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Noise is considered the second factor after air pollution to impact citizens' health and well-being in densely populated urban areas, as it takes a heavy toll on the health of the circulatory and nervous systems. Traditionally, research on urban noise was conducted through surveys with a limited temporal and spatial coverage, and focused on a subset of the wide spectrum of sounds sources present in an urban environment. To overcome these limitations, we use geo-referenced social media images from Flickr to characterize the soundscape of London at scale. We build a model that uses socioeconomic variables, official noise exposure levels, and the soundscape estimated from social media to predict at area level the prevalence of hypertension—a cardiovascular condition that is widely studied in connection to high noise exposure. We consistently observe that socioeconomic variables, such as age, gender, and income, play an important role in explaining hypertension rates. Official noise exposure levels add a relatively limited contribution in predicting the health outcome. On the contrary, the social media soundscape information considerably improves the model performance. This result speaks to the value of integrating social media data into strategic noise maps for enhancing their predictive power; it also hints at the fact that the presence (or absence) of specific types of sounds might be a better indicator of hypertension prevalence than noise levels themselves.
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INTRODUCTION

More than two-thirds of the world's population will live in cities by 2050 (United Nations, 2018). A significant portion of the population shift is directed to large metropolitan hubs in the global economic market, as they provide greater opportunities to their citizens for professional and social development (Sassen, 1991). Population growth is bringing key challenges to policy makers. For example, the rise in rental prices, partly due to the proliferation of short-term rentals (Wachsmuth and Weisler, 2018; Urquiaga et al., 2020) and the increasing cost of living in city centers (Andersson and Turner, 2014; Florida, 2017) have accelerated the process of gentrification. Over the years, the need of long-range commute within the city and the increased number of private vehicles on the streets heavily interfered with the implementation of effective policies for a better spatial organization of our cities and in the deployment of effective road infrastructures and public transportation services (Wallsten, 2015; Barthelemy, 2016). Consequently, traffic congestion and the increase in the environmental pollution have become one of the most important challenges for politicians and planners due to its connection to quality of life and health outcomes.

Noise is considered the second threat after air pollution that most affects our health and well-being in densely populated urban areas (European Environment Agency, 2014). Noise pollution is a health hazard that is connected to the circulatory and nervous systems. Cross-sectional studies based on surveys conducted on population samples in different cities around the world have shown a possible association between noise exposure and the prevalence of hypertension (Leon Bluhm et al., 2007; Belojević et al., 2008; Barregard et al., 2009; Bodin et al., 2009; Dratva et al., 2011). However, cross-sectional research is known to have some limitations. One of them is the low number of participants in the studies, which makes it difficult to show the effects of noise on population health (Stansfeld et al., 2011). Additionally, many of the studies use subjective measures, such as self-reported noise levels, which are not always aligned with objective noise measurements for cardiovascular diseases (Schmit and Lorant, 2009; Mosca et al., 2013). These reasons, together with other research biases, might be the reason why there are differences in the results of the studies of urban noise on people's health (Sørensen et al., 2011; Van Kempen et al., 2018).

The impact of noise on health has led to the development of laws and regulations to control and reduce its presence. In 1996, the European Union (EU) published the Green Paper (European Parliament, 1996), a document containing policy proposals on how to mitigate the unwanted effects on noise in European cities. This document was the basis for the Environmental Noise Directive (END), which was adopted in 2002 as the general regulation for environmental noise management in Europe (European Parliament, 2002). The END defines a general framework to produce noise maps by adopting two noise indicators: night-time noise level (Lnight), which is the average sound pressure level during the night hours within the year, and day-evening-night noise level (Lden), which represents the average overall sound pressure level within the year. The current directive considers four main sources: industrial, aircraft, railway, and road traffic noise. The effect of these sources on population has been previously studied; however, there are a multitude of alternative sounds related to recreational activities that can be potentially linked to positive (Aletta et al., 2018) or negative (Asensio et al., 2018; Ottoz et al., 2018) effects on citizens well-being. The World Health Organization has recently published for the first time a document that provides guidelines to reduce the effect of leisure noise on citizens (World Health Organization, 2018).

