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Abstract. (162/150)

With two-thirds of the global population projected to be living in urban areas by 2050,
understanding the transmission patterns of viral pathogens within cities is crucial for effective
prevention strategies. Here, in unprecedented spatial resolution, we analysed the socioeconomic
determinants of influenza transmission in a European city. We combined geographical and
epidemiological data with whole genome sequencing of influenza viruses at the scale of urban
quarters and statistical blocks, the smallest geographic subdivisions within a city. We observed
annually re-occurring geographic clusters of influenza incidences, mainly associated with net
income, and independent of population density and living space. Vaccination against influenza
was also mainly associated with household income and was linked to the likelihood of influenza-
like illness within an urban quarter. Transmissions patterns within and between quarters were
complex. High-resolution city-level epidemiological studies combined with social science surveys
such as this will be essential for understanding seasonal and pandemic transmission chains and

delivering tailored public health information and vaccination programs at the municipal level.
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Introduction:

Transmission of influenza is influenced by extensive but poorly understood interactions between
various viral, host and environmental factors'3. Influenza may serve as a model for pandemic
threats including the most recent COVID-19 pandemic. Whole viral genome sequencing has
enabled reconstruction of phylogenetic relatedness at high resolution. Using these approaches,
the interactions and dynamics of influenza transmission events have been described across a
range of scales: globally*®, across continents'’, in university campuses?, or within households®
2. With two-thirds of the global population projected to be living in urban areas by 2050,
understanding the transmission patterns of influenza within cities is crucial for effective prevention
strategies and may help to prepare for pandemic threats. Previous work identified cities as
containing critical chains of transmission outside of peak climatic conditions (Dalziel, B. D. et al
Science 2019), but the resolution to look at these critical intra-city transmission chains in detail
has until now been lacking. Very few studies have explored transmission events and dynamics of
influenza viruses at the scale of a city'>"". Cities are heterogeneous with remarkably different
neighbourhoods based on the socioeconomic position of the individuals living there.
Consequently, a high spatial resolution of the urban space and built environment is crucial to fully

understanding the impact of factors linked to health and disease'®°.

In this study we combine epidemiologic, geographical and demographical factors at the
unprecedented resolution of urban quarters (i.e. neighbourhood/area) and statistical blocks (i.e.
city block/street) levels, the smallest statistical enumeration areas within a city. Basel,
Switzerland, serving as our model city, we explored the local patterns of influenza distribution and
transmission from 2013 to 2018. Basel has urban quarters that differ substantially in
socioeconomic indicators and housing structure. By using information at the level of statistical
blocks, we were able to construct a detailed picture of influenza transmission within the city. We
visualized kernel density estimates of influenza cases (reflecting the clustering of cases), a
fundamental data smoothing method where inferences about the population are made, together
with various population-based factors on maps with high resolution. Cases were corrected for
population density and socioeconomic factors such as education levels, income and available
living space were then analysed. Furthermore, we complemented the data with a detailed
personal survey distributed to 30,000 households during the 2015/2016 flu season, to further
explore urban quarter-specific aspects of self-reported influenza-like illness and association to
socioeconomic factors. Finally, we described the details of influenza transmission during the

2016/2017 season using whole genome sequencing of all collected influenza viruses, covering
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88 more than 650 isolates, combining the data, resulting in an unprecedented spatiotemporal
89  resolution. The details on the study design for this project have previously been published?.

90

91 Results:

92  Reoccurring influenza patterns within a city

93  The City of Basel has 19 urban quarters and a stable mean population of 175,350 inhabitants
94 during the 5-year study period (+/- 1,737 inhabitants) (Figure S1A). A total of 1,078 statistical
95  blocks were identified within the city for the subsequent analysis. First, we collected epidemiologic
96 and geographic information of 1,715 PCR-confirmed influenza cases over five consecutive
97 influenza seasons from 2013/2014 to 2017/2018 and identified areas with a high burden of
98 influenza infections (Figure S1B-C). Influenza viruses isolated in Switzerland were similar to
99 viruses isolated across Europe in the study period (Table S1). On a weekly basis, we linked each
100 individual case of PCR-confirmed influenza to the patient’s place of residence and anonymized
101  the data at the scale of statistical blocks. We determined both the kernel density estimates for
102  absolute influenza cases across all urban quarters and observed regional clusters of influenza
103  cases within the city across all five seasons (Figure 1A) with similar spatial patterns for each
104  individual season (Figure S1D-H).
105  We further explored the association between influenza occurrence and socioeconomic factors as
106  well as the built city environment. We linked socioeconomic scores to each statistical block
107  reflecting (i) the population density (inhabitants per hectare (ha)), (ii) the living space (per capita
108 in m?), and (iii) the net income (median in CHF). Each of these three key factors was translated
109 to “socioeconomic points” ranging from one to five, which were added to generate a total
110  socioeconomic score for each housing block: a score of three reflecting the lowest and a score of
111 fifteen the highest possible socioeconomic value® (Figure S2A-D). The median socioeconomic
112 scores of urban quarters ranged from three to ten. We observed that city areas with a high
113 socioeconomic score had fewer influenza cases in comparison to areas with lower socioeconomic
114  scores (Figure 1B). Figure 1C provides a representative example of the effect of population
115  density during the 2016/2017 influenza season comparing the urban quarters Gundeldingen (GU,
116  high population density with high influenza burden) with Bruderholz (BR, low population density
117  with low influenza burden). These two urban quarters are located next to each other but are
118  notably different. The urban quarter with small detached residential buildings (single family
119 homes) showed a mean socioeconomic score of 9.5 (+/- 1.71 standard deviation) while the other
120 urban quarter with large (multifamily) residential buildings shows a mean socioeconomic score of

