitigating temperature-related mortality. For infants growing in environments 
characterized by unsafe water, the promotion of breastfeeding is possibly the most effective manner 
to reduce mortality during heatwaves. The provision of safe piped water, on the other hand, seems to 
be of greater benefit to children and adults. 
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Appendix A 

Table A.1. Summary statistics 

 
Observations mean Std. Deviation min max 

Mortality variables (monthly) 
     

CDR (per 1,000 people) 16525 1.62 0.46 0.49 12.75 

IMR (per 1,000 births) 16521 204.33 104.35 21.83 1503.96 

Non-infant CDR (per 1,000 people) 16521 1.09 0.28 0.37 9.76 

Deaths due to digestive diseases (per 1,000 people) 16499 0.20 0.25 0.00 3.08 

Deaths due to respiratory diseases (per 1,000 people) 16522 0.44 0.18 0.08 2.27 

Deaths due to puerperal feber (per 1,000 births) 16523 1.79 2.75 0.00 35.09 

Temperatures (monthly)  
    

Mean temperature (°C) 15955 8.86 6.71 -9.74 23.31 

Maximum temperature (°C) 15890 12.70 7.68 -6.14 29.06 

Minimum temperature (°C) 15955 5.14 5.88 -14.17 16.95 

Days in a month below 3°C 15955 7.27 9.54 0.00 31.00 

Days in a month between 3°C and 15°C 15955 15.65 9.07 0.00 31.00 

Days in a month above 15°C 15955 7.51 9.98 0.00 31.00 

Demographic controls (annual)  
    

% of inhabitants younger than 5 16536 10.84 1.91 6.11 18.86 

% of inhabitants between 5 and 15 16536 18.65 2.25 9.95 27.22 

% of inhabitants between 15 and 60 16536 64.24 3.44 52.06 81.05 

% of Catholics 16224 31.65 27.65 1.57 94.63 

% of Jews 16224 1.97 1.61 0.05 10.12 

Station controls (monthly)  
    

Measurement time (categorical; 1-3) 16536 0.24 0.49 0.00 2.00 

Elevation (meters) 16536 134.10 123.14 4.00 515.00 

Distance to nearest station (km) 16536 18.28 29.54 0.00 119.83 

Public health interventions (annual)  
    

Piped water supply p.c. (cubic meters) 15192 44.09 30.45 1.89 250.88 

Beds per thousand 15132 6.05 2.45 0.03 19.05 

Infant welfare centers 16536 1.06 3.83 0.00 42.00 

 Sources: Kaiserliches Gesundheitsamt (1888-1914) for the mortality variables. The temperature data and the variables on 
the meteorological station come from various meteorological yearbooks published by Centralbureau für Meteorologie und 
Hydrographie im Grossherzogthum Baden (1889-1914); Centralstelle für die Landesstatistik (1888-1900); Königliche 
Bayerische Meteorologische Centralstation (1889-1914); Meteorologischer Landesdienst in Elsass-Lothringen (1892-1914); 
Königlich Preussisches Meteorologisches Institut (1891-1919); Königlich Sächsisches Meteorologisches Institut (1889-1917); 
Königlich Statistisches Landesamt (1889-1914); Deutsche Seewarte (1889-1915). Information on city demographics and public 
health interventions come from Neefe (1890-1916). Section 3 and table A.2 present detailed information on how each 
variable was constructed.
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Table A.2. Three-step process to build the temperature and humidity dataset 

City DWD 
(I) 

Meteorological Yearbooks 
(II) 

Matched to a nearby station 
(III) 

Aachen 1891-1913 1888-1890  
Altona   1888-1913 (Hamburg) 
Augsburg 1888-1913   
Barmen   1888-1913 (Krefeld) 
Berlin 1888-1913   
Bochum   1888-1913 (Krefeld) 
Braunschweig 1891-1913  1888-1890 (Magdeburg) 
Bremen 1890-1913  1888-1889 (Hamburg) 
Breslau  1888-1913  
Kassel 1888-1913   
Charlottenburg   1888-1913 (Berlin) 
Chemnitz 1888-1913   
Cologne   1888-1913 (Krefeld) 
Krefeld 1888-1913   
Danzig  1888-1913  
Darmstadt  1888-1913  
Dortmund   1888-1913 (Münster) 
Dresden 1888-1913   
Düsseldorf   1888-1913 (Krefeld) 
Duisburg   1888-1913 (Krefeld) 
Elberfeld   1888-1913 (Krefeld) 
Erfurt  1904-1913 1888-1904 (Nordhausen) 
Essen   1888-1913 (Krefeld) 
Frankfurt a. M. 1888-1913  1888-1903 (Landsberg a. W.); 1904-1913 (Berlin)  
Frankfurt a. O.    
Freiburg 1888-1913   
Görlitz 1888-1913   
Halle 1888-1913   
Hamburg 1891-1913 1888-1890  
Hannover  1888-1889 1890 (Celle); 1891-1913 (Braunschweig) 
Karlsruhe 1888-1913   
Kiel  1888-1913  
Königsberg  1892-1903 1888-1891 and 1904-1913 (Memel) 
Leipzig 1888-1913   
Liegnitz   1888-1913 (Breslau) 
Lübeck 1890-1913  1888-1889 (Kiel) 
Magdeburg 1888-1913   
Mainz  1888-1900 1901-1913 (Darmstadt) 
Mannheim   1888-1894 (Speyer); 1894-1913 (Ludwigshafen) 
Metz   1888-1913 (Kaiserslautern) 
Mülhausen  1892-1913 Freiburg (1888-1891) 
Munich 1888-1913   
Nürnberg 1888-1913   
Plauen 1888-1913   
Posen  1892-1913 1888-1889 (Fraustadt); 1890-1891 (Bromberg) 
Potsdam 1893-1913  Berlin (1888-1892) 
Spandau   Berlin (1888-1913) 
Stettin   Swinemünde (1888-1913) 
Strassburg  1890-1913 Freiburg (1888-1889) 
Stuttgart 1900-1913 1888-1899  
Wiesbaden   1888-1913 (Frankfurt) 
Würzburg 1901-1913 1888-1900  
Zwickau  1888-1889 1890-1913 (Chemnitz) 

Note: Column (I) shows the period for which data comes from the online data repository of the Deutscher Wetterdienst (DWD); column (II) 
presents the years digitized for a given city from the Deutsches Meteorologisches Jahrbuch; and column (III) provides information on the 
period and weather station, in brackets, matched to a given city (if a city in brackets is not listed here, then I digitized its meteorological 
data). Data for Darmstadt and Mainz before 1901 come from a different source (see table A.1).  
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Table  A.3. The impact of extreme temperatures on mortality, 1888-1913 (using 25th and 75th 
percentiles of city-specific temperatures to construct the bins) 

 CDR IMR Non-infant mortality 
  (1) (2) (3) 

below 25th perc. 0.004*** 0.002 0.004*** 

 (0.001) (0.002) (0.001) 
3°C to 15°C (benchmark) . . . 

 . . . 
above 75th perc. 0.004** 0.014*** -0.001 

 (0.002) (0.004) (0.001) 

City-month FE Yes Yes Yes 
Year-month FE Yes Yes Yes 
Controls Yes Yes Yes 
Observations 15762 15758 15758 

 Note: The table reports the results of estimating equation 1, using the 25th and 75th percentiles of city-specific temperatures 
to construct the temperature bins. The dependent variables are crude death rates (column 1), infant mortality rate (column 
2) and non-infant crude death rates (column 3).  The regressions include city-month and year-month fixed effects as well as 
demographic controls with information on the religious background of the population (percentage of Catholics and Jews) and 
age structure (share of inhabitants below 5, between 5 and 15, and between 15 and 60). Weather station control variables 
are included too (measurement time, elevation and distance to the nearest station). Standard errors, clustered at the city 
level, in parentheses; *p<0.10, **p<0.05, ***p<0.01. 

Source: see table A.1. 
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Table  A.4. The impact of extreme temperatures on mortality, 1888-1913 (using year-by-two-month 
fixed effects) 

 CDR IMR Non-infant CDR 

  (1) (2) (3) 

below 3°C 0.0082*** 0.0067*** 0.0084*** 

 (0.0004) (0.0007) (0.0003) 
3°C to 15°C (benchmark) . . . 

 . . . 
above 15°C 0.0040*** 0.0213*** -0.0059*** 

 (0.0007) (0.0011) (0.0005) 

City-by-two-month FE Yes Yes Yes 

Year-by-two-month FE Yes Yes Yes 

Controls Yes Yes Yes 

Note: Equation 1 is estimated using three different dependent variables: crude death rates (column 1), infant mortality rate 
(column 2) and non-infant crude death rates (column 3).  The regressions include city-by-two-month and year-by-two-month 
fixed effects as well as demographic controls with information on the religious background of the population (percentage of 
Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and between 15 and 60). Weather 
station control variables are included too (measurement time, elevation and distance to the nearest station). Standard errors, 
clustered at the city level, in parentheses; *p<0.10, **p<0.05, ***p<0.01 .  

Source: see table A.1. 
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Table A.5. The changing temperature-mortality gradient, 1888-1913 

  CDR IMR Non-infant CDR 

    (1) (2) (3) 

below 3°C 1888-1905 0.0039*** 0.0003 0.0048*** 

  (0.0007) (0.0012) (0.0007) 

 1906-1913 0.0035*** 0.0001 0.0053*** 

  (0.0010) (0.0017) (0.0010) 

 perc. difference  -8.73 -57.64 10.33 

 (p-value) 0.69 0.89 0.60 
3°C to 15°C (benchmark)  . . . 

  . . . 
above 15°C 1888-1905 0.0112*** 0.0254*** 0.0017 

  (0.0018) (0.0037) (0.0011) 

 1906-1913 0.0085*** 0.0185*** 0.0025*** 

  (0.0015) (0.0032) (0.0009) 

 perc. difference  -23.89 -27.36 44.39 

 (p-value) 0.01 0.00 0.37 

City-month FE   Yes Yes Yes 

Year-by-two-month FE  Yes Yes Yes 

Controls  Yes Yes Yes 

Observations   15762 15758 15758 

Note: The dependent variables are crude death rates (column 1), infant mortality rate (column 2) and non-infant crude death 
rates (column 3). The regressions include city-month and year-by-two-month fixed effects as well as demographic controls 
with information on the religious background of the population (percentage of Catholics and Jews) and age structure (share 
of inhabitants below 5, between 5 and 15, and between 15 and 60). Weather station control variables are included too 
(measurement time, elevation and distance to the nearest station). Standard errors, clustered at the city level, in parentheses; 
*p<0.10, **p<0.05, ***p<0.01 . 

Sources: see table A.1. 
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Table A.6. The changing temperature-mortality gradient, 1888-1913 (Crude Death Rates: robustness tests) 

  Benchmark Alt. pop. (1) Alt. pop. (2) Spatial SE No extrap. City trends Controls inter. Tax control 

    (1) (2) (3) (4) (5) (6) (7) (8) 

below 3°C 1888-1905 0.0039*** 0.0039*** 0.0038*** 0.0039*** 0.0032*** 0.0035*** 0.0031*** 0.0034*** 

  (0.0007) (0.0007) (0.0008) (0.0009) (0.0009) (0.0008) (0.0008) (0.0008) 

 1906-1913 0.0035*** 0.0036*** 0.0029*** 0.0035*** 0.0008 0.0028*** 0.0028*** 0.0033*** 

  (0.0010) (0.0010) (0.0011) (0.0009) (0.0009) (0.0009) (0.0009) (0.0010) 

 perc. difference  -8.73 -7.01 -22.77 -8.73 -76.48 -20.76 -8.51 -0.61 

 (p-value) 0.69 0.75 0.28 0.71  0.00 0.28 0.76 0.98 
3°C to 15°C (benchmark)  . . . . . . . . 