Traditionally, research related to noise attitudes in cities was conducted through face-to-face surveys, in which citizens were asked about the presence of specific noise sources. Technological progress has made it possible to develop tools that facilitate this task, whether through online surveys (Silva et al., 2017) or large-scale crowdsourcing systems that allow noise levels to be measured and include questionnaires to characterize urban sounds (Radicchi, 2017). Advances in sound pattern recognition through deep neural networks and their incorporation into low-cost instrumentation have also enabled the detection of urban sounds through urban noise monitoring networks (Bello et al., 2019; Mydlarz et al., 2019). Additionally, with the widespread adoption of the Internet and social media, digital data has became a valuable source to characterize cities and to quantify their environmental dimension. By using geo-located picture tags from social media, Aiello et al. proposed a new methodology to capture the sensory layers of cities. By using social media data from 12 major cities around the world, they showed that it is possible to characterize at scale the smellscape (Quercia et al., 2015) and the soundscape (Aiello et al., 2016) of cities—namely the distribution of the typical categories of smells and sounds that a person would be likely to perceive in a given area. By capturing both pleasant and unpleasant perceptions, their approach expanded the negative perspective on sound and smell that was at the time predominant in urban planning, especially by contributing with knowledge that could lead to new approaches in the domain of noise and sound monitoring.

More recently, researchers have resorted to social media to detect and monitor urban phenomena. Gasco et al. proposed and developed a methodology to detect and classify noise complaints from Twitter by analyzing features from text, and they were able to measure the impact of events in cities in terms of noise perception (Gasco et al., 2017, 2019). Lorente et al. used location data from Online Social Networks to analyze how masses of people move during large events in cities (Lorente-Riverola and Ruiz-Sánchez, 2018).

Overall, research in this area has shown that one can use social media to model effectively the pulse of the urban life at a scale and granularity that would be hard to achieve with traditional methods. The contribution of this study is to assess the value of social media data in predicting hypertension rates in addition to traditional data sources of noise exposure and socio-economic factors. In contrast to cross-sectional studies, mostly based on surveys and small scale samples, we analyzed the whole territory of Greater London at the level of about one thousand census areas. We find that official noise exposure levels add a relatively limited contribution in predicting hypertension. On the contrary, the soundscape extracted from social media, understood as the presence of sound sources extracted from a visual platform such as Flickr, considerably improves the model performance. Our findings suggest that sound maps that incorporate social media information can better inform design policies than just considering maps of noise levels.

The rest of the manuscript is organized as follows. In Methods, we describe both the data sources we use in our analysis and the methodology to compute the hypertension rates, the noise exposure levels, the soundscape of an area and the socioeconomic confounding factors we exploit in a multivariate linear regression analysis. In Results, we present different models that combine noise exposure and area sound profiles estimated from social media data to predict hypertension at area level. In Discussion and Conclusions, we cover the impact and the limitations of our approach and lay out future directions of our work.



METHODS

In the following, we describe: (1) the data sources used in the study; the methodology to compute, (2) the hypertension prevalence rates, (3) the noise exposure, and (4) the soundscape of all the MSOAs in the Greater London region. Then, we present the multivariate linear regression model we use to discover the factors that are more strongly associated with hypertension, our target variable.


 Data

Next, we describe the data sources we gathered from open data platforms and social media to model noise and hypertension prevalence in the Greater London area. The different data sources do not always overlap in terms of their temporal span. However, we do not expect the data distributions to change significantly over time. The social media data we use spans several years, which allowed us to estimate an average soundscape profile that discounts seasonality and special events. Hypertension rates and noise exposure data are stable overtime and highly correlated from year to year. The spatial unit of our study is the Middle layer Super Output Areas (MSOA), that are 983 geographical areas for use in tabulating census and other statistical data in UK, with an average population of 8,346 inhabitants.


Drugs Prescriptions

Our primary source for information on health outcomes is the National Health Service1 (NHS), a collection of public healthcare providers and infrastructures that handle health care in UK. In this study, we focus on NHS England—one of the four agencies leading the healthcare system in each constituent country of the UK. To model drugs consumption, we refer to the general practice prescribing data2 that contains all medicines, dressings, and appliances that are prescribed and dispensed each month by the set of general practices (GPs) in England. For each practice, we keep track of the total number of items prescribed and dispensed aggregated by BNF codes. The British National Formulary (BNF) is a pharmaceutical reference book that contains a wide spectrum of information and advice on prescribing directives and pharmacology; it provides a taxonomy in which all medicines are organized in classes according the disease that they are intending to treat (EBM, 2018). To characterize the prevalence of hypertension, we considered the prescriptions of the full year 2014 and focused on the drug category 2.5 of the BNF taxonomy (“Hypertension and Heart Failure”). To compute drug consumption rates across spatial units, we refer to open statistics on the patients registered at a GP3. The dataset provides information on the geographical provenance, i.e., where patients come from aggregated by MSOA, along with gender and age distributions.