121 5.6 (+/- 1.87 standard deviation). The housing structures of particular urban quarters may serve
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122 as a surrogate marker for the population density and available living space in a particular area
123 and thereby also be an indicator of influenza burden (Figure 1D).

124

125  To account for this potential ecologic fallacy, we corrected the influenza incidence rates per 1,000
126  inhabitants for each statistical block. We still observed similar dense influenza case patterns at
127  the level of statistical blocks across urban quarters during the examined influenza seasons
128  (Figure 1E-F, S3A-H, Supplementary file 1). Besides visualizations of influenza case
129  distributions, we further explored associations between socioeconomic factors and the influenza
130 incidence (corrected for the population density within each statistical block). The analysis included
131  all five seasons and data from all 1,484 statistical blocks for every year. We used a multivariable
132 Poisson regression and observed that net income of the statistical block (per 1,000 CHF) was the
133  strongest predictor for influenza incidence at the level of statistical blocks, independent of
134  population density and living space in most influenza seasons (Figure 1G, S4).

135

136  Socioeconomic factors determinate herd immunity

137  To further explore the interrelationship between socioeconomic factors and rates of influenza-like
138 illness, we conducted a detailed survey across ten urban quarters for the 2015/2016 season
139  (Figure S1A). The survey included 54 questions, addressing (i) influenza-like illness and
140  vaccination, (ii) aspects of the urban environment, (iii) access to health care information, (iv)
141  health related data, and (v) the place of residence at the level of statistical enumeration blocks.
142 The English version of the survey is attached as supplementary file (Supplementary File 2).
143

144 The share of self-reported influenza-like iliness cases fulfilling all three defining criteria for each
145  of the selected urban quarters ranged from 3.4% to 7.0% (n=358; median 4.5%) during the
146  influenza season 2015/2016 (Figure 2A; S5A). The number of influenza-like illness and PCR-
147  confirmed cases (71 influenza A and 44 influenza B) did not correlate in that particular season
148  across the explored statistical blocks responding to the survey (r=0.0144, p=0.7411; Figure S5B).
149  However, the reported frequency of influenza-like illness corresponds to previously reported
150 attack rates of three to five percent?™?. Other respiratory viruses likely contribute to cases
151 matching the non-specific influenza-like iliness definition. In our analysis, 20-25% of the influenza
152  PCRs performed on patients presenting an influenza-like iliness are subsequently confirmed by
153  PCR-based diagnostics as indicated for the 2017/2018 influenza season (Figure S5C).

154
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155 Next, we performed regression models with self-reported influenza-like illness as a binary
156  endpoint for each individual. The factors associated with increased relative risks for self-reported
157  influenza-like illness in stepwise forward and backward selection multivariable analysis were: 23
158  people per household and daily use of public transport. Of note, a total of 22.8% (1859 of 8149)
159  were from households with =3 people. Of which 81.3% (1511/1859) were couples or single
160  parents with children and 8.8% (720/8149) had children under the age of 7 years. The factors
161  associated with decreased relative risks were: vaccination against influenza, age more than 65
162  years, and daily physical activity (Table 1; Table S$2). The most protective variable against
163  influenza-like illness was vaccination. In a multilevel multivariable model, vaccination remained
164  the most important factor even when correcting for the urban quarter an individual lived in (RR
165 0.4, 95% CIl 0.24 — 0.67). Of note, people with and without self-reported influenza vaccination
166  showed similar odds ratios for symptoms of common cold (respiratory symptoms not fulfilling the
167 influenza-like iliness case definition, such as running nose and sore throat; OR 0.98, 95% CI 0.78
168  -1.24).