  . . . . . . . . 
above 15°C 1888-1905 0.0112*** 0.0113*** 0.0114*** 0.0112*** 0.0107*** 0.0131*** 0.0123*** 0.0110*** 

  (0.0018) (0.0018) (0.0017) (0.0019) (0.0021) (0.0014) (0.0015) (0.0017) 

 1906-1913 0.0085*** 0.0086*** 0.0084*** 0.0085*** 0.0087*** 0.0090*** 0.0095*** 0.0087*** 

  (0.0015) (0.0015) (0.0015) (0.0011) (0.0017) (0.0013) (0.0013) (0.0016) 

 perc. difference  -23.89 -23.91 -25.69 -23.89 -18.53 -31.40 -22.29 -21.17 

 (p-value) 0.01 0.01 0.00  0.02 0.11 0.00 0.00 0.03 

City-month FE   Yes Yes Yes Yes Yes Yes Yes Yes 

Year-by-two-month FE  Yes Yes Yes Yes Yes Yes Yes Yes 

Controls  Yes Yes Yes Yes Yes Yes Yes Yes 

Observations   15762 15762 15762 15762 9613 15762 15762 14362 

Note: The dependent variable is crude death rates throughout. The model specification in column (1) is the same as in figure 6; column (2) uses a population denominator to calculate crude 
death rates that does not vary throughout the year; column (3) includes a population index that varies throughout the year with information on migration; column (4) present Conley Spatial-
Serial Standard Errors in brackets; column (5) restrict the sample to cities for which meteorological data was available; column (6) includes city-specific linear trends; column (7) interacts all 
control variables with the month fixed effects; column (8) includes taxes per capita as a control variable. The regressions include city-month and year-by-two-month fixed effects as well as 
demographic controls with information on the religious background of the population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, 
and between 15 and 60). Weather station control variables are included too (measurement time, elevation and distance to the nearest station). Standard errors, clustered at the city level, in 
parentheses, with the exception of column (4). *p<0.10, **p<0.05, ***p<0.01. 

Source: see table A.1. 
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Table A.7. The changing temperature-mortality gradient, 1888-1913 (Infant Mortality Rates: robustness tests) 

  Benchmark Alt. denom. (1) Alt. denom. (2) Alt. denom. (3) Spatial SE No extrap. City trends Controls inter. Tax control 

    (1) (2) (3) (4) (5) (6) (7) (8) (9) 

below 3°C 1888-1905 0.0003 -0.0005 0.0006 0.0007 0.0003 -0.0014 0.0008 -0.0002 0.0004 

  (0.0012) (0.0012) (0.0012) (0.0013) (0.0012) (0.0014) (0.0011) (0.0011) (0.0012) 

 1906-1913 0.0001 -0.0007 0.0001 0.0002 -0.0007 -0.0027 0.0014 0.0017 0.0005 

  (0.0017) (0.0017) (0.0017) (0.0022) (0.0015) (0.0019) (0.0017) (0.0017) (0.0018) 

 perc. difference  -57.64 44.44 -86.83 -68.13 44.44 98.61 83.35 -865.82 29.83 

 (p-value) 0.89 0.89 0.71 0.79 0.89  0.41 0.65 0.26 0.94 
3°C to 15°C (benchmark)  . . . . . . . . . 

  . . . . . . . . . 
above 15°C 1888-1905 0.0254*** 0.0255*** 0.0266*** 0.0245*** 0.0254*** 0.0241*** 0.0281*** 0.0269*** 0.0248*** 

  (0.0037) (0.0035) (0.0037) (0.0035) (0.0038) (0.0046) (0.0027) (0.0028) (0.0037) 

 1906-1913 0.0185*** 0.0190*** 0.0193*** 0.0180*** 0.0190*** 0.0182*** 0.0206*** 0.0215*** 0.0181*** 

  (0.0032) (0.0030) (0.0031) (0.0032) (0.0019) (0.0040) (0.0024) (0.0024) (0.0032) 

 perc. difference  -27.36 -25.39 -27.57 -26.66 -25.39 -24.36 -26.67 -19.81 -26.83 

 (p-value) 0.00 0.00 0.00 0.00  0.00 0.00 0.00 0.00 0.00 

City-month FE   Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Year-by-two-month FE  Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Controls  Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Observations   15758 15758 15245 15758 15758 9609 15758 15758 14359 

Note: The dependent variable is infant mortality rates throughout. The model specification in column (1) is the same as in figure 6; column (2) employs an alternative IMR indicator that divides 
infant deaths by the amount of live births in the same month; column (3) considers another alternative IMR series with the sum of births in the current and the eleven preceding months as the 
denominator; column (3) divides the number of infant deaths by the total population; column (5) present Conley Spatial-Serial Standard Errors in brackets; column (6) restrict the sample to 
cities for which meteorological data was available; column (7) includes city-specific linear trends; column (8) interacts all control variables with the month fixed effects; column (9) includes taxes 
per capita as a control variable. The regressions include city-month and year-by-two-month fixed effects as well as demographic controls with information on the religious background of the 
population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and between 15 and 60). Weather station control variables are included too 
(measurement time, elevation and distance to the nearest station). Standard errors, clustered at the city level, in parentheses, with the exception of column (4). *p<0.10, **p<0.05, ***p<0.01. 

Source: see table A.1.
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Table A.8. The mitigating mortality impact of sanitary infrastructures at extreme temperatures 

    1900 1901 1902 1903 1904 1905 

Dep. Var: Crude Death Rates        
below 3°C perc. difference  -19.40 -3.04 -9.04 -2.97 -13.84 -8.73 

 (p-value) 0.39 0.91 0.73 0.91 0.58 0.69 
3°C to 15°C (benchmark)  . . . . . . 

  . . . . . . 
above 15°C perc. difference  -15.60 -15.33 -18.66 -19.67 -23.55 -23.89 

 (p-value) 0.12 0.13 0.06 0.03 0.01 0.01 
Dep. Var: Infant Mortality Rates        

below 3°C perc. difference  -85.88 
-

717.82 7086.30 3911.91 -199.62 -57.64 

 (p-value) 0.79 0.51 0.75 0.60 0.65 0.89 
3°C to 15°C (benchmark)  . . . . . . 

  . . . . . . 
above 15°C perc. difference  -14.81 -12.78 -19.76 -20.57 -26.60 -27.36 

 (p-value) 0.02 0.04 0.00 0.00 0.00 0.00 
Dep. Var: Non-infant Mortality Rates        
below 3°C perc. difference  -8.92 2.44 0.55 8.80 7.04 10.33 

 (p-value) 0.62 0.91 0.98 0.68 0.74 0.60 
3°C to 15°C (benchmark)  . . . . . . 

  . . . . . . 
above 15°C perc. difference  38.89 12.91 42.94 46.95 44.98 44.39 

 (p-value) 0.49 0.80 0.42 0.35 0.34 0.37 

City-month FE   Yes Yes Yes Yes Yes Yes 

Year-by-two-month FE  Yes Yes Yes Yes Yes Yes 

Controls   Yes Yes Yes Yes Yes Yes 

 Note: The regressions include city-month and year-by-two-month fixed effects as well as demographic controls with 
information on the religious background of the population (percentage of Catholics and Jews) and age structure (share of 
inhabitants below 5, between 5 and 15, and between 15 and 60). Weather station control variables are included too 
(measurement time, elevation and distance to the nearest station). The table reports the results of estimating the same 
model used in table A.6, with varying cutoff years from 1900 to 1905 and for each mortality variable separately. Standard 
errors, clustered at the city level, in parentheses; *p<0.10, **p<0.05, ***p<0.01. 

Source: see table A.1.
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Table A.9. The mitigating mortality impact of various public health interventions (CDR: robustness tests) 

 Benchmark Spatial SE Year-by-two-month FE Tax control Inter. Controls City trends Exclude 1913 
  (1) (2) (3) (4) (5) (6) (7) 
below 3°C x log water p.c. 0.0003 0.0003 0.0001 0.0004 0.0001 0.0004 0.0005 

 (0.0007) (0.0007) (0.0007) (0.0007) (0.0007) (0.0007) (0.0007) 
3°C to 15°C (benchmark) . . . . . . . 

 . . . . . . . 
above 15°C x log water p.c. -0.0034*** -0.0034*** -0.0032*** -0.0041*** -0.0029*** -0.0020* -0.0034*** 

 (0.0011) (0.0010) (0.0011) (0.0010) (0.0010) (0.0011) (0.0011)         
below 3°C x log beds p.c. -0.0005 -0.0005 -0.0010 -0.0008 -0.0005 -0.0005 -0.0004 

 (0.0006) (0.0005) (0.0006) (0.0006) (0.0006) (0.0006) (0.0006) 
3°C to 15°C (benchmark) . . . . . . . 
 . . . . . . . 
above 15°C x log beds p.c. -0.0025* -0.0025** -0.0033** -0.0028** -0.0019* -0.0036*** -0.0024* 

 (0.0013) (0.0011) (0.0012) (0.0013) (0.0010) (0.0013) (0.0013)         
below 3°C x centers 0.0001* 0.0001** 0.0000 0.0002 0.0001 0.0001** 0.0001* 

 (0.0001) (0.0000) (0.0000) (0.0001) (0.0001) (0.0000) (0.0001) 
3°C to 15°C (benchmark) . . . . . . . 

 . . . . . . . 
above 15°C x centers -0.0001** -0.0001*** -0.0002*** -0.0001 -0.0001** -0.0004*** -0.0001** 

 (0.0001) (0.0000) (0.0000) (0.0001) (0.0000) (0.0001) (0.0001) 
Unit FE City-month City-month City-month City-month City-month City-month City-month 
Time FE Year-month Year-month Year-by-two-month Year-month Year-month No No 
Standard controls Yes Yes Yes Yes Yes Yes Yes 
Income control No No No Yes No No No 
Observations 14181 14181 14181 13248 14181 14181 13571 

Note: Equation 2 is estimated by adding the three public health interventions simultaneously, as in table 2. The dependent variable is crude death rates throughout. Column (1) is my benchmark 
specification; column (2) presents Conley Spatial-Serial Standard Errors in brackets; column (3) uses year-by-two-month fixed effects; column (4) adds municipal income per capita as a control 
variable; column (5) interacts each control variable with a set of month-fixed effects; column (6) replaces the year-month fixed effects with city-specific linear trends; column (7) excludes the 
year 1913 from the analyses for which I extrapolated some data. The regressions include city-month and year-month fixed effects (unless stated otherwise) as well as demographic controls with 
information on the religious background of the population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and between 15 and 60). 
Weather station control variables are included too (measurement time, elevation and distance to the nearest station). Standard errors clustered at the city level in parentheses (unless stated 
otherwise), except for columns 1 and 6. *p<0.10, **p<0.05, ***p<0.01. 

Source: see table A.1. 
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Table A.10. The mitigating mortality impact of various public health interventions (IMR: robustness tests) 

 Benchmark Spatial SE Year-by-two-month FE Tax control Inter. Controls City trends Alt. Denom. (1) Alt. Denom. (2) Alt. Denom. (3) Exclude 1913 
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
below 3°C x log water p.c. 0.0017 0.0017 0.0015 0.0022** 0.0016 0.0022* 0.0016 0.0018 0.0006 0.0019 

 (0.0012) (0.0011) (0.0012) (0.0010) (0.0012) (0.0012) (0.0012) (0.0011) (0.0014) (0.0012) 
3°C to 15°C (benchmark) . . . . . . . . . . 