Noise

The Department for Environment, Food, and Rural Affairs4 (DEFRA) publishes strategic noise maps for urban areas with more than 100,000 inhabitants following the criteria specified in the Environmental Noise Directive (European Parliament, 2002). Strategic noise maps are calculated through by simulating how a noise source produced in different points of the city propagates in the surroundings. The simulation produces different measures of noise estimates for each cell of a mesh covering the full urban area. We considered the strategic noise maps available in the London area published in 2012, corresponding to road and rail sources5. We used the maps that represent the noise levels using the recommended descriptors of the European Union and defined in ISO 1996-2 (International Organization for Standardization, 2007). Specifically, we gathered the day-evening-night noise level (Lden), that quantify the equivalent noise level over the whole day, with a penalty of 5 dBA for evening noise and of 10 dBA for nighttime noise; and the night-time noise level (Lnight), that represents the noise level during the night period (usually between 22.00 and 07.00 h).



Socio-Demographic Statistics

The Office for National Statistics6 (ONS) is responsible for the census in England and Wales, and it is the provider of open data at several geographical aggregation levels on socio-economic, cultural and demographic variables as measured by the Census of Population, whose last update was performed in 20117. In our analysis, we control for three sociodemographic confounding factors that have been linked to cardiovascular diseases and hypertension by previous literature: age (Pinto, 2007), income (Kaplan et al., 2010; Keenan et al., 2011), and gender (Hayes and Taler, 1998). We adopt the age organization in classes from the census, grouping the population in three buckets of 0–44, 45–64, and more than 65 years old, respectively. All the statistics are spatially aggregated at the level of MSOAs.



Social Media

To characterize the soundscape of London, we used to the Flickr8 dataset published by the Chatty Maps project (Aiello et al., 2016). The dataset includes a random sample of 17M geo-referenced Flickr photos taken within the boundary of Greater London and uploaded between 2010 and 2015. Each photo in this sample is geo-referenced with the latitude and longitude of the place they have been taken, and comes with free-text tags added by the Flickr user who uploaded it. Users are denoted by an anonymized identifier.




 Hypertension Rates

To characterize the incidence of hypertension we define the prescription rate rhypertension(m) as the number of items per patient prescribed in a timeframe of reference in each MSOA m. We assume that an area with a higher prescription rate for drugs curing hypertensions is a relevant proxy for the prevalence of that condition. The rate in an area m is defined as:

[image: image]

where ihypertension(m) is the total number of items prescribed to residents of the MSOA m (regardless of which practices are prescribing those items), and p(m) is the total number of patients living in MSOA m. We compute ihypertension(m) as:

[image: image]

where ihypertension(g, m) is the number of items prescribed by the practice g to someone living in the MSOA m. Unfortunately, we can't directly measure the quantity ihypertension(g, m); however, we hypothesize that the number of items prescribed in a GP is uniformly distributed according to the patients geographical provenance. Therefore, we define:

[image: image]

where p(g, m) represents the number of patients registered at the practice g and living in the MSOA m as derived from the patients provenance dataset. To compute the rate of drugs curing hypertension in a practice rhypertension(g) we use the relation:

[image: image]

Let p(g) be the total number of patients registered at the practice g:

[image: image]

we are able to derive an estimate of the prescription rate at the level of a spatial unit m. Figure 1 shows the spatial distribution and the probability distribution of the quantity rhypertension(m).


[image: Figure 1]
FIGURE 1. Hypertension rates in London MSOAs. (Left) Spatial distribution; (Right) Probability distribution.




 Noise Exposure

Data on the population's exposure to noise are usually presented in an aggregated format together with the noise maps. Nevertheless, we need that information for each area of London, hence we define a method for estimating it.

This method uses the geo-spatial layers of the London noise map, as well as the MSOAs boundaries and the residential buildings present in the city, both available in the London Datastore9. Considering those data sources, the methodology comprises three steps:

• Calculate the exposed area of residential buildings to different noise levels through a spatial intersection between the noise map and the residential terrain within each MSOA.