169

170  The self-reported influenza vaccination rates were heterogeneously distributed at the level of
171  urban quarters (Figure 2B; S5D). The median vaccine rate was 25.8% (IQR 18.7% - 32.2%)
172 throughout the city, which is in the range of the previously reported averages in Switzerland .
173  We performed regression models with self-reported vaccination against influenza as binary
174  endpoint for each individual. The factors consistently associated with an increased likelihood for
175  self-reported influenza vaccination were people belonging to a risk group of chronic disease and
176  health care workers. Low household income (below 6000 CHF per month) was associated with a
177  significant lower likelihood of self-reported vaccination (Table 2; Table S3). When adjusting the
178  multivariable model to specific urban quarters, low income was no longer correlated with
179  vaccination (p=n.s.), which confirms the previously mentioned profound difference of income
180  between urban quarters (Figure S2C).

181

182  The survey results confirm that vaccination against influenza has a protective effect against
183  influenza-like iliness. The odds of acquiring influenza-like iliness during the 2015/2016 season
184  were 3-times less in the group of vaccinated people (0.33 OR, 95% 0.24-0.46) in comparison to
185 non-vaccinated people. This correlates to reported vaccine effectiveness rates of 44% in children
186  and 78% in adults against influenza for the 2015/2016 season®>%® (Table S4). The median self-
187 reported vaccination rates between urban quarters showed a direct correlation with the

188  socioeconomic score of the respective urban quarter (R>=0.607, p=0.0079; Figure 2C) — the
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189  higher the socioeconomic score, the higher the vaccine rate. Income showed the highest
190  correlation with vaccination rates, followed by living space and population density, respectively
191 (R? 0.622, p=0.0067; R? 0.618, p=0.007; R? 0.532, p=0.0167). Self-reported vaccination rates
192  may serve as a surrogate marker for herd immunity?”?%. Similarly, at the level of an urban quarter,
193  herd immunity strongly affected the risk of acquiring influenza-like illness during the 2015/2016
194  season. Urban quarters with a high self-reported vaccination rate showed a significantly lower
195 likelihood of influenza-like illness of the surveyed population compared to urban quarters with a
196  low vaccine rate (R°=0.61, p=0.01; Figure 2D). However, no protective effect against common
197  cold was observed (Figure 2E, p=0.56). Therefore, unvaccinated people living in the Matthaeus
198  quarter (MA) show an 8-times higher probability of contracting an influenza-like illness than those
199  vaccinated while in the Bruderholz quarter (BR) unvaccinated people only show a 1.2-fold higher
200  risk. We again observed the association of self-reported influenza-like illness and vaccination
201  rates (in % of returned survey) at the level of individual statistical blocks (r=-0.1182, p=0.007).
202  However, in years with a low vaccine effectiveness (Table S4) this association may be weaker.
203

204  Humoral immunity of healthy donors is variable across urban quarters

205  In order to monitor antibody titres over time in a healthy population across the city, we recruited
206 214 healthy blood donors living in Basel before the 2016/2017 influenza season. We determined
207  their hemagglutination inhibition titres against the circulating virus, H3N2 (Influenza A/Hong
208  Kong/4801/2014). We also quantified antibody titres against all other vaccine strains (Influenza
209  A/California/7/2009 H1IN1  pdm09; Influenza B/Brisbane/60/2008; and Influenza
210  B/Phuket/3073/2013). Previous antigen exposure to other strains may affect the response rates
211 in the general population (***°; Table S1). Before the 2016/2017 influenza season, we observed
212 thatacross all urban quarters a median of 21% (IQR 17-28.5%) had seroprotective antibody levels
213 (defined as hemagglutination inhibition titres equal or more than 1:40*") (Figure 3A). Again, urban
214 quarters with lower socioeconomic scores also showed low seroprotection rates (e.g. Matthaeus,
215  Breite, Kleinhueningen and Klybeck) (Figure S6A). Urban quarters with higher socioeconomic
216  scores showed a median seroprotection rate of 26.1%, whereas those with lower socioeconomic
217  scores showed a median seroprotection rate of 14.6% (p=0.05). Blood donors with influenza
218  vaccination showed significant higher H3N2 specific HI titers in comparison to people who were
219  not vaccinated (p<0.0001; Figure S6B). Similar to the survey, in this cohort net income was
220  associated with the vaccination status. Blood donors who were influenza vaccinated had a median

221  higher net income per statistical block when compared to non-vaccinated blood donors (median
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222  CHF 54,144 vs. CHF 48,898, p=0.047; Figure S6C), whereas population density did not differ
223 (p=0.39).