 . . . . . . . . . . 
above 15°C x log water p.c. -0.0016 -0.0016 -0.0013 -0.0021 -0.0011 0.0001 -0.0011 -0.0016 -0.0028* -0.0015 

 (0.0016) (0.0015) (0.0017) (0.0016) (0.0016) (0.0016) (0.0015) (0.0016) (0.0015) (0.0016)            
below 3°C x log beds p.c. 0.0007 0.0007 0.0002 0.0005 0.0009 0.0006 0.0004 -0.0001 0.0008 0.0005 

 (0.0008) (0.0008) (0.0008) (0.0009) (0.0009) (0.0009) (0.0009) (0.0008) (0.0009) (0.0009) 
3°C to 15°C (benchmark)                      
above 15°C x log beds p.c. -0.0038* -0.0038** -0.0050** -0.0040* -0.0029* -0.0064*** -0.0044** -0.0045** -0.0035* -0.0040* 

 (0.0020) (0.0017) (0.0020) (0.0020) (0.0017) (0.0021) (0.0019) (0.0021) (0.0020) (0.0021)            
below 3°C x centers 0.0000 0.0000 -0.0001 0.0000 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000 

 (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0000) (0.0001) (0.0001) (0.0001) (0.0001) 
3°C to 15°C (benchmark) . . . . . . . . . . 

 . . . . . . . . . . 
above 15°C x centers -0.0002*** -0.0002*** -0.0004*** -0.0003 -0.0002*** -0.0006*** -0.0002*** -0.0002*** -0.0002*** -0.0002*** 

 (0.0001) (0.0001) (0.0001) (0.0002) (0.0001) (0.0002) (0.0001) (0.0001) (0.0001) (0.0001) 
Unit FE City-month City-month City-month City-month City-month City-month City-month City-month City-month City-month 
Time FE Year-month Year-month Year-by-two-month Year-month Year-month No Year-month Year-month Year-month Year-month 
Standard controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Income control No No No Yes No No No No No No 
Observations 14179 14179 14179 13246 14179 14179 14179 13901 14179 13569 

Note: Equation 2 is estimated by adding the three public health interventions simultaneously, as in table 2. The dependent variable is infant mortality rates throughout. Column (1) is my 
benchmark specification; column (2) presents Conley Spatial-Serial Standard Errors in brackets; column (3) uses year-by-two-month fixed effects; column (4) adds municipal income per capita 
as a control variable; column (5) interacts each control variable with a set of month-fixed effects; column (6) replaces the year-month fixed effects with city-specific linear trends; columns (7), 
(8) and (9) show\s results for infant mortality rates using as denominator births in the current month, the sum of births in the current and eleven preceding months, and population (respectively); 
column (10) excludes the year 1913 from the analyses for which I extrapolated some data. The regressions include city-month and year-month fixed effects (unless stated otherwise) as well as 
demographic controls with information on the religious background of the population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, 
and between 15 and 60). Weather station control variables are included too (measurement time, elevation and distance to the nearest station). Standard errors clustered at the city level in 
parentheses (unless stated otherwise), except for columns 1 and 6. *p<0.10, **p<0.05, ***p<0.01. 

Source: see table A.1. 
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Table A.11. The mitigating mortality impact of various public health interventions (non-infant mortality: robustness tests) 

 Benchmark Spatial SE Year-by-two-month FE Tax control Inter. Controls City trends Exclude 1913 
  (1) (2) (3) (4) (5) (6) (7) 
below 3°C x log water p.c. 0.0000 0.0000 -0.0002 0.0000 -0.0001 -0.0006 0.0001 

 (0.0006) (0.0006) (0.0006) (0.0007) (0.0006) (0.0006) (0.0006) 
3°C to 15°C (benchmark) . . . . . . . 

 . . . . . . . 
above 15°C x log water p.c. -0.0021** -0.0021** -0.0019* -0.0028*** -0.0019** -0.0010 -0.0023** 

 (0.0010) (0.0010) (0.0010) (0.0009) (0.0009) (0.0010) (0.0010)         
below 3°C x log beds p.c. -0.0006 -0.0006 -0.0009 -0.0008 -0.0006 -0.0006 -0.0005 

 (0.0006) (0.0006) (0.0006) (0.0006) (0.0007) (0.0006) (0.0006) 
3°C to 15°C (benchmark)                
above 15°C x log beds p.c. -0.0003 -0.0003 -0.0006 -0.0006 0.0001 0.0002 -0.0002 

 (0.0009) (0.0008) (0.0009) (0.0009) (0.0009) (0.0008) (0.0010)         
below 3°C x centers 0.0001* 0.0001** 0.0001 0.0002 0.0001 0.0001* 0.0001** 

 (0.0001) (0.0001) (0.0001) (0.0002) (0.0001) (0.0000) (0.0001) 
3°C to 15°C (benchmark) . . . . . . . 

 . . . . . . . 
above 15°C x centers -0.0001 -0.0001 -0.0001* 0.0001 -0.0000 -0.0001 -0.0000 

 (0.0001) (0.0000) (0.0000) (0.0001) (0.0001) (0.0000) (0.0001) 
Unit FE City-month City-month City-month City-month City-month City-month City-month 
Time FE Year-month Year-month Year-by-two-month Year-month Year-month No Year-month 
Standard controls Yes Yes Yes Yes Yes Yes Yes 
Income control No No No Yes No No No 
Observations 14179 14179 14179 13246 14179 14179 13569 

Note: Equation 2 is estimated by adding the three public health interventions simultaneously, as in table 2. The dependent variable is non-infant mortality rates throughout. Column (1) is my 
benchmark specification; column (2) presents Conley Spatial-Serial Standard Errors in brackets; column (3) uses year-by-two-month fixed effects; column (4) adds municipal income per capita 
as a control variable; column (5) interacts each control variable with a set of month-fixed effects; column (6) replaces the year-month fixed effects with city-specific linear trends; column (7) 
excludes the year 1913 from the analyses for which I extrapolated some data. The regressions include city-month and year-month fixed effects (unless stated otherwise) as well as demographic 
controls with information on the religious background of the population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and between 15 
and 60). Weather station control variables are included too (measurement time, elevation and distance to the nearest station). Standard errors clustered at the city level in parentheses (unless 
stated otherwise), except for columns 1 and 6. *p<0.10, **p<0.05, ***p<0.01. 

Source: see table A.1. 
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Table A.12. The impact of the number of days in a given temperature range on the provision of health infrastructures 

 water supply p.c.  hospital beds p.c.  infant welfare centers 

  (1) (2) (3)  (4) (5) (6)  (7) (8) (9) 

Panel A: 1-year lag            
days below 3°C 0.0197** 0.0017 -0.0018  0.0180 0.0034 0.0013  0.0422 0.0184 0.0360** 

 (0.0078) (0.0024) (0.0020)  (0.0107) (0.0033) (0.0036)  (0.0587) (0.0127) (0.0139) 

            
days above 15°C 0.0003 -0.0025 -0.0004  0.0236*** 0.0053 0.0028  0.0077 0.0117 0.0050 

 (0.0067) (0.0035) (0.0024)  (0.0081) (0.0043) (0.0033)  (0.0377) (0.0158) (0.0144) 

            
Panel B: 5-year lag            
days below 3°C 0.0065 -0.0075*** -0.0049*  0.0103 -0.0020 -0.0051*  -0.0378 -0.0152 -0.0101 

 (0.0040) (0.0025) (0.0026)  (0.0072) (0.0020) (0.0025)  (0.0318) (0.0204) (0.0160) 

            
days above 15°C 0.0077** 0.0016 0.0021  0.0071 0.0066 0.0096*  -0.0341 -0.0206 -0.0107 

  (0.0032) (0.0020) (0.0020)  (0.0049) (0.0046) (0.0051)  (0.0316) (0.0229) (0.0229) 

City FE Yes No No  Yes No No  Yes No No 

Year FE Yes No No  Yes No No  Yes No No 

Linear and quadratic trend No Yes No  No Yes No  No Yes No 

City-specific trends No No Yes  No No Yes  No No Yes 

Controls Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Note: Each column regresses a given health infrastructure on an annual average of the temperature bins used in most of the paper with a one- and five-year lag in panel A and B, respectively. 
Columns 1, 4 and 7 report specifications with city- and year-fixed effects; specifications 2, 5 and 8 include a linear and a quadratic trend; specifications 3, 6 and 9 include city-specific linear 
trends. The regressions include demographic controls with information on the religious background of the population (percentage of Catholics and Jews) and age structure (share of inhabitants 
below 5, between 5 and 15, and between 15 and 60), taxes per capita and a one-year lag of the dependent variable. Standard errors, clustered at the city level, in parentheses; *p<0.10, **p<0.05, 
***p<0.01. 

Source: see table A.1. 
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Appendix B 

Figure B.1. Number of days with an average temperature across different temperature bins 

 

Source: see table A.1. 
 

  



2 
 

Figure B.2. The dynamic effect of temperatures on crude death rates 

 

Note: The estimations in this figure show the relationship between temperatures in a given month and crude 
death rates in the two previous months (lead 1 and 2), the current month (contemporaneous) as well as the 
subsequent two months (lag 1 and 2); see also footnote 17. The 10°C–15°C bin is the reference category. The 
regression includes demographic controls with information on the religious background of the population 
(percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and 
between 15 and 60). Weather station control variables are included too (measurement time, elevation and 
distance to the nearest station). The confidence intervals refer to 10% significance levels. The standard errors 
are clustered at the city level. 
Source: see table A.1.   
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Figure B.3. The dynamic effect of temperatures on infant mortality rates 

 

Note: The estimations in this figure show the relationship between temperatures in a given month and infant 
mortality rates in the two previous months (lead 1 and 2), the current month (contemporaneous) as well as the 
subsequent two months (lag 1 and 2); see also footnote 17. The 10°C–15°C bin is the reference category. The 
regression includes demographic controls with information on the religious background of the population 
(percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and 
between 15 and 60). Weather station control variables are included too (measurement time, elevation and 
distance to the nearest station). The confidence intervals refer to 10% significance levels. The standard errors 
are clustered at the city level. 
Source: see table A.1.  
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Figure B.4. The dynamic effect of temperatures on non-infant death rates 

 

Note: The estimations in this figure show the relationship between temperatures in a given month and non-
infant death rates in the two previous months (lead 1 and 2), the current month (contemporaneous) as well as 
the subsequent two months (lag 1 and 2); see also footnote 17. The 10°C–15°C bin is the reference category. The 
regression includes demographic controls with information on the religious background of the population 
(percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and 
between 15 and 60). Weather station control variables are included too (measurement time, elevation and 
distance to the nearest station). The confidence intervals refer to 10% significance levels. The standard errors 
are clustered at the city level. 

Source: see table A.1. 
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Figure B.5. The impact of temperatures on crude death rates, 1888-1913 (finer set of temperature bins and different temporal fixed effects) 

 Panel A: City-month and year-by-two-month fixed effects  Panel B: City-month and year-quarter fixed effects 

 

 

 

 

 

 

 

 

 Panel C: City-month and year fixed effects 

 

 

  

  

 

 

 

 

Note: this figure presents the outcome of regressions similar to those in figure 6, though with a finer set of temperature bins (identical to those in figure 7). The three panels 
present the results of regressions with city-month fixed effects. For temporal fixed effects I employ different levels: year-by-two-month (panel A), year-quarter (panel B) and 
year (panel C). See notes of figures 6 and 7 for information on the sources, estimated models, temperature bins and control variables. 
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Figure B.6. Monthly infant mortality rates and number of days above 25°C, 1888-1913 

 Infant Mortality Days with temperatures above 15°C 

 

Note: the values were obtained by regressing infant mortality (left) and days with temperatures above 15°C 
(right) on a set of month-fixed effects. 

Source: see table A.1.  
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Figure B.7. Dynamic effects of infant welfare centers on infant mortality in July (left) and September 
(right)  

 
Note: the figure reports dynamic estimates of the impact of infant welfare centers on infant mortality (see 
equation 3) for the month of July (left) and September (right), following Callaway and Sant’Anna (2021). No 
controls are included.  