• From the total residential area in each MSOA and the areas exposed to each noise level, calculate the percentage of dwellings exposed to the different noise levels in each MSOA

• Assuming that the population of each MSOA lives equally distributed within residential areas, calculate the percentage of people exposed to noise levels. Although the population exposed to noise is usually given in numerical terms, we calculated it in percentage terms because it allows us to compare the impact of noise between areas regardless of their population.

Based on the WHO guidelines on the potential effects of noise on the cardiovascular system (Berglund et al., 1999; Hurtley, 2009), we considered the percentage of people exposed to a day-evening-night road track noise level over 55 dB (RD.Lden.over55) and the percentage of people exposed to a day-evening-night railway noise level over 55 dB (RL.Lden.over55). Figure 2 shows the percentage of the population exposed to more than 55 dB for road and railway noise.


[image: Figure 2]
FIGURE 2. Spatial distribution of percentage of people exposed to noise.


Noise exposure calculations refer to outdoor spaces. However, citizens spend part of their time in their homes, which, depending on the dwellings' quality of construction, will provide a better insulation from outside noise and therefore a possible decrease in hypertension. To account for this factor into our models, we calculated the buildings' Energy Efficiency index EEbuilding. This index is calculated using the domestic energy performance certificates provided by the UK Ministry of Housing, Communities and Local Government through a public API10. These certificates have a numerical index between 0 and 100 that indicates the energy efficiency of the property considering the type of window installed and the quality of construction of the façade. We gathered all the available certificates in Greater London, and we computed the average domestic energy performance index per MSOA with the certificates in each area. The spatial distribution of this index is shown in Figure 3.


[image: Figure 3]
FIGURE 3. Map of the average energy efficiency index in London MSOAs.




 Sound Profile

Strategic noise maps in cities capture noise from road and trains sources. Since the incidence of health conditions due to noise exposure could be potentially traced back to a wider spectrum of sound sources, we refer to social media to characterize the soundscape London areas. To estimate the presence of different types of sound sources from social media data, we use the approach proposed by Aiello et al. (2016). They first compiled a list of words that represent sound sources taken from Murray Schafer's seminal book “The Soundscape” (Schafer, 1993), an influential work that defined the concept of urban soundscape. Based on the co-occurrences of these words in picture tags from social media, they were able to arrange them in a taxonomy of urban sounds in which similar sounds are grouped together. This taxonomy has six top-level categories which match those discussed by Schafer: transport (e.g., sounds generated by cars, trains, and airplanes), mechanical (e.g., drills or other heavy mechanical devices), human (e.g., chatting or footsteps), music (e.g., street bands), nature (e.g., water, foliage, animals), and indoor (e.g., shower, office paper, or sounds typically generated inside buildings).

Specifically, sound words share the same taxonomic category if they have a high semantic similarity, estimated from the frequency of these sound words in Flickr pictures. Sometimes, this data-driven taxonomy groups sets of sounds by their context, rather by their source type. For example, the mechanical sounds from a typewriter or a printer are semantically more similar to “indoor” sounds (e.g., leafing through a paper document or flushing a toilet) than to other “mechanical” sounds that are mainly found in other contexts (e.g., the pounding sound of a jackhammer). Similarly, showering, playing an instrument or driving a car are all “human” activities, but none of them are categorized under the “human” class, as they are respectively “indoor,” “music,” and “transport”; instead, “human” sounds are mostly those that the human body can produce unaided (e.g., footsteps, talking, laughing). Naturally, alternative sound taxonomies are conceivable, but we decided to rely on Aiello et al.'s because it is theoretically-grounded and validated.

This taxonomy can then be applied to geo-referenced social media data to estimate the typical sounds of an area; the underlying idea is that if many pictures taken within an area are tagged with words belonging to a given sound category, that area will likely be characterized by that sound. In their experimental validation using Flickr picture tags in London, Aiello et al. provided evidence to support the validity of this estimation; for example, they showed that the vast majority of retrieved pictures do actually represent sound sources, and that the sound profiles they compute in bounding boxes around streets in London correlate with noise levels in expected ways. In recent years, this data-driven taxonomy has become a common reference for studies on noise and urban sounds (Kang et al., 2016; Zuo et al., 2016; Fairbrass et al., 2017).