224

225

226  Geographic patterns of influenza transmission within a city

227  Next, we studied the impact of geographic and socioeconomic factors on influenza transmission
228  using molecular epidemiological techniques. During the 2016/2017 season, we screened patients
229  presenting an influenza-like iliness using an influenza-specific PCR. We included 663 influenza
230  virus positive samples recruited from 12 different study sites across the city (*?; Figure S7A). The
231  largest cohort within a single city, to the best of our knowledge. First, we determined antibody
232 titres against the circulating H3N2 virus and other vaccine viruses in the patients, who having
233 presented within days of feeling sick still had high viral loads meaning that antibody levels could
234  be assumed to be close to baseline. Patients with PCR-confirmed influenza showed significant
235  lower antibody titres against influenza A H3N2 in comparison to patients without influenza,
236  highlighting the importance of protective antibodies (Figure S7B and S7C). Of note, antibody
237  ftitres against viruses not circulating (e.g. H1N1) where not significantly different between PCR
238  positive and negative patients.

239

240 A total of 663/858 viral genomes passed our duplicate and quality control filter (methods and®®)
241  and were included in subsequent analyses. 427/663 (64.4%) of isolates were from people living
242 in Basel and the remaining 236/633 (37.3%) isolates were people living outside of Basel, mainly
243 in surrounding villages within a 20km range but occasionally (n=6/633) from further away (e.g.
244 Columbia, Turkey or Italy).

245

246  First, we compared the hemagglutinin (HA) gene sequence from our strains to a global sample of
247  ~1400 influenza virus HA genes from the GISAID data repository of the 2016/2017 seasons.
248  Using the integrated visualization of a phylogenetic tree and a map implemented in Nextstrain,
249  we investigated the geographic distribution of influenza virus diversity at the levels of cities, urban
250  quarters, and statistical blocks (https://nextstrain-
251  dev.herokuapp.com/community/appliedmicrobiologyresearch/Influenza-2016-2017/h3n2/ha;

252 links to visualization of all viral segments are provided in Table S5). This visualization can be
253  interactively explored using the narrative functions of Nextstrain. The diversity of European
254  influenza isolates was fully represented by the isolates collected from patients living in Basel and

255  the surrounding area. In addition, also at the level of urban quarters and statistical blocks, we
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256  observed the same high intermixture and diversity. Although the socioeconomic scores differ
257  between urban quarters and statistical blocks, we did not observe an association with the
258  phylogenetic tree structure (https://nextstrain-
259  dev.herokuapp.com/community/narratives/appliedmicrobiologyresearch/Influenza-2016-

260  2017/baselFlu).

261

262  Next, we further explored viral transmission clusters in more detail. Based on previously published

263  mutation rates®*3°

, we assumed that influenza viruses accumulate an average of 10 single
264  nucleotide polymorphisms during a single influenza season. Viral strains with a genetic
265  relatedness within this range were assigned as being in the same transmission cluster. A
266  sequence, which is more than 10 single nucleotide polymorphisms different from any other
267  sequence was ignored, so that a transmission cluster contains at least 2 viral strains. The 54
268  transmission clusters identified (Figure 3B) incorporated 547/663 influenza strains, each
269  comprising a minimum of two isolates, a median of three isolates, ranging from 2 to 111 within
270  and outside of the city (Figure S7D). Only 116 (17.5%) cases could not be linked to another
271 individual. Most of the transmission clusters contained samples from more than one urban
272 quarter, and only a few clusters were predominantly located within a single urban quarter (see
273  clusters 19, 31 and 53, Figure 3B; https://nextstrain-
274  dev.herokuapp.com/community/narratives/appliedmicrobiologyresearch/Influenza-2016-

275  2017/baselFluClusters). Removing isolates from outside the city and focusing only on
276  transmission events within city, we observed that 368/427 (76%) influenza strains belong to 43 of
277  the overall 54 clusters across this single influenza season.

278

279  Next, we connected all identical influenza isolates between different urban quarters. Using
280  permutation tests, we observed a generally high exchange rate and complex transmission
281 dynamic between the different urban quarters. Some urban quarters showed significant
282  connections to other urban quarters. For example, isolates from Vorstaedte (VO) and Wettstein
283 (WE) were more identical in comparison to other urban quarters (p<0.005, Figure 3C).
284  Transmission events within the same urban quarter were explored. Interestingly, two urban
285 quarters — Gundeldingen (GU) and Vorstaedte (VO) — showed influenza isolates that were
286  significantly more related to other isolates from within the same urban quarter than to isolates
287  from other quarters or outside of Basel (p<0.001, Figure 3C). These two urban quarters show a
288  low socioeconomic score and lower pre-seasonal seroprotection rate. Phylogenetic cluster size

289  did not correlate with any socioeconomic factors (p=n.s.).