Source: see table A.1. 
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Figure B.8. Impact of infant welfare centers on infant mortality by month with different estimators 

 
Note: Equation 3 is estimated with three different estimators to estimate the impact of the first opening of a 
welfare infant center on infant mortality, for each month separately. The first, TWFE, refers to a two-way fixed 
effects estimation with city- and year-fixed effects as well as demographic controls with information on the 
religious background of the population (percentage of Catholics and Jews) and age structure (share of inhabitants 
below 5, between 5 and 15, and between 15 and 60). Weather station control variables are included too 
(measurement time, elevation and distance to the nearest station). The second and third estimators follow 
Callaway and Sant’Anna (2021) and Sun and Abraham (2021), respectively. For these two, the reported 
coefficients refer to their average impact during a 10-year period given that most infant welfare centers opened 
after 1903. No controls are added since, as shown in figure B.7, there is no evidence of pre-trends. *p<0.10, 
**p<0.05, ***p<0.01 

Source: see table A.1. 
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Appendix C 

1) Additional data information 

The Statistisches Jahrbuch der deutschen Städte (Neefe, 1890-1916) is an important source I use to 

measure the expansion of key public health services. The statisticians gathered information by sending 

out questionnaires to city administrators. In case of doubt or lack of response, they often employed 

secondary publications to supply the relevant information. Comparability was clearly a goal from the 

beginning of this project and although this was sometimes hard to achieve, project members hoped 

that potential shortcomings would be overcome with experience in subsequent volumes (Neefe, 1890, 

V-VI). The importance and success of this endeavor was recognized decades later in 1927, after the 

series had to be interrupted in 1916 due to the war and other difficulties, when Dr. Büchner in 

representation of the association of German city statisticians (Der Verband der deutschen 

Städtestatistiker) praised the work of M. Neefe, the editor of the first 21 volumes of the yearbook. 

This source becomes more complete as time goes on, but I constructed my sample on the basis of 

those featuring in the 1901 report, the middle of the analyzed period, to ensure that I have a large 

number of cities with information for, at least, half of my analyzed period. To be more specific, Neefe 

(1901: 246) includes 55 cities in 1900, but I excluded Mönchen-Gladbach and Münster because 

information on key variables used in the second part of the analysis are missing for most years.  

Next to the public health interventions discussed in the main text, I created two additional ones that 

do not feature in the main analyses, though these are included in appendix A. The first is a variable 

measuring the per-capita length of the sewer network in meters to track the within-city physical 

expansion of this infrastructure. As for piped water, the source covers the whole analyzed period, 

except for some years where I applied linear interpolation (1891, 1895, 1909) and extrapolation (1913). 

Except for the years without any data, information is complete for 20 cities, one or two years are 

missing for 17 cities, and the remaining 16 municipalities have between 3 and 12 years of missing data. 

The second variable relates to healthcare, namely doctors per capita. While beds per capita captures 

the capacity of the sector to provide care, the number of doctors can be interpreted as an indicator of 

quality.  

Table C.1 provides some descriptive statistics on the evolution of the public health variables, included 

the two additional ones discussed above, for my sample that clearly illustrate the major expansion of 

public health interventions described in section 2.2. Piped water consumption increased from 35 cubic 

meters per person in 1890 to 48 in 1913; infant welfare centers were virtually non-existent in 1900 and 

by 1910 the average was 3.5 per city; beds per thousand rose substantially after 1900. 
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Table C.1. The expansion of sanitary and care services in major German cities, ca. 1890-1910 

 1890 1900 1910 
  Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 
Piped water (cubic meters p.c.) 34.9 22.2 47.5 38.7 48.3 27.1 
Sewers extension (meters p.c.) 0.50 0.23 0.68 0.22 0.88 0.23 
Infant welfare centers 0.07 0.32 0.12 0.39 3.50 6.61 
Beds per thousand  5.23 2.78 5.88 2.39 7.06 2.20 
Doctors per thousand 0.04 0.04 0.07 0.04 0.09 0.06 

Note: The values for each benchmark refer to the following periods: 1888-1890, 1899-1901 and 1910-1913. 

Source: see table A.1. 

 

The demographic controls in equation 1 also come from Neefe (1890-1916). The source is quite 
comprehensive, although there are some gaps. For instance, the age of a small number of citizens was 
unknown. In addition, information for Braunschweig in 1910 does not contain a full age breakdown for 
citizens below 20, so I use the age distribution of 1905 to assign individuals to each bracket below 20. 
Finally, data are missing in 1890 for Freiburg, Liegnitz, Zwickau, Plauen, Spandau, Bochum; in 1900 for 
Würzburg; in 1905 for Nürnberg, Augsburg, Würzburg and Metz. If we consider religious affiliation, 
1890 information is missing for Zwickau, Plauen, Spandau, Bochum, Freiburg, Liegnitz; for 1910 missing 
municipalities include Dresden, Chemnitz, Zwickau, Plauen and Leipzig. 
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2) Different ways of calculating infant mortality rates 

My main approach to measure the appropriate denominator for infant mortality rates is to take the 

average number of live births in the current and eleven preceding months. Certainly, information on 

the date of birth and death for each infant would more ideal, but this information is not available for 

my sample and analyzed period.  

This could potentially impact my results in several ways. First, there can be a systematic bias that can 

push my estimates either upwards or downwards throughout the analyzed period. If this is the case, 

then the city- and year-month fixed effects should deal with that. Second, it may be that some 

individual cities can still suffer from a certain type of bias in the presence of such detailed fixed 

effects, in which case relying on a large number of cities reduces the impact of such potential bias on 

my estimations.  

Third, the measurement error of my preferred denominator may lead to random measurement error, 

leading to less precise estimates. In part, we can test this by computing infant mortality rates in 

different ways and comparing the results to my benchmark analyses. Table C.2 below does this. The 

first column refers to my baseline results while the second one simply uses live births in the current 

month. The third column shows the results of using an alternative denominator based on the sum of 

births in the current and eleven preceding months. In the last column, I use population as 

denominator to account for the potential impact of changing trends in home births. 

The constancy and high significance of the coefficients throughout the four specifications in table C.2 

is remarkable. The confidence intervals tell us that they are not statistically different from each other. 

Importantly, this pattern remains if we use a broader set of temperature bins, as shown by figure C.1 

below. This exercise, therefore, suggests that with the indicators available at my disposal, changing 

the denominator to compute infant mortality rates leads to similar coefficients. Also, robustness tests 

in appendix B show that my findings hold throughout.  
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Table C.2. The impact of temperatures on infant mortality rate, using different denominators (1) 

 IMR with denominator: 
  Average 12 months Current Births Sum 12 months Population 

below 3°C -0.0002 -0.0002 0.0003 0.0004 

 (0.0017) (0.0018) (0.0017) (0.0020) 
3°C to 15°C (benchmark) . . . . 

 . . . . 
above 15°C 0.0143*** 0.0146*** 0.0150*** 0.0132*** 

 (0.0036) (0.0034) (0.0036) (0.0036) 

City-month FE Yes Yes Yes Yes 

Year-month FE Yes Yes Yes Yes 

Controls Yes Yes Yes Yes 

Note: Equation 1 is estimated. Two month cumulative dynamic estimates are reported. The dependent variable is infant 
mortality rates using as denominator the average number of live births in the current and preceding eleven months (my 
baseline), births in the current month, the sum of births in the current and eleven preceding months, and population.  The 
regressions include city-month and year-month fixed effects as well as demographic controls with information on the religious 
background of the population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 
5 and 15, and between 15 and 60). Weather station control variables are included too (measurement time, elevation and 
distance to the nearest station).  Standard errors, clustered at the city level, in parentheses; *p<0.10, **p<0.05, ***p<0.01 .  

Source: see table A.1. 

Figure C.1. The impact of temperatures on infant mortality rates, using different denominators (2) 

 
Note: Equation 1 is estimated. Two month cumulative dynamic estimates are reported. The dependent variable is infant 
mortality rates using as denominator the average number of live births in the current and preceding eleven months (my 
baseline), births in the current month, the sum of births in the current and eleven preceding months, and population.  The 
regressions include city-month and year-month fixed effects as well as demographic controls with information on the 
religious background of the population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, 
between 5 and 15, and between 15 and 60). Weather station control variables are included too (measurement time, 
elevation and distance to the nearest station).  Standard errors, clustered at the city level, in parentheses; *p<0.10, 
**p<0.05, ***p<0.01 .  

Source: see table A.1. 
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3) Estimating the link between temperature exposure and mortality 

The main equation I estimate in the paper is: 

 log�𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑐𝑐,𝑦𝑦,𝑚𝑚� = 𝛼𝛼 +∑ 𝛽𝛽𝑗𝑗𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑐𝑐,𝑦𝑦,𝑚𝑚,𝑗𝑗𝑗𝑗 + 𝑋𝑋𝑐𝑐,𝑦𝑦𝛾𝛾 + 𝛿𝛿𝑐𝑐,𝑚𝑚 + 𝜁𝜁𝑦𝑦,𝑚𝑚 + 𝜀𝜀𝑐𝑐,𝑦𝑦,𝑚𝑚 , (1) 

where c, y and m index cities, years and months respectively; 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 refers to various indicators, 

such as crude death rates or infant mortality rates; 𝑋𝑋𝑐𝑐,𝑦𝑦  is a vector of control variables; and 𝛿𝛿𝑐𝑐,𝑚𝑚 + 𝜁𝜁𝑦𝑦,𝑚𝑚  

are sets of city-month fixed effects and year-month fixed effects, respectively. As stated in the main 

text, 𝛽𝛽𝑗𝑗 refer to two-month cumulative dynamic estimates. For convenience, and following Barreca, 

Clay, Deschenes, Greenstone, and Shapiro (2016), these are estimated by taking both the first-

difference and a one-period (i.e. month) lag of each temperature bin. The coefficient referring to the 

one-month lag equals the sum contemporary and one-month lag temperature coefficients in a model 

where these two are estimated separately.  

I illustrate this in table C.3 below, which replicates the results in figure 4 (panel A). Consider the hottest 

temperature bin in the model reporting two-month cumulative dynamic estimates (column 1, bin 8 

(one lag)): 0.016. This is the same as the sum of bin 8 and bin 8 (one lag) in the second column: 0.018-

0.002.  
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Table C.3. Two-month cumulative and individual current and one lag estimates (dep. var: CDR) 

  2-month cumulative Contemporary and one lag 
bin 0  0.004** 

  (0.002) 
bin 0 (one lag) 0.011*** 0.007*** 

 (0.003) (0.002) 
bin 1  0.003 

  (0.002) 
bin 1 (one lag) 0.008*** 0.006*** 

 (0.003) (0.002) 
bin 2  0.002 

  (0.002) 
bin 2 (one lag) 0.006** 0.003*** 

 (0.002) (0.001) 
bin 3  0.002 

  (0.001) 
bin 3 (one lag) 0.004** 0.003** 

 (0.002) (0.001) 
bin 4  -0.000 

  (0.001) 
bin 4 (one lag) 0.000 0.001 

 (0.001) (0.001) 
bin 6  0.002** 

  (0.001) 
bin 6 (one lag) 0.003* 0.001 

 (0.002) (0.001) 
bin 7  0.008*** 

  (0.002) 
bin 7 (one lag) 0.010*** 0.002 

 (0.003) (0.002) 
bin 8  0.018*** 

  (0.004) 
bin 8 (one lag) 0.016** -0.002 

 (0.007) (0.004) 
bin 0 (first. diff.) 0.004**  

 (0.002)  
bin 1 (first. diff.) 0.003  

 (0.002)  
bin 2 (first. diff.) 0.002  

 (0.002)  
bin 3 (first. diff.) 0.002  

 (0.001)  
bin 4 (first. diff.) -0.000  

 (0.001)  
bin 5 (first. diff.) 0.000  

 (.)  
bin 6 (first. diff.) 0.002**  

 (0.001)  
bin 7 (first. diff.) 0.008***  

 (0.002)  
bin 8 (first. diff.) 0.018***  
 (0.004)  
City-month FE Yes Yes 
Year-month FE Yes Yes 
Controls Yes Yes 
Observations 15762 15762 
Note: Values refer to the coefficients of the temperature variables in equation 1 (𝛽𝛽𝑗𝑗), with the 10°C–15°C bin as the reference category. The 
first column reports two month cumulative dynamic estimates, while the second reports contemporary and one-lag coefficients. The 
dependent variable is crude death rates.  The regressions include city-month and year-month fixed effects as well as demographic controls 
with information on the religious background of the population (percentage of Catholics and Jews) and age structure (share of inhabitants 
below 5, between 5 and 15, and between 15 and 60). Weather station control variables are included too (measurement time, elevation and 
distance to the nearest station). The confidence intervals refer to 10% significance levels. The standard errors are clustered at the city level.  