This approach has a few working assumptions. First, the social media data considered should be geo-salient, meaning that it should be relevant to the geographical area corresponding to its geo-location. Some social media sources are by nature more geo-salient than others. For example, Twitter is not highly geo-salient because the content of a geo-referenced tweet might often unrelated with the location of the poster (e.g., people tweeting from their homes about a public demonstration happening in a different city). On the contrary, photo-sharing platforms tend to be geo-salient because the tags attached to the pictures are usually describing the picture itself, which is literally a depiction of the space around the geographic coordinates attached to the photo. This is why, like in the original approach (Aiello et al., 2016), we chose Flickr as a data source. Second, this method works effectively only on aggregate for areas that contain an abundant volume of data—as any approach based on collective intelligence applied to the urban context (Chatzigiannakis et al., 2011). This why, as we will detail next, we focused only on areas with large numbers of geo-referenced pictures.

We follow this methodology by first associating each Flickr photo to the MSOA whose boundaries contain its geographical coordinates. For each sound category c and MSOA m, we model the prevalence that sound category in the area as:

[image: image]

where the numerator represents the number of pictures that contain at least one tag from sound category c in the area m and the denominator counts the number of pictures that refer to any sound experience. The result of this step is creation of a 6-dimensional vector for each MSOA that models the prevalence of each sound category in an area. Figure 4 shows the predominant sound type in a MSOA and their distribution. Note that natural and transport sounds are more predominant in the periphery and the inner city is characterized often by sounds related to humans and music. White areas are spatial units with a low coverage (<100 pictures related to sound categories) that consequently are filtered out from our analysis.


[image: Figure 4]
FIGURE 4. (Left) Map of the prominent sound category in each MSOA. (Right) Frequency distribution of dominant sounds across areas. In gray, areas with low social media coverage.


London is a global financial hub characterized by high population density and a tremendous tourists flow that is concentrated in specific areas of the city. A photo sharing platform as Flickr reflects this unequal spatial distribution of activity that results in a high heterogeneity between central and peripheral MSOAs. To take into account this effect, we estimate the social media platform penetration rate as:

[image: image]

where prFlickr(m) is the ratio between the number of unique Flickr users who posted at least one photo in MSOA m and its population from the census. High photo density is an indicator of a place interestingness, for example because of its scenicness or historic value (Serdyukov et al., 2009). In this direction, a high penetration rate could also be linked to non-acoustic factors that affect noise annoyance (Asensio et al., 2017) and that may have an effect on health outcomes.



 Analysis of Correlates

We use multivariate linear regression to determine to what extent the soundscape estimated from social media is related to health outcomes and how it may improve traditional models; in particular, we focus on hypertension that has been connected in the literature as a disease aggravated by noise. In Table 1, we summarize the list of dependent variables used in the study.


Table 1. Summary of the variables used in the multivariate linear regression model to characterize the prevalence of hypertension in London MSOAs.

[image: Table 1]

Previous work consistently showed how economic status might affect the prevalence of several types of diseases of the circulatory system (Kaplan et al., 2010; Keenan et al., 2011). To account for this confounding factor and to perform our analysis across homogeneous samples, we group London MSOAs in three economic classes following the approach implemented in several studies that looked at the relationship between pollutants and health outcomes (Richardson et al., 2013; Deguen et al., 2015; Fecht et al., 2015). To define the economic boundaries of these three classes we used the updated values defined at the Great British Class Survey (Savage et al., 2013). This study originally identified seven economic classes which we regrouped into three to comply with the methodological specifications of similar studies: a High class containing MSOAs with a yearly average household income greater than 68k pounds, a Middle class with average income between 33k and 68k, and a Low class with income <33k. Figure 5 (left) shows the spatial distribution of the MSOAs color-coded according to their economic class. The distribution of different sound categories for each class is presented in Figure 5 (right). Lower income areas are characterized by a predominant portion of transport-related sounds, whereas human, natural, and music sounds are more frequent in areas with higher economic status.


[image: Figure 5]
FIGURE 5. (Left) Spatial distribution of the socioeconomic classes in London MSOAs. (Right) Distribution of the predominant sound categories for each social class.


We build a model for each economic class and we applied different transformation to our variables (Table 1) to make their distributions normal. We then apply a min-max normalization to all the features to ease the interpretation of the regression coefficients.

We perform our analysis in three steps. First, we calculate the control models including only the sociodemographic variables that we use as a baseline to measure the explanatory effect of the rest of the variables. Then, we recalculate the models incorporating the noise exposure variables to verify whether they are significant and their relevance in the model. Finally, we incorporate the social media variables to check if they allow us to better predict the outcome variable.




RESULTS

Next, we present the results of the regression tasks grouped by economic class.