10
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290
291 Conclusions

292  Each vyear influenza infects millions of people around the globe®

. Historically, human
293  pandemics have had devastating outcomes, and preventive measures should have high priority.
294 Our results reflect an unprecedented large and dense datasets of PCR-confirmed influenza
295 cases, the largest city-wide survey on influenza-like illness performed to date, and influenza
296  genome sequences, all mapped to the statistical block level. We observed annually re-occurring
297  geographic clusters of influenza cases and incidences. These influenza hot spots were mainly
298  associated with net income, and independent of population density and living space. Vaccination
299  againstinfluenza was heterogeneously distributed between urban quarters and dependent mainly
300 on household income. The rate of vaccination was linked to the likelihood of contracting an
301 influenza-like illness within a specific urban quarter. Finally, transmission events between quarters
302  were highly complex, but for two urban quarters particularly high levels of transmission events
303  within the same urban quarter could be observed.

304

305  Our study has certain limitations. First, in the survey, a more research-interested population may
306 have replied to the questionnaire. In particular, 37.9% of males replied to the survey, whereas in
307 a census 48.2% were males. However, the overall reported vaccination are in line with regular
308 interviews conducted by the Federal Office of Public Health of Switzerland, which report
309 vaccination rates of >30% in people with 64 years of age and older®*. Also, the self-reported
310 influenza-like iliness rates corresponds to estimated and published attack rates®®*°. For influenza
311  diagnostic using PCR confirmation, we cannot exclude some recruitment bias, that particular
312  people with a specific demographic background are more likely to be included at a tertiary
313  healthcare centre. In order to compensate for such a bias, we also included data from other study
314  sites including a children’s hospital and family doctors and a private diagnostic laboratory which
315 also covers family doctors and other non-University hospitals in the region (Figure S7A). Further,
316  ecologic fallacy may link certain socioeconomic factors, therefore we adjusted our analysis for
317  population density. However, when correcting for population densities, statistical associations
318 remained stable. Although, the influenza sampling for the sequencing part of the study was
319  reasonably thorough, certainly not all influenza cases could be captured as many patients with
320 influenza will not seek healthcare. Thus, some transmission links will always remain unknown.
321  For more detailed analyses, future studies would need to include hundreds of samples with high
322 resolution epidemiological data across multiple influenza seasons to study the changing patterns

323  of transmission over multiple years. In addition, the transmission events across urban quarters

11
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324  are highly complex, driven by mobility of people living within a city and commuters, place of
325  working, and changing antibody titres of exposed patients in each year. Although we have asked
326  where a person works, we were not able to collect sufficient data for this question — only 24.6%
327  provided details and people working in the same statistical block were very rare (<5%).

328

329  Our findings provide important insights demonstrating influenza transmission patterns in a city
330  serving as a model for studying the dynamics of seasonal flu transmission and evolution within a
331 city. These results should be repeated in cities of different sizes and complexities around the
332 world to allow public health services to be tailored most effectively. It will be interesting to see
333 whether further factors concerning influenza transmission can be identified in other cities as well
334 as their role in public health measures. Importantly, since vaccination rates were strongly
335 dependent on income and linked to influenza incidences, providing better access to vaccination
336  for low income households would likely have a substantial impact on influenza transmission. The
337  knowledge gained with our study can help to tailor public health measures such as urban
338  vaccination programs to urban influenza hotspots and not just to selected target groups (e.g. high-
339  risk populations with chronic illness). National vaccination recommendations often only include a
340  selected population, e.g. health care workers, patients with comorbidities or particular age groups.
341  Our results suggest that such strategies may entirely miss the populations where most
342  transmission occurs such as elderly, chronically ill, and children. Finally, this large-scale
343  interdisciplinary study may serve as a blueprint for investigating seasonal and pandemic viruses
344  on the smallest scale within a given geographical context such as a city. It may form the basis to
345  develop more effective and targeted counter-measures at the most relevant public health levels
346  e.g. at the urban quarter, or even smaller urban subdivisions and social milieus reflected therein.
347  This would allow us to address more and account for a greater variety of population segments

348  and help to identify potential drivers of transmission.