Source: see table A.1. 
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4) Humidity results 

I also consider the potential interaction between temperatures and humidity, since the latter 

influences the thermoregulation of the body by determining its ability to expel heat to the outside and 

it is also associated with the survivability of bacterial diarrhoeal germs (Aik, Ong, & Ng, 2020). 

However, the literature is inconclusive in this respect (e.g. Barreca, 2012; Barreca et al., 2016; Geruso 

& Spears, 2018). I test the potential temperature-humidity link by interacting the (mean) daily 

temperature bins from table 1 with an indicator variable that notes if humidity levels above the 75th 

percentile were observed on the same day. Table C.4 below shows that humidity does not matter for 

heat-related mortality, since the coefficients are similar and their difference is not statistically 

significant. 

Table C.4. The mortality impact of the interaction between humidity and temperatures 

  CDR IMR Non-infant mortality 

    (1) (2) (3) 

below 3°C low humidity 0.004*** 0.000 0.005*** 

  (0.001) (0.002) (0.001) 

 high humidity 0.003** -0.001 0.004*** 

  (0.001) (0.002) (0.001) 

3°C to 15°C (benchmark)  . . . 

  . . . 

above 15°C low humidity 0.005*** 0.015*** -0.001 

  (0.002) (0.004) (0.001) 

 high humidity 0.005** 0.013*** -0.000 

  (0.002) (0.004) (0.002) 

City-month FE   Yes Yes Yes 
Year-month FE  Yes Yes Yes 

Controls  Yes Yes Yes 

Observations   15762 15758 15758 

Note: Each temperature bin is interacted with a humidity indicator variable that turns one if average humidity levels are 
above the 75 percentile in a given month. The dependent variables are crude death rates (column 1), infant mortality rate 
(column 2) and non-infant crude death rates (column 3).  The regressions include city and year fixed effects as well as 
demographic controls with information on the religious background of the population (percentage of Catholics and Jews) 
and age structure (share of inhabitants below 5, between 5 and 15, and between 15 and 60). Weather station control 
variables are included too (measurement time, elevation and distance to the nearest station). Standard errors, clustered at 
the city level, in parentheses; *p<0.10, **p<0.05, ***p<0.01 . 

Source: see table A.1. 
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5) Additional public health intervention variables 

In my analyses I also considered the impact of access to sewers, as an important component of the 
urban sanitary transition, but its correlation with mortality is weak and epidemiologically inconsistent. 
Table C.5 shows that the diffusion of this infrastructure does not always correlate with lower mortality 
during hot periods, unlike piped water supply. In fact, it seems that it may have been associated with 
higher mortality in days with high temperature. On health care provision, the variable doctors per 
capita is largely insignificant (table C.6). 
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Table C.5. The mitigating mortality impact of sanitary infrastructures at extreme temperatures, 1888-1913 

 CDR  IMR  non-inf CDR 

  (1) (2) (3)  (5) (6) (7)  (8) (9) (10) 

below 3°C x log water supply p.c. -0.0001  -0.0001  0.0016  0.0020*  -0.0003  -0.0003 

 (0.0007)  (0.0007)  (0.0012)  (0.0010)  (0.0006)  (0.0006) 

3°C to 15°C (benchmark) . . .  . . .  . . . 

 . . .  . . .  . . . 

above 15°C x log water supply p.c. -0.0040***  -0.0048***  -0.0024  -0.0031*  -0.0023**  -0.0030*** 

 (0.0012)  (0.0010)  (0.0017)  (0.0016)  (0.0010)  (0.0009) 

            
below 3°C x log sewers p.c.  0.0004 0.0001   -0.0001 -0.0002   0.0010** 0.0006 

  (0.0005) (0.0005)   (0.0009) (0.0008)   (0.0004) (0.0005) 

3°C to 15°C (benchmark)  . .   . .   . . 

  . .   . .   . . 

above 15°C x log sewers p.c.  0.0014 0.0016**   0.0023** 0.0026**   0.0008 0.0007 

  (0.0009) (0.0007)   (0.0010) (0.0011)   (0.0006) (0.0005) 

City-month FE Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Year-month FE Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Standard Controls Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Per-capita taxes No No Yes  No No Yes  No No Yes 

Observations 14505 14493 13464  14503 14491 13462  14503 14491 13462 

Note: Equation 2 is estimated by considering two public health interventions—piped water supply and sewers’ extension—separately (columns 1, 2, 5, 6, 8 and 9) and jointly (columns 3, 7 and 
10). The regressions include city-month and year-month fixed effects as well as demographic controls with information on the religious background of the population (percentage of 
Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and between 15 and 60). Weather station control variables are included too (measurement 
time, elevation and distance to the nearest station). Columns 3, 7 and 10 also include taxes per capita as a control. Standard errors, clustered at the city level, in parentheses; *p<0.10, 
**p<0.05, ***p<0.01. 

Sources: see table A.1. 
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Table C.6. The mitigating mortality impact of health care infrastructures at extreme temperatures, 1888-1913 

 CDR  IMR  non-inf CDR 

  (1) (2) (3)  (5) (6) (7)  (8) (9) (10) 

below 3°C x log beds p.c. -0.001*  -0.001  0.001  0.000  -0.001*  -0.001 

 (0.000)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001) 
3°C to 15°C (benchmark) . . .  . . .  . . . 

 . . .  . . .  . . . 
above 15°C x log beds p.c. -0.003**  -0.003**  -0.004*  -0.004*  -0.001  -0.001 

 (0.001)  (0.002)  (0.002)  (0.002)  (0.001)  (0.001) 

            
below 3°C x log doctors p.c.  -0.000 -0.000   0.001 0.000   -0.000 0.000 

  (0.000) (0.001)   (0.001) (0.001)   (0.000) (0.000) 
3°C to 15°C (benchmark)  . .   . .   . . 

  . .   . .   . . 
above 15°C x log doctors p.c.  -0.001 -0.000   -0.002 -0.001   -0.000 0.000 

  (0.001) (0.001)   (0.001) (0.001)   (0.000) (0.001) 

City-month FE Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Year-month FE Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Standard controls Yes Yes Yes  Yes Yes Yes  Yes Yes Yes 

Per-capita taxes No No Yes  No No Yes  No No Yes 

Observations 14441 14058 13125  14439 14056 13123  14439 14056 13123 

Note: Equation 2 is estimated by considering two health care interventions—beds and doctors per person—separately (columns 1, 2, 5, 6, 8 and 9) and jointly (columns 3, 7 and 10). The 
regressions include city-month and year-month fixed effects as well as demographic controls with information on the religious background of the population (percentage of Catholics 
and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and between 15 and 60). Weather station control variables are included too (measurement time, 
elevation and distance to the nearest station). Columns 3, 7 and 10 also include taxes per capita as a control. Standard errors, clustered at the city level, in parentheses; *p<0.10, 
**p<0.05, ***p<0.01. 

Sources: see table A.1. 
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6) Piped water quality depending on the source 

An additional issue concerns the importance of water quality in reducing mortality. Underground 
water is less prone to contamination and is therefore assumed to be healthier. Based on a waterworks 
survey cited in Gallardo-Albarrán (2024, pp. 570-571), I find that only seven out of 53 cities in my 
sample do not use groundwater exclusively. From these 7, some use a combination of underground 
and non-undeground water (Oberflächenwasser and Talsperrenwasser), the latter typically filtered. I 
use this information to examine whether the impact of log piped water p.c. varied depending on the 
water source in table C.7 below, though I find no evidence for this. 

 

Table C.7. The heterogeneous impact of piped water according to the water source (underground vs 
non-underground) 

 CDR IMR Non-infant CDR 

  Baseline Interaction Baseline Interaction Baseline Interaction 

3°C to 15°C (benchmark) .  .  .  
       
above 15°C x log piped water p.c. -0.0034***  -0.0016  -0.0021**  
 (0.0011)  (0.0016)  (0.0010)  
above 15°C x log piped water p.c. 
x underground  -0.0035***  -0.0020  -0.0021** 

  (0.0011)  (0.0015)  (0.0010) 
above 15°C x log piped water p.c. 
x non-underground  -0.0028**  0.0001  -0.0020* 

  (0.0012)  (0.0016)  (0.0011) 
above 15°C x log beds p.c. -0.0025* -0.0026* -0.0038* -0.0038* -0.0003 -0.0003 

 (0.0013) (0.0013) (0.0020) (0.0020) (0.0009) (0.0009) 
above 15°C x welfare centers -0.0001** -0.0001** -0.0002*** -0.0002*** -0.0001 -0.0001 

 (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) 

City-month FE Yes Yes Yes Yes Yes Yes 

Year-month FE Yes Yes Yes Yes Yes Yes 

Controls Yes Yes Yes Yes Yes Yes 

Observations 14181 14181 14179 14179 14179 14179 

Note: Equation 2 is estimated by adding the three public health interventions simultaneously. The regressions include city-
month and year-month fixed effects as well as demographic controls with information on the religious background of 
the population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, 
and between 15 and 60). Weather station control variables are included too (measurement time, elevation and 
distance to the nearest station). For each dependent variable, in the second column I present the estimation of two 
coefficients for log piped water p.c. depending on whether a waterworks drew water from underground or non-underground 
sources. Standard errors, clustered at the city level, in parentheses; *p<0.10, **p<0.05, ***p<0.01  

Source: see table A.1. 
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7) The political economy of public health interventions 

In section 5.3 I argue that public health interventions did not happen in response to variation in 
mortality due to impact of extreme temperatures. Table A.12 shows indeed that the temperature bins 
used in my analyses do not systematically predict change changes in health services. Since investment 
in health infrastructures from one year largely depends on dynamics in the previous year due to, for 
instance, municipal constraints, I consider both a one-year lag in panel A and a 5-year lag in panel B 
for annual temperature realizations to exert an impact. Regardless, there are no systematic patterns I 
could find. 

Instead, historical evidence on the political economy of sanitary infrastructures suggests different 
drivers. On sanitary services, and waterworks in particular, Gallardo-Albarrán (2025) surveys the 
historical literature and argues that construction costs and the incentives of local economic and 
political elites in charge of municipal spending decisions are paramount. Brown (1988) argues that 
median municipal income and the presence of industry matter more than health concerns. Similarly, 
Becker and Hornung (2021) argue that industrial elites pursued liberal policies in favor of 
infrastructural spending, in part because workers’ movements exerted pressure (Krieger, 2024). These 
arguments are in line with Gallardo-Albarrán (2020), who shows that waterworks construction dates 
do not correlate with mortality levels five years prior their establishment.  

Regarding the provision of healthcare, we should not expect a straight relationship between these and 
health outcomes. For instance, cities with clinical university institutions such as Hamburg or Kiel owe 
part of their healthcare capacity to these. Also, the combination of public, private and religious 
initiatives creates a complex picture of local interests that that are unlikely to perfectly correlate with 
health outcomes at times of extreme weather events. Finally, the expansion of the health insurance 
system and thus healthcare demand (a doctor visit was required to be eligible for insurance benefits) 
owed much to its nation-wide extension across industries, a shift away from voluntary funds by 
workers, and the increasing positive attitude of employers towards sickness funds (Bauernschuster, 
Driva, & Hornung, 2020).  