 Low-Income Areas

The 72 MSOAs belonging to the lowest economic income group are mainly located in the North and West part of London (Figure 5, left). Age, gender, and income are important explanatory variables. This is true in the low class model (Table 2) as well as for all the other models. In line with previous literature, areas with higher population aged 65 and over (Anderson et al., 1999; Buford, 2016) and with more males (Hayes and Taler, 1998) show higher hypertension prevalence. Income correlates with better healthcare and healthier habits, that have been shown to have a significant impact on cardiovascular diseases (Kaplan et al., 2010; Keenan et al., 2011; Aiello et al., 2019). When adding the noise exposure and energy efficiency variables, we observe a 9% increase in the adjusted R2 (from 0.268 to 0.291). The only other significant variable is the energy efficiency EEbuilding. The higher construction quality of dwellings leads to an improved sound insulation technology and general construction standards that could explain the lower hypertension incidence rate. The noise variables are not significant and the absolute value of their coefficients is small, compared to others in the same model.


Table 2. Low-income areas results.

[image: Table 2]

When adding soundscape variables from social media, the model achieves the best performance in terms of adjusted R2 (0.363), with an increase of 35% over the socio-demographic baseline. The presence of natural sounds is negatively associated with hypertension prevalence, which is in line with the research hypotheses in the field of soundscapes (Aletta et al., 2018). This is also true for sounds typical of human and indoor activity. According the sound taxonomy from Aiello et al., indoor sounds correspond to activities typical of familiar contexts in either home or office—usually soft background sounds. Indoor sounds are not necessarily “relaxing” as those produced by natural elements; yet, if indoor sounds are predominant in an area, it might be an indicator that the area is denoted by a rather quiet sound ambiance that is not plagued by sounds that are more harmful to the human body.

To shed light on the relative importance of the regressors in the linear models, we apply the lmg method (Lindeman et al., 1980). This method provides the relative contribution of each predictor to the R2 in a multivariate linear regression model. Table 3 shows the results for the low-income areas. Socio-demographic variables explain the highest portion of variance across models. Among the social media variables, Flickr penetration, nature, and indoor the three most important ones.


Table 3. Relative variable importance for the Low-class models.

[image: Table 3]



 Middle-Income Areas

The middle class represents the majority of London's MSOAs, for a total of 547 areas. Table 4 summarizes the output of the regression task across models. Similar to the low-income class, socioeconomic covariates of age, gender, and income are significant; the baseline model reaches an adjusted R2 of 0.278. The addition of the noise exposure variables increases the R2 to 0.305. The energy efficiency and the road noise are two significant predictors. Unexpectedly, the road noise has a negative coefficient, yet with a low absolute value.


Table 4. Middle income areas results.

[image: Table 4]

The social media model increases the R2 by 22% compared to the socio-demographic baseline. The Flickr penetration is the strongest significant variable. Like in the low class, human-related sounds are associated with arras characterized by lower hypertension levels.

The analysis of variable importance (Table 5) confirms the central role of socioeconomic regressors. Flickr penetration constitutes also a strong signal in the social media model.


Table 5. Relative variable importance for the Middle-class models.

[image: Table 5]




HIGH-INCOME AREAS

In the 67 high-income London MSOAs, the addition of the noise variables on top of socio-economic factors slightly decreases the performance of the model and yields no new significant regressors (Table 6). The model that includes both noise exposure and social media variables increases the R2 by 74% compared to the socio-demographic baseline, with significant coefficients for indoor sounds and, unlike previous models, for mechanical sounds too. The presence of mechanical sounds, e.g., industrial and work-related sounds emitted by tools and machinery performing tasks like hammering or drilling, is positively associated with higher prevalence of hypertension. The feature importance analysis shows that mechanical sounds are among the most important predictors of the outcome (Table 7).


Table 6. High class models.

[image: Table 6]


Table 7. Relative variable importance for the High-class models.

[image: Table 7]

There might be several possible reasons why the coefficients associated to noise levels are either not significant or even slightly negative for the middle-income class. One of the reasons might be the geographic granularity of the study. Relatively large areas such as MSOAs can be very diverse in terms of their noise exposure, land use, and socio-demographic characteristics. By considering MSOAs as homogeneous entities, our model misses out on important signals to relate high noise levels to hypertension prevalence. To gauge this intuition, we experimented by restricting our analysis to the noisiest areas, in which noise is likely to be perceived by people living in all parts of those areas. In particular, we focused on the 147 MSOAS above the 85th percentile of the RD.Lden.over55 distribution. On these areas only, we observe a positive Kendall rank correlation coefficient ρ = 0.22 (p < 0.001) between noise exposure and hypertension prevalence, as one would expect. The fact that the traditional noise exposure measures are not able to fully capture the relation with the health outcome does not go against the main goal of this paper, which is to show the benefits of adding the information of social media-data to study the relationship between noise and health.