12
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349 Methods and Material

350 Data and sample collection

351 The overall study design has been previously published %. Briefly, the study had retrospective
352  and prospective parts. The retrospective study part consisted of an analysis of the numbers of
353  PCR-confirmed influenza cases over the course of five years from 2013 to 2018. The prospective
354  study part consisted of (i) a household survey focusing on influenza-like illness and vaccination
355 against influenza during the 2015/2016 season; (ii) an analysis of influenza viruses collected
356  during the 2016/2017 season using whole genome sequencing of viral genomic sequences to
357 determine genetic relatedness, clusters and putative transmission events; and (iii) measurement
358  of influenza-specific antibody titres against all vaccinated and circulated strains during the
359  2016/2017 season from healthy individuals, allowing us to monitor herd immunity across urban
360 quarters. Particular patient groups may more likely present at a hospital and receive PCR-based
361 diagnostics — to minimize this potential bias, we also integrated data from a large private
362  diagnostic laboratory, which includes mainly non-hospitalized patients. Study teams at the
363  University Hospital Basel and the University Children Hospital collected data and recruited
364  patients for this study. In addition, a network of 24 paediatricians and family doctors also helped
365 in recruiting patients (see acknowledgments). Viollier, a private laboratory, providing its services
366 to alarge number of private practices within the City of Basel, also provided samples and data.
367

368  Ethics and dissemination. The study is registered (clinicaltrials.gov; NCT03010007 on 22™
369 December 2016) and approved by the regional ethics committee as an observational study (EKNZ
370  project ID 2015-363 and 2016-01735).

371

372  PCR-confirmed cases. Influenza specific PCRs were performed on nasopharyngeal swabs as
373  part of the routine diagnostic workup. For (semiquantitative) PCR detection all laboratories used
374  either the Xpert FIu/RSV or the Xpress FIu/RSV (Axonlab, Switzerland). For each PCR-confirmed
375 case the exact place of residency was transposed to statistical blocks in order to anonymize the
376  data using a geoinformation system (ArcGIS by ESRI, Switzerland) and to visualize the findings
377  on maps. A statistical block is usually bordered from all sides by roads. In individual cases, the
378  boundary is by zone plan categories (e.g. railway areas, forest, green zone, agricultural zone, etc.
379  %9). For each statistical block demographic data was obtained from the Statistics Office of the
380 Canton Basel-City: net income in CHF, population per ha, and living space in m? per capita. These
381  socioeconomic factors contributed to an overall socioeconomic score for every statistical block

382  ranging from minimum three to maximum fifteen.
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383

384  Survey on ILI and vaccination. We selected urban quarters for the survey a priori, based on
385 identified diversity in their socioeconomic structure (Figure S2A-D). We translated the
386  questionnaire into the six most common spoken languages in the selected urban quarters in order
387  to reach a maximum population. The survey was distributed within one week after the end of the
388 influenza season. Of the 30,000 questionnaires distributed in 10 urban quarters, 8,149 (27.1%)
389  were returned and fulfilled the quality criteria for subsequent analysis. Returned questionnaires
390  were quality controlled and the data was entered into a database. Questionnaires were excluded
391  when no information of influenza-like illness or vaccination status was reported. Influenza-like
392 iliness was defined according by the WHO as a combination of self-reported fever, coughing, and
393 iliness of less than ten days *'*?. The questionnaires allowed the option of self-identifying one’s
394  place of residence within a statistical block within the urban quarter.

395 Relative risks for influenza-like illness and influenza vaccination were estimated by uni- and
396  multivariable Poisson regression with robust error variance. To deal with possible confounding,
397 all variables found to differ significantly in univariable analyses between participants with and
398 without ILI and with and without influenza vaccination, respectively, were included in the
399  multivariable generalized linear models. A Bonferroni-adjusted p-value threshold was applied to
400  select variables for inclusion into the multivariable models. Poisson regression models using
401 stepwise forward and backward selection were applied to identify variables independently
402  associated with both primary outcomes.

403 To account for socioeconomic differences related to each urban quarter and potentially
404 influencing both the risk for influenza-like illness acquisition and vaccination uptake, analyses
405 regarding individual risk factors were complemented by multivariable, multilevel mixed-effects
406 generalized linear models. The Pearson and deviance goodness-of-fit tests were performed to
407  assess the fit of the data to a Poisson distribution in the final regression models. Analyses were
408 performed using Stata statistical software, version 15.1 (Stata Corp, College Station, Texas,
409 USA).

410

411 Sample collection. At 12 study sites we recruited paediatric and adult patients fulfilling the
412  following criteria: cough, fever, and sudden disease onset — these patients with influenza-like
413  illness were further evaluated using the previously described influenza specific PCR.

414

415

416
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417  Whole genome sequencing and data analysis.

418  Details regarding the sequencing have been previously described*®. Briefly, samples from PCR-
419  confirmed cases had the whole genome amplified using PCR. From the resulting amplicons we
420  created libraries using the Nextera XT protocol and sequenced them on a MiSeq platform
421  (lllumina, San Diego, California) with 300bp paired end reads at 48-plex.