Finally, on infant welfare centers one could make the argument that they were more likely to be built 
after deadly heatwaves, since they often emphasized the benefits of breastfeeding and 
contemporaries were aware that breastfed children were had higher survival prospects. The results in 
figure B.7, however, show no evidence of pre-trends before the construction of these centers.  
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8) Regional heterogeneity in the temperature-mortality relationship 

Differences in the temperature-mortality relationship can reflect structural adaptation strategies. At 

high temperatures the literature has shown that access to air conditioning was key in reducing 

mortality (Barreca et al., 2016), but this technology was not available at the time. Migration away from 

cities to more temperate and healthy areas in the countryside could have been a viable strategy, but 

actually people were moving in the opposite direction at the time: from the countryside to urban 

centers. Sleeping outdoors or spending time in parks and cool areas during heatwaves as well as 

drinking tea or beer instead of contaminated water possibly contributed to mitigate the impact of 

extreme temperatures, but no systematic information exists on such habits. We do know that 

recommendations were made in this regard. For instance, in a popular booklet published in 1904 the 

Imperial Board of Health recommended (among others) storing food in places with an even 

temperature, adequate ventilation and avoiding wet clothes in winter, or applying cold bandages in 

cases of heat stroke (Kaiserliches Gesundheitsamt, 1904, pp. 101; 172-173). It is impossible to know 

the extent to which these ideas penetrated the German working classes and to study them properly 

one would also need to take into account that certain widespread habits did not lead to better health 

outcomes, such as keeping children in poorly ventilated hot kitchens where mothers could look over 

them. 

Besides drawing on qualitative evidence, we can look at the regional heterogeneity in the temperature-

mortality relationship to infer indirectly the impact of potential long-run adaptation strategies (Heutel, 

Miller, & Molitor, 2020, pp. 744-745). In particular, cold areas may be more resilient to the impact of 

low temperatures, while hotter regions may be more adapted to experiencing high temperatures. To 

examine this, I repeat the estimations in table 1 by splitting the sample into two groups, those with 

average temperatures below and above the median, and including the health infrastructure variables 

as controls. Table C.8 below shows that ‘hotter’ and ‘colder’ cities experienced similar temperature-

mortality gradients during warm periods, which suggests that the aggregate effect of potential 

unobserved adaptation strategies do not drive differences among them. During cold days, however, 

hotter cities were at a disadvantage. 

 

 

 

 

 

 



14 
 

Table C.8. Heterogeneity in the mortality-temperature relationship across colder and hotter cities, 
1888-1913 

 

    CDR IMR Non-infant CDR 

below 3°C Colder cities 0.002** 0.001 0.003*** 

  (0.001) (0.002) (0.001) 

 Hotter cities 0.004*** 0.001 0.005*** 

  (0.001) (0.001) (0.001) 

 perc. difference  57.26 -36.82 74.16 

 (p-value) 0.28 0.85 0.07 
3°C to 15°C (benchmark)  . . . 

  . . . 
above 15°C Colder cities 0.013*** 0.029*** 0.002 

  (0.001) (0.002) (0.001) 

 Hotter cities 0.012*** 0.029*** 0.001 

  (0.002) (0.002) (0.001) 

 perc. difference  -5.09 0.54 -20.39 

 (p-value) 0.76 0.95 0.77 

City-month FE   Yes Yes Yes 

Year-by-two-month FE  Yes Yes Yes 

Controls  Yes Yes Yes 

Observations   14201 14199 14199 

Note: Equation 1 is estimated by using different mortality variables. Two month cumulative dynamic estimates are reported 
for cities with temperatures below (colder) and above (hotter) the median. The dependent variables are crude death rates 
(column 1), infant mortality rate (column 2) and non-infant crude death rates (column 3).  The regressions include city-month 
and year-by-two-month fixed effects as well as demographic controls with information on the religious background of the 
population (percentage of Catholics and Jews) and age structure (share of inhabitants below 5, between 5 and 15, and 
between 15 and 60). Weather station control variables are included too (measurement time, elevation and distance to the 
nearest station). Lastly, the three public health interventions discussed in the text—piped water, beds per capita and infant 
welfare centers—are added as controls too. Standard errors, clustered at the city level, in parentheses; *p<0.10, **p<0.05, 
***p<0.01 .  

Source: see table A.1. 
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Appendix D 

Table D.1. Full regression output underlying figure 4 

  CDR IMR Non-infant CDR 
bin 0 (one lag) 0.011*** 0.005 0.011*** 

 (0.003) (0.007) (0.003) 
bin 1 (one lag) 0.008*** 0.004 0.009*** 

 (0.003) (0.004) (0.003) 
bin 2 (one lag) 0.006** -0.005 0.009*** 

 (0.002) (0.004) (0.002) 
bin 3 (one lag) 0.004** 0.000 0.006*** 

 (0.002) (0.003) (0.002) 
bin 4 (one lag) 0.000 -0.002 0.001 

 (0.001) (0.002) (0.001) 
bin 5 (one lag) 0.000 0.000 0.000 

 (.) (.) (.) 
bin 6 (one lag) 0.003* 0.010*** -0.001 

 (0.002) (0.004) (0.001) 
bin 7 (one lag) 0.010*** 0.024*** 0.003 

 (0.003) (0.005) (0.002) 
bin 8 (one lag) 0.016** 0.040*** 0.000 

 (0.007) (0.011) (0.006) 
bin 0 (first. diff.) 0.004** 0.002 0.005** 

 (0.002) (0.003) (0.002) 
bin 1 (first. diff.) 0.003 -0.000 0.004 

 (0.002) (0.003) (0.002) 
bin 2 (first. diff.) 0.002 -0.004 0.005*** 

 (0.002) (0.002) (0.002) 
bin 3 (first. diff.) 0.002 -0.000 0.003** 

 (0.001) (0.002) (0.001) 
bin 4 (first. diff.) -0.000 -0.002 0.000 

 (0.001) (0.001) (0.001) 
bin 5 (first. diff.) 0.000 0.000 0.000 

 (.) (.) (.) 
bin 6 (first. diff.) 0.002** 0.006*** -0.001 

 (0.001) (0.002) (0.001) 
bin 7 (first. diff.) 0.008*** 0.016*** 0.003** 

 (0.002) (0.003) (0.001) 
bin 8 (first. diff.) 0.018*** 0.034*** 0.005 

 (0.004) (0.006) (0.003) 
share Catholics 0.000 0.001 -0.002 

 (0.004) (0.005) (0.004) 
share Jews -0.012 -0.025 0.002 

 (0.009) (0.015) (0.008) 
share below 5 0.019* 0.007 -0.014 

 (0.010) (0.015) (0.010) 
share between 5 and 15 -0.040*** -0.003 -0.045*** 

 (0.011) (0.009) (0.012) 
share between 15 and 60 -0.015* 0.006 -0.030*** 

 (0.008) (0.008) (0.009) 
measurement time 0.007 -0.011 0.018 

 (0.019) (0.022) (0.017) 
w. station elevation 0.000 -0.000 0.000 

 (0.000) (0.000) (0.000) 
distance to closest w. station -0.000 -0.000 -0.000 

 (0.000) (0.000) (0.000) 
Constant 1.903** 4.762*** 2.926*** 

 (0.816) (0.818) (0.935) 
City-month FE Yes Yes Yes 
Year-month FE Yes Yes Yes 
R-squared 0.778 0.764 0.702 
Observations 15762 15758 15758 

Note: see notes of figure 4. Bins 0 to 8 refer to the following temperature ranges: below -10°C, -10°C– -5°C, -5°C–0°C, 0°C–
5°C, 5°C–10°C, 10°C–15°C, 15°C–20°C, 20°C–25°C and above 25°C 

  



Table D.2. Full regression output underlying figure 5 

  CDR IMR Non-infant CDR 
share Catholics -0.000 0.001 -0.002  (0.004) (0.005) (0.004) 
share Jews -0.012 -0.025 0.002 

 (0.009) (0.015) (0.008) 
share below 5 0.019* 0.007 -0.014 

 (0.010) (0.015) (0.010) 
share between 5 and 15 -0.041*** -0.003 -0.045*** 

 (0.011) (0.009) (0.012) 
share between 15 and 60 -0.015* 0.006 -0.030*** 

 (0.008) (0.008) (0.009) 
measurement time 0.008 -0.010 0.018 

 (0.019) (0.022) (0.016) 
w. station elevation 0.000 -0.000 0.000 

 (0.000) (0.000) (0.000) 
distance to closest w. station -0.000 -0.000 -0.000 

 (0.000) (0.000) (0.000) 
bin 0 (one lead) 0.005*** 0.002 0.006*** 

 (0.002) (0.003) (0.002) 
bin 1 (one lead) 0.001 -0.004 0.003* 

 (0.002) (0.003) (0.002) 
bin 2 (one lead) 0.001 -0.004* 0.003** 

 (0.001) (0.002) (0.001) 
bin 3 (one lead) 0.001 -0.002 0.002* 

 (0.001) (0.002) (0.001) 
bin 4 (one lead) -0.001 -0.001 0.000 

 (0.001) (0.001) (0.001) 
bin 5 (one lead) 0.000 0.000 0.000 

 (.) (.) (.) 
bin 6 (one lead) -0.001 -0.001 -0.000 

 (0.001) (0.002) (0.001) 
bin 7 (one lead) -0.003* -0.007** -0.001 

 (0.001) (0.003) (0.001) 
bin 8 (one lead) 0.003 0.001 0.005* 

 (0.003) (0.006) (0.003) 
bin 0 0.003* 0.002 0.003 

 (0.002) (0.003) (0.002) 
bin 1 0.002 0.000 0.003 

 (0.002) (0.003) (0.002) 
bin 2 0.002 -0.003 0.004*** 

 (0.001) (0.002) (0.001) 
bin 3 0.002 -0.000 0.002** 

 (0.001) (0.002) (0.001) 
bin 4 -0.000 -0.002 0.000 

 (0.001) (0.001) (0.001) 
bin 5 0.000 0.000 0.000 

 (.) (.) (.) 
bin 6 0.002*** 0.007*** -0.001 

 (0.001) (0.002) (0.001) 
bin 7 0.009*** 0.018*** 0.003** 

 (0.001) (0.002) (0.001) 
bin 8 0.019*** 0.037*** 0.005 

 (0.004) (0.005) (0.003) 
bin 0 (one lag) 0.007*** 0.003 0.006*** 

 (0.002) (0.004) (0.002) 
bin 1 (one lag) 0.006*** 0.004 0.005*** 

 (0.002) (0.003) (0.002) 
bin 2 (one lag) 0.003*** -0.002 0.005*** 

 (0.001) (0.002) (0.001) 
bin 3 (one lag) 0.002** -0.000 0.003*** 

 (0.001) (0.002) (0.001) 
bin 4 (one lag) 0.001 -0.001 0.001 

 (0.001) (0.001) (0.001) 
bin 5 (one lag) 0.000 0.000 0.000 

 (.) (.) (.) 
bin 6 (one lag) 0.001 0.005** -0.001 

 (0.001) (0.002) (0.001) 
bin 7 (one lag) 0.002 0.008** 0.000 

 (0.002) (0.003) (0.001) 
bin 8 (one lag) -0.002 0.006 -0.004 

 (0.004) (0.007) (0.003) 
Constant 1.915** 4.819*** 2.920*** 

 (0.820) (0.821) (0.933) 
City-month FE Yes Yes Yes 
Year-month FE Yes Yes Yes 
R-squared 0.777 0.764 0.703 
Observations 15661 15657 15657 