DISCUSSION

Our results suggest that socioeconomic factors are consistently a primary source of information when studying health outcomes at population level. Although it is widely known that economic status affects the prevalence of some diseases, our study sheds light on the limits of the traditional noise exposure models in capturing the effects of noise on citizens well-being.

Exposure to railway noise is not significantly associated with hypertension in any of the models, despite this connection has been suggested extensively by previous studies (Sørensen et al., 2011). It has to be noted that some previous studies found that excluding from the sample participants exposed to the highest noise levels increased the association between exposure and hypertension (Lee et al., 2019). Also, areas that are potentially exposed to high levels of railway noise are often protected by the installation of noise barriers that reduce the impact on the population living closely to the rail tracks. On the contrary, we showed that the ability of estimate the presence of heterogeneous sound sources (e.g., natural sounds) using social media increases our ability of identifying sound elements that are significantly associated to health outcomes.

These findings could support the work of several stakeholders. Those include urban planners, who could save the cost of deploying large noise monitoring networks (Mydlarz et al., 2019) by using social media platforms to measure the presence of these sound sources, and medical researchers, who could complement their studies about health effects of noise exposure with social media sound maps, which have never been used before in the medical context.


 Limitations

Our approach comes with a two main limitations.

Representativeness. Studies analyzing the effects of noise on population health are usually based on small cohorts of selected individuals exposed to specific acoustic conditions. In this work, we study the interaction between sound and health at an unprecedented scale, but at the cost of using a relatively coarse spatial aggregation (MSOAs). Large areas can be very diverse in terms of their noise exposure, land use, and socio-demographic characteristics. The predictive and descriptive power of our models is limited by not considering such heterogeneity. The representation of sound sources that we obtained from social media is also affected by a number of biases, including the uneven representation of location types and the mix between pictures taken by tourists and those taken by locals. Also, we average out the contribution from pictures taken across several years and both during day and night. This approach smooths out seasonal patterns and one-off events, thus yielding an average representation of an area's soundscape. This average representation does not capture the high dinamicity of the urban soundscape. Some previous studies have attempted to carry out longitudinal studies of sensory data from social media (Quercia et al., 2016), but to do that systematically, one would need to overcome several challenges including the data sparsity that slicing the data would entail, and the known inaccuracy of timestamps coming from photocameras (Thomee et al., 2014).

Causality. Our study is observational and its results do not necessarily speak to causality. The health variable we consider as outcome is concurrently influenced by a number of factors other than sound (such as nutrition and physical exercise) that are hard to control for because of the unavailability of data at area-level. Similarly, people's perception of the urban soundscape is mediated by several factors—such as quality of the facade insulation—that one cannot capture through publicly available data and that are therefore hard to control for. Last, it is challenging to disentangle the role of certain sound categories from other sensory factors that co-occur with those categories. For example, disentangling the contribution of the visual perception of greenery from the presence of nature-related sounds in explaining health outcomes is an arduous task when relying on purely observational studies.




CONCLUSIONS

We proposed a methodology for studying how urban sound is associated to health outcomes. Instead of conducting a survey-based cohort study, we used open and social media data to conduct an observational study to analyze the hypertension prevalence across areas in London. By grouping city areas by economic class, our study suggests that the use of social media constitutes a practical way of augmenting noise data with information of the presence of different types of sound sources that are currently not considered in the European strategic noise maps and that. In London, these additional social media variables augment the power of noise models to predict hypertension at area level. Also, this approach allowed us to find an inverse association between presence of nature sounds and prevalence of hypertension, which closely relates to existing hypotheses formulated soundscape researchers.

In the future, this type of study could be extended to other noise-related diseases such as effects on stress level, through tranquilizer prescriptions, and sleep quality losses, through hypnotic prescriptions. Additionally, it would be convenient to carry out studies with a lower level of data aggregation, or to quantify the biases produced by working with MSOAs, as well as those produced by the estimates made in the noise exposure calculations.
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