422

423 Quality control and genome assembly. We collected all data in the 2016/17 influenza season as
424  previously described®. In total, we sequenced 857 samples. All genomes are available at NCBI
425  with accession numbers MN299375 - MN304713. A full list of all used influenza genome for this
426  publication (including GISAID strains) is available at:
427  https://github.com/appliedmicrobiologyresearch/Influenza-2016-

428  2017/blob/master/data_information/accession_numbers.tsv. If a patient was sampled more than
429  once, we only included the first isolate, resulting in 755 remaining samples. If not otherwise
430 indicated default settings of the bioinformatic tools were used. Raw lllumina reads were trimmed
431  with Trimmomatic 0.36. Alignment of paired-end reads used bowtie 2.2.3* with strain A/New
432  York/18/2014 as a reference (Fludb.org segment accession numbers: PB2, KT837257; NP,
433  KT837224; PA, KT837236; NA, KT837237; PB1, KT837241; M1/M2, KT837260; HA, KT837206;
434  NS1/2, KT837196). The aligned reads were sorted by using samtools 1.2*. Variants were called
435  and filtered by using LoFreq 2.1.2%. Variant calling was done for sites with a coverage of at least
436  100. Sites with a coverage of less than 100 were assumed to be unknown and were denoted as
437 N, that is any possible nucleotide. Sequences that showed a read depth of 100 for at least 80%
438  of the positions in at least four segments were used for the analysis. Non double infections with
439  two strains were noted. Using these parameters, we continued our analysis using 663 samples.
440  The consensus sequences from these strains were deposited in GenBank (numbers will be
441 available upon acceptance of the manuscript). We aligned the consensus sequences using
442  muscle v3.8.31%" and used the concatenated alignment of all segments to calculated a maximum
443 likelihood tree®*® using RaxML (*°_version 8.2.8, options: -x 1522 -f a -m GTRGAMMA -p 1522 -
444 #100) to depict the relationship between the isolates.

445

446  Identification of transmission clusters. In order to trace local influenza virus lineages, we grouped
447  the different influenza sequences into clusters using a maximum distance of 10 SNPs using an
448  in-house python script (https://github.com/appliedmicrobiologyresearch/Influenza-2016-2017). In
449  a recent publication the average evolutionary rate for influenza was determined to be 2.5x1073

450  nucleotide substitutions per site per year®. With a genomes size of 13,588 bp this equates to 34
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451  mutations per year. Therefore, 10 SNPs can be estimated to corresponds to 3.5 months, the
452  length of a typical influenza season in Basel.

453

454 Transmission within urban quarters. In order to determine direct transmission between patients,
455  we use the same in-house python script and clustered the influenza strains that have no detected
456  variants in-between. With this we found that 139 of 663 isolates (all full genomes) are connected
457  in 52 clusters in which the isolates are identical (0 SNPs). To identify quartiers that show increase
458  transmission within or to other quartiers, we performed a permutation test (10,000 repetitions) in
459  which the connections between quarters are compared to samples to which the quartiers are
460  randomly assigned using an in-house python script
461  (https://github.com/appliedmicrobiologyresearch/Influenza-2016-2017). The distribution of
462  clusters over time and in the different quarters were visualized using ggplot2®'. The phylogenetic
463  trees were visualized using iTOL®. The transmission of isolates between different quarters was
464  visualized using Circos®.

465

466  Visualisation in Nextstrain. The visualization at https://nextstrain-
467  dev.herokuapp.com/community/appliedmicrobiologyresearch/Influenza-2016-2017/h3n2/ha and
468  https://nextstrain-

469  dev.herokuapp.com/community/narratives/appliedmicrobiologyresearch/Influenza-2016-

470  2017/baselFlu was produced using the Nextstrain toolchain®. Specifically, influenza virus A/H3N2
471  sequences were downloaded from GISAID®®, filtered down to ~1400 sequences from 2016-07-
472 01to 2017-06-30, augmented with influenza reference viruses, and combined with sequence data
473 from this study. The resulting sequences were then aligned using mafft®, a phylogenetic tree was
474  built using 1Q-tree®”, which was subsequently turned into a time scaled tree using treetime®® in
475 analogy to the analysis workflow used for the weekly updated influenza phylogenies at
476  nextstrain.org/flu. The visualization is implemented through the Nextstrain community feature.
477

478 The analysis was repeated for each segment of the influenza genome, as well as for a
479  concatenation of all segment. While the latter is not expected to yield trees that faithfully reflect
480 the relationship of all viruses and segments to each other, such an analysis of concatenated
481  genomes are nevertheless useful to resolve the relationship of very similar genomes.