Note: see notes of figure 5. Bins 0 to 8 refer to the following temperature ranges: below -10°C, -10°C– -5°C, -5°C–0°C, 0°C–5°C, 5°C–10°C, 
10°C–15°C, 15°C–20°C, 20°C–25°C and above 25°C 

 



Table D.3. Full regression output underlying figure 6 

  CDR IMR Non-infant CDR 

bin 0 (one lag) pre 1905 0.004*** 0.000 0.005*** 
 (0.001) (0.001) (0.001) 

bin 0 (one lag) post 1905 0.004*** 0.000 0.005*** 
 (0.001) (0.002) (0.001) 

bin 1 (one lag) 0.000 0.000 0.000 
 (.) (.) (.) 

bin 2 (one lag) pre 1905 0.011*** 0.025*** 0.002 
 (0.002) (0.004) (0.001) 

bin 2 (one lag) post 1905 0.009*** 0.018*** 0.003*** 
 (0.002) (0.003) (0.001) 

bin 0 (first difference) pre 1905 0.002*** -0.000 0.003*** 
 (0.000) (0.001) (0.000) 

bin 0 (first difference) post 1905 0.002*** 0.000 0.002*** 
 (0.001) (0.001) (0.001) 

bin 1 (first difference) 0.000 0.000 0.000 
 (.) (.) (.) 

bin 2 (first difference) pre 1905 0.007*** 0.016*** 0.001* 
 (0.001) (0.002) (0.001) 

bin 2 (first difference) post 1905 0.005*** 0.011*** 0.001** 
 (0.001) (0.001) (0.001) 

share Catholics 0.000 0.001 -0.001 
 (0.004) (0.005) (0.004) 

share Jews -0.011 -0.025 0.002 
 (0.009) (0.015) (0.008) 

share below 5 0.018* 0.005 -0.015 
 (0.010) (0.015) (0.010) 

share between 5 and 15 -0.040*** -0.003 -0.045*** 
 (0.011) (0.009) (0.012) 

share between 15 and 60 -0.016* 0.005 -0.030*** 
 (0.008) (0.008) (0.009) 

measurement time 0.007 -0.011 0.017 
 (0.019) (0.022) (0.017) 

w. station elevation 0.000 -0.000 0.000 
 (0.000) (0.000) (0.000) 

distance to closest w. station -0.000 -0.000 -0.000 
 (0.000) (0.000) (0.000) 

Constant 1.931** 4.750*** 2.947*** 
 (0.823) (0.811) (0.928) 

City-month FE Yes Yes Yes 

Year-by-two-month FE Yes Yes Yes 

R-squared 0.756 0.744 0.684 

Observations 15762 15758 15758 

Note: see notes of figure 6. Bins 0 to 2 refer to the following temperature ranges: below 3°C, 3°C– 15°C and above 15°C. Pre- and post-1905 
coefficients have been obtained by interacting each temperature bin with a variable that turns one for the pre-1905 period and 2 for the 
post-1905 one. 

  



Table D.4. Full regression output underlying figure 7 

  CDR IMR Non-infant CDR 

bin 0 0.001 0.000 -0.001 -0.000 0.001 0.001 
 (0.005) (0.005) (0.008) (0.008) (0.005) (0.005) 

bin 1 0.000 0.000 0.000 0.000 0.000 0.000 
 (.) (.) (.) (.) (.) (.) 

bin 2 0.003 0.003 -0.005 -0.005 0.008* 0.007* 
 (0.007) (0.007) (0.012) (0.012) (0.004) (0.004) 

bin 3 0.006 0.005 0.013 0.007 -0.001 -0.000 
 (0.012) (0.012) (0.016) (0.016) (0.011) (0.011) 

bin 4 0.024 0.034 0.022 0.048 0.031 0.023 
 (0.025) (0.028) (0.050) (0.059) (0.032) (0.033) 

bin 0 x log piped water p.c. -0.000 0.000 0.001 0.001 -0.000 -0.000 
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

bin 1 x log piped water p.c. 0.000 0.000 0.000 0.000 0.000 0.000 
 (.) (.) (.) (.) (.) (.) 

bin 2 x log piped water p.c. -0.003*** -0.003*** -0.001 -0.001 -0.002*** -0.002*** 
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

bin 3 x log piped water p.c. -0.002* -0.002* -0.001 -0.001 -0.000 -0.000 
 (0.001) (0.001) (0.002) (0.002) (0.001) (0.001) 

bin 4 x log piped water p.c. -0.008 -0.012* -0.012 -0.020* -0.003 -0.004 
 (0.006) (0.007) (0.010) (0.012) (0.005) (0.005) 

bin 0 x log beds p.c. -0.000 -0.000 0.001 0.000 -0.000 -0.000 
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

bin 1 x log beds p.c. 0.000 0.000 0.000 0.000 0.000 0.000 
 (.) (.) (.) (.) (.) (.) 

bin 2 x log beds p.c. -0.002* -0.002** -0.003* -0.004** 0.000 -0.000 
 (0.001) (0.001) (0.002) (0.002) (0.001) (0.001) 

bin 3 x log beds p.c. -0.003 -0.003 -0.003 -0.004 -0.001 -0.001 
 (0.002) (0.002) (0.003) (0.003) (0.002) (0.002) 

bin 4 x log beds p.c. -0.005 -0.005 -0.012* -0.011 0.003 0.000 
 (0.005) (0.005) (0.007) (0.009) (0.005) (0.005) 

bin 0 x infant welfare centers 0.000* 0.000 0.000 -0.000 0.000* 0.000 
 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

bin 1 x infant welfare centers 0.000 0.000 0.000 0.000 0.000 0.000 
 (.) (.) (.) (.) (.) (.) 

bin 2 x infant welfare centers -0.000 -0.000*** -0.000 -0.000*** -0.000 -0.000 
 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

bin 3 x infant welfare centers -0.000 -0.000* -0.000 -0.001** -0.000 -0.000 
 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

bin 4 x infant welfare centers 0.000 -0.001 0.000 -0.001 0.000 -0.000 
 (0.001) (0.001) (0.001) (0.002) (0.000) (0.000) 

share Catholics 0.002 0.002 0.005 0.005 -0.001 -0.001 
 (0.003) (0.003) (0.005) (0.005) (0.004) (0.004) 

share Jews -0.012 -0.011 -0.018 -0.018 -0.004 -0.004 
 (0.010) (0.010) (0.015) (0.015) (0.009) (0.009) 

share below 5 0.019 0.019 0.017 0.017 -0.027* -0.027* 
 (0.017) (0.017) (0.021) (0.021) (0.014) (0.014) 

share between 5 and 15 -0.046*** -0.046*** -0.001 -0.001 -0.058*** -0.058*** 
 (0.013) (0.013) (0.013) (0.013) (0.014) (0.014) 

share between 15 and 60 -0.018 -0.018 0.013 0.013 -0.041*** -0.041*** 
 (0.012) (0.012) (0.011) (0.011) (0.012) (0.012) 

measurement time -0.002 -0.002 -0.013 -0.013 0.017 0.017 
 (0.019) (0.019) (0.022) (0.022) (0.017) (0.016) 

w. station elevation -0.000 -0.000 -0.000 -0.000 0.000 0.000 
 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

distance to closest w. station -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 
 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

log piped water p.c. 0.051* 0.052* -0.035 -0.032 0.073** 0.073** 
 (0.029) (0.029) (0.036) (0.036) (0.029) (0.029) 

log beds p.c. 0.042** 0.046** 0.033 0.037* 0.043** 0.045** 
 (0.019) (0.019) (0.021) (0.021) (0.018) (0.018) 

infant welfare centers -0.001 -0.001 -0.002 -0.002 0.001 0.001 
 (0.001) (0.001) (0.002) (0.002) (0.001) (0.001) 

Constant 2.203* 2.210* 4.297*** 4.298*** 4.000*** 4.011*** 
 (1.138) (1.135) (1.189) (1.185) (1.166) (1.160) 

City-month FE Yes Yes Yes Yes Yes Yes 
Year-month FE Yes No Yes No Yes No 
Year-by-two-month FE No Yes No Yes No Yes 
R-squared 0.788 0.769 0.775 0.757 0.712 0.695 
Observations 14280 14280 14278 14278 14278 14278 

 Note: see notes of figure 7. Bins 0 to 4 refer to the following temperature ranges: below 0°C, 0°C– 15°C,  15°C– 20°C, 20°C– 25°C and above 25°C. 

  



Table D.5. Full regression output underlying table 1 

  CDR IMR Non-infant CDR 
share Catholics 0.000 0.001 0.000 0.001 0.001 0.001 -0.001 -0.001 -0.001 

 (0.004) (0.004) (0.004) (0.005) (0.005) (0.005) (0.004) (0.004) (0.004) 
share Jews -0.012 -0.012 -0.012 -0.025 -0.027* -0.026* 0.002 0.002 0.002 

 (0.009) (0.009) (0.009) (0.015) (0.015) (0.015) (0.008) (0.008) (0.008) 
share below 5 0.019* 0.018* 0.019* 0.008 0.008 0.008 -0.014 -0.015 -0.015 

 (0.010) (0.010) (0.010) (0.015) (0.015) (0.015) (0.010) (0.010) (0.010) 
share between 5 and 15 -0.041*** -0.041*** -0.041*** -0.003 -0.003 -0.003 -0.046*** -0.046*** -0.046*** 

 (0.011) (0.011) (0.011) (0.009) (0.009) (0.009) (0.012) (0.012) (0.013) 
share between 15 and 60 -0.015* -0.016* -0.016* 0.007 0.007 0.007 -0.030*** -0.031*** -0.031*** 

 (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.009) (0.009) (0.009) 
measurement time 0.008 0.009 0.009 -0.009 -0.007 -0.009 0.018 0.020 0.021 

 (0.019) (0.021) (0.021) (0.021) (0.024) (0.023) (0.017) (0.019) (0.019) 
w. station elevation 0.000 0.000 0.000 -0.000 -0.000 -0.000 0.000 0.000 0.000 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
distance to closest w. station -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
bin 0 mean (one lag) 0.003***   -0.000   0.005***   

 (0.001)   (0.002)   (0.001)   
bin 1 mean (one lag) 0.000   0.000   0.000   

 (.)   (.)   (.)   
bin 2 mean (one lag) 0.005***   0.014***   -0.001   

 (0.002)   (0.004)   (0.001)   
bin 0 mean (first. diff.) 0.002**   -0.000   0.002***   

 (0.001)   (0.001)   (0.001)   
bin 1 mean (first. diff.) 0.000   0.000   0.000   

 (.)   (.)   (.)   
bin 2 mean (first. diff.) 0.003***   0.007***   -0.000   

 (0.001)   (0.002)   (0.001)   
bin 0 max (one lag)  0.001   -0.001   0.002  

  (0.001)   (0.002)   (0.001)  

bin 1 max (one lag)  0.000   0.000   0.000  
  (.)   (.)   (.)  

bin 2 max (one lag)  0.007***   0.015***   0.002  
  (0.002)   (0.003)   (0.001)  

bin 0 max (first. diff.)  -0.000   -0.001   0.000  
  (0.001)   (0.001)   (0.001)  

bin 1 max (first. diff.)  0.000   0.000   0.000  
  (.)   (.)   (.)  

bin 2 max (first. diff.)  0.005***   0.010***   0.002  
  (0.001)   (0.002)   (0.001)  

bin 0 min (one lag)   0.003**   -0.001   0.004*** 
   (0.001)   (0.002)   (0.001) 

bin 1 min (one lag)   0.000   0.000   0.000 
   (.)   (.)   (.) 

bin 2 min (one lag)   0.004**   0.013***   -0.000 
   (0.002)   (0.003)   (0.001) 

bin 0 min (first. diff.)   0.001   -0.001   0.002** 
   (0.001)   (0.001)   (0.001) 

bin 1 min (first. diff.)   0.000   0.000   0.000 
   (.)   (.)   (.) 

bin 2 min (first. diff.)   0.003***   0.008***   0.001 
   (0.001)   (0.002)   (0.001) 

Constant 1.921** 1.965** 1.980** 4.709*** 4.724*** 4.748*** 2.970*** 3.029*** 3.036*** 
 (0.822) (0.809) (0.822) (0.812) (0.810) (0.803) (0.936) (0.940) (0.945) 

City-month FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Year-month FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 
R-squared 0.776 0.776 0.776 0.762 0.762 0.762 0.701 0.700 0.700 
Observations 15762 15638 15638 15758 15634 15634 15758 15634 15634 

Note: see notes of table 1. Temperature ranges for the mean temperature bins are: below 3°C, 3°C– 15°C and above 15°C. For maximum 
temperatures: below 1.5°C, 1.5°C– 24°C and above 24°C. For minimum temperatures: below -3.5°C, -3.5°C– 13.5°C and above 13.5°C. 