482

483  The WGS dataset of all sequenced strains were visualized in the Nextstrain tool with demographic

484  and socioeconomic metadata at spatiotemporal resolution — Table S5 provides all links for data
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485  access on nextstrain. We also used the narrative function of Nextstrain for specific highlighting
486  of aspects, namely the phylogenic tree structure across cities, urban quarters and statistical
487  blocks: https://nextstrain-
488  dev.herokuapp.com/community/narratives/appliedmicrobiologyresearch/Influenza-2016-

489  2017/baselFlu

490 and for specific transmission clusters: https://nextstrain-
491  dev.herokuapp.com/community/narratives/appliedmicrobiologyresearch/Influenza-2016-

492  2017/baselFluClusters

493 ). All used files can be downloaded at https://github.com/appliedmicrobiologyresearch/FluBasel.
494
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Tables

Table 1. Factors associated with self-reported influenza-like iliness. Forward and backward
selection multivariable regression models for factors, which are associated with influenza-like
illness. All variables with univariable associations to influenza-like illness are shown in Table S1.

RR, relative risks.

Table 2. Factors associated with self-reported vaccination against influenza. Forward and
backward selection multivariable regression models for factors which are associated with
vaccination against influenza. Data on univariate associations with vaccination can be found in
Table S2. RR, relative risks. 2, Anatomical Therapeutic Chemical (ATC) according to WHO

definition.

20


https://doi.org/10.1101/2020.04.03.023135
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.04.03.023135. The copyright holder for this preprint (which was not peer-reviewed) is the
author/funder. It is made available under a CC-BY-NC 4.0 International license.

554  Figure legends

555

556  Figure 1: Influenza cases in Basel 2013-2018. The graph shows the distribution of PCR
557  confirmed influenza cases in the City of Basel at the resolution of statistical enumeration blocks.
558  (A) Geographical clustering of influenza infections. A kernel density estimation across all five
559 influenza seasons from 2013/2014 to 2017/2018 was used to analyse the influenza case
560 distribution across the city. The 4" and 5™ share of the kernels were visualized. The red clouds
561  show Influenza A cases and the blue clouds Influenza B cases. (B) As A, with underlying
562  socioeconomic score for each housing block visualized, ranging from 3 to 15. The score consists
563  of three individual factors: population density per ha, living space per person in m? and net income
564 in CHF. The natural break of the socioeconomic scores were used and visualized with three
565  different shades of grey. Clusters of influenza correlate with lower socioeconomic scores. (C)
566 Case load across representative examples of urban quarters (Bruderholz as less densely
567  populated and Gundeldingen as more densely populated). Each red dot represents an Influenza
568 A case. In order to not show the actual address of a patient, we set the dots in the middle of the
569  statistical block. (D) We combined Google Earth satellite images with maps showing the kernel
570  density estimates of influenza cases to indicate building density. Red clouds show Influenza A
571  cases and blue Influenza B cases, correlating with building density, reflecting population density.
572 (E) Influenza A virus incidence rates of season 2016/2017 per 1000 inhabitants of each statistical
573  housing block. (F) Influenza B virus incidence rates of season 2016/2017 per 1000 inhabitants of
574  each statistical housing block. (G) Multivariable Poisson regression analysis to explore the
575  association of influenza virus incidence (per 1000 inhabitants corrected for the population of each
576  housing block) and each socioeconomic factor. Average influenza incidences for the seasons
577  2013/2014 to 2017/2018 are shown. Net income relative risk per 1 CHF; populations density per
578  person per ha; living density per person in m?.

579

580  Figure 2: Survey on self-reported Influenza-like illness and vaccination over season
581  2015/2016. (A) Distribution of self-reported influenza-like illness cases according to the WHO
582  definition*' over the 10 selected urban quarters. The number of Influenza-like iliness cases per
583  incoming answers is expressed as percentage value for each quarter. The blue colour range is
584  according to natural breaks and ranges from 3.4% to 7%. (B) Self-reported vaccine rates (on a
585  per person basis / all received surveys for the specific urban quarter). Natural breaks between
586  urban quarters are shown in different shades of green, ranging from 18.7% to 32.2%. (C)

587  Comparison of socioeconomic score with self-reported vaccine rates using logistic regression
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588  shows a correlation at the levels of urban quarter in the aggregate. (D) Self-reported vaccine rates
589  againstinfluenza and the likelihood for ILI, using logistic regression, shows an inverse correlation.
590 (E) Self-reported vaccine rates against influenza and the likelihood of common cold, using logistic
591  regression, shows no correlation.

592

593  Figure 