  



Table D.6. Full regression output underlying table 2 

  CDR IMR Non-infant CDR 
bin 0 (one lag) -0.0016 -0.0034 0.0000 

 (0.0047) (0.0064) (0.0048) 
bin 1 (one lag) 0.0000 0.0000 0.0000 

 (.) (.) (.) 
bin 2 (one lag) 0.0053 0.0049 0.0055 

 (0.0076) (0.0129) (0.0058) 
bin 0 (first. diff.) -0.0027 -0.0010 -0.0031 

 (0.0037) (0.0069) (0.0031) 
bin 1 (first. diff.) 0.0000 0.0000 0.0000 

 (.) (.) (.) 
bin 2 (first. diff.) 0.0062 0.0042 0.0054 

 (0.0052) (0.0086) (0.0040) 
bin 0 (one lag) x log piped water p.c. 0.0003 0.0017 0.0000 

 (0.0007) (0.0012) (0.0006) 
bin 2 (one lag) x log piped water p.c. -0.0034*** -0.0016 -0.0021** 

 (0.0011) (0.0016) (0.0010) 
bin 0 (first diff.) x log piped water p.c. 0.0000 0.0005 -0.0000 

 (0.0004) (0.0007) (0.0004) 
bin 2 (first diff.) x log piped water p.c. -0.0023*** -0.0008 -0.0018*** 

 (0.0006) (0.0009) (0.0006) 
bin 0 (one lag) x log beds p.c. -0.0005 0.0007 -0.0006 

 (0.0006) (0.0008) (0.0006) 
bin 2 (one lag) x log beds p.c. -0.0025* -0.0038* -0.0003 

 (0.0013) (0.0020) (0.0009) 
bin 0 (first diff.) x log beds p.c. -0.0007 0.0003 -0.0009** 

 (0.0006) (0.0012) (0.0004) 
bin 2 (first diff.) x log beds p.c. -0.0010 -0.0017 -0.0001 

 (0.0009) (0.0015) (0.0006) 
bin 0 (one lag) x infant welfare centers 0.0001* 0.0000 0.0001* 

 (0.0001) (0.0001) (0.0001) 
bin 2 (one lag) x infant welfare centers -0.0001** -0.0002*** -0.0001 

 (0.0001) (0.0001) (0.0001) 
bin 0 (first diff.) x infant welfare centers 0.0000 0.0000 0.0001 

 (0.0000) (0.0000) (0.0000) 
bin 2 (first diff.) x infant welfare centers -0.0000 -0.0001** 0.0000 

 (0.0000) (0.0001) (0.0000) 
share Catholics 0.0020 0.0052 -0.0006 

 (0.0035) (0.0050) (0.0042) 
share Jews -0.0115 -0.0179 -0.0039 

 (0.0104) (0.0150) (0.0094) 
share below 5 0.0191 0.0176 -0.0262* 

 (0.0167) (0.0207) (0.0139) 
share between 5 and 15 -0.0458*** -0.0019 -0.0573*** 

 (0.0134) (0.0133) (0.0145) 
share between 15 and 60 -0.0172 0.0135 -0.0399*** 

 (0.0118) (0.0110) (0.0121) 
measurement time -0.0014 -0.0115 0.0167 

 (0.0192) (0.0220) (0.0165) 
w. station elevation -0.0000 -0.0002 0.0001 

 (0.0002) (0.0004) (0.0002) 
distance to closest w. station -0.0001 -0.0005 -0.0003 

 (0.0002) (0.0003) (0.0002) 
log piped water p.c. 0.0577* -0.0416 0.0769** 

 (0.0308) (0.0383) (0.0304) 
log beds p.c. 0.0498** 0.0324 0.0468** 

 (0.0206) (0.0235) (0.0200) 
infant welfare centers -0.0011 -0.0019 0.0003 

 (0.0014) (0.0016) (0.0012) 
Constant 2.1303* 4.2754*** 3.9138*** 

 (1.1539) (1.2047) (1.1729) 
City-month FE Yes Yes Yes 
Year-month FE Yes Yes Yes 
R-squared 0.787 0.774 0.711 
Observations 14181 14179 14179 

Note: see notes of table 2. Bins 0 to 2 refer to the following temperature ranges: below 3°C, 3°C– 15°C and above 15°C. 

  



Table D.7. Full regression output underlying table 3 

  Dig. Diseases Resp. Diseases 

bin 0 (one lag) -0.0032 0.0020 
 (0.0035) (0.0040) 

bin 1 (one lag) 0.0000 0.0000 
 (.) (.) 

bin 2 (one lag) 0.0006 0.0033 
 (0.0094) (0.0029) 

bin 0 (first. diff.) -0.0011 -0.0050 
 (0.0024) (0.0038) 

bin 1 (first. diff.) 0.0000 0.0000 
 (.) (.) 

bin 2 (first. diff.) 0.0011 0.0057** 
 (0.0066) (0.0024) 

bin 0 (one lag) x log piped water p.c. 0.0002 -0.0003 
 (0.0005) (0.0006) 

bin 2 (one lag) x log piped water p.c. -0.0025* -0.0014*** 
 (0.0014) (0.0005) 

bin 0 (first diff.) x log piped water p.c. 0.0000 -0.0001 
 (0.0004) (0.0005) 

bin 2 (first diff.) x log piped water p.c. -0.0010 -0.0012*** 
 (0.0009) (0.0003) 

bin 0 (one lag) x log beds p.c. -0.0004 -0.0001 
 (0.0004) (0.0005) 

bin 2 (one lag) x log beds p.c. -0.0035** -0.0004 
 (0.0017) (0.0005) 

bin 0 (first diff.) x log beds p.c. -0.0001 -0.0012* 
 (0.0003) (0.0006) 

bin 2 (first diff.) x log beds p.c. -0.0015 0.0002 
 (0.0012) (0.0004) 

bin 0 (one lag) x infant welfare centers -0.0000 0.0001 
 (0.0000) (0.0001) 

bin 2 (one lag) x infant welfare centers -0.0002** -0.0000 
 (0.0001) (0.0000) 

bin 0 (first diff.) x infant welfare centers -0.0000 0.0000 
 (0.0000) (0.0000) 

bin 2 (first diff.) x infant welfare centers -0.0000 0.0000 
 (0.0001) (0.0000) 

share Catholics 0.0068** 0.0023 
 (0.0031) (0.0037) 

share Jews -0.0145** 0.0093 
 (0.0055) (0.0067) 

share below 5 0.0291*** 0.0027 
 (0.0103) (0.0111) 

share between 5 and 15 0.0044 -0.0221** 
 (0.0069) (0.0101) 

share between 15 and 60 0.0174** -0.0138 
 (0.0070) (0.0089) 

measurement time -0.0147 0.0110 
 (0.0216) (0.0131) 

w. station elevation 0.0004 -0.0002 
 (0.0003) (0.0002) 

distance to closest w. station -0.0001 0.0000 
 (0.0003) (0.0002) 

log piped water p.c. 0.0017 0.0501** 
 (0.0176) (0.0234) 

log beds p.c. 0.0146 0.0183 
 (0.0126) (0.0122) 

infant welfare centers -0.0004 0.0010 
 (0.0010) (0.0009) 

Constant -1.5412** 1.5340* 
 (0.7010) (0.8547) 

City-month FE Yes Yes 
Year-month FE Yes Yes 
R-squared 0.800 0.705 
Observations 14169 14180 

 Note: see notes of table 3. Bins 0 to 2 refer to the following temperature ranges: below 3°C, 3°C– 15°C and above 15°C. 

 



Table D.8. Full regression output underlying table 4 

 Infant Mortality Rates in: 

  Jan Feb March Apr May June July Aug Sept Oct Nov Dec 

infant welfare centers -0.010 0.003 0.006 -0.005 0.003 -0.008 -0.070* -0.015 -0.037 -0.032 0.030 0.010 

 (0.032) (0.033) (0.029) (0.026) (0.028) (0.028) (0.040) (0.044) (0.037) (0.039) (0.031) (0.031) 

share Catholics 0.010* 0.009 0.005 0.006 -0.005 0.003 -0.005 -0.017 0.001 0.009 -0.004 0.001 

 (0.005) (0.007) (0.005) (0.006) (0.007) (0.009) (0.010) (0.010) (0.008) (0.006) (0.006) (0.005) 

share Jews -0.001 -0.008 0.016 -0.007 -0.022 -0.027 -0.055* -0.059** -0.056** -0.031* -0.024 -0.030** 

 (0.012) (0.012) (0.017) (0.013) (0.021) (0.026) (0.029) (0.025) (0.021) (0.016) (0.016) (0.012) 

share below 5 0.007 -0.002 0.001 -0.035*** 0.001 0.013 0.076*** 0.048** -0.002 0.004 -0.010 0.006 

 (0.018) (0.019) (0.026) (0.012) (0.020) (0.017) (0.025) (0.022) (0.017) (0.023) (0.012) (0.012) 

share between 5 and 15 0.008 0.011 0.002 -0.016 0.013 -0.044** -0.013 0.001 -0.001 -0.013 -0.017 0.008 

 (0.014) (0.019) (0.015) (0.013) (0.014) (0.021) (0.024) (0.025) (0.018) (0.014) (0.011) (0.013) 

share between 15 and 60 0.007 0.010 0.007 -0.017 0.009 -0.006 0.031 0.016 -0.002 0.001 -0.005 0.013 

 (0.011) (0.016) (0.013) (0.010) (0.011) (0.013) (0.020) (0.020) (0.013) (0.012) (0.008) (0.009) 

measurement time -0.056** 0.024 -0.007 -0.053* 0.011 0.026 -0.010 -0.009 -0.010 -0.002 0.017 0.003 

 (0.027) (0.029) (0.026) (0.028) (0.029) (0.037) (0.045) (0.046) (0.035) (0.030) (0.026) (0.026) 

w. station elevation 0.000 -0.001 -0.000 -0.000 0.000 0.000 0.000 0.000 0.000* 0.001** 0.000 -0.001 

 (0.000) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) 

distance to closest w. station -0.000 -0.000 -0.000 -0.000 -0.000 -0.001 -0.000 -0.001** -0.000 -0.000 0.000 -0.000 

 (0.000) (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Constant 4.083*** 4.044*** 4.488*** 6.731*** 4.463*** 6.239*** 3.265 4.889** 5.609*** 4.924*** 5.790*** 4.076*** 

 (1.104) (1.505) (1.395) (1.036) (1.164) (1.436) (2.002) (1.974) (1.268) (1.220) (0.794) (0.913) 

City FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R-squared 0.537 0.549 0.613 0.612 0.629 0.711 0.791 0.736 0.697 0.594 0.556 0.516 

Observations 1351 1349 1351 1349 1352 1351 1351 1352 1351 1351 1349 1352 

Note: see notes of table 4. Results with the estimators by Callaway and Sant’Anna (2021) and Sun and Abraham (2021) are not reported because table 4 and figure B.8 provide all coefficients and no other variables were used in 
those regressions. 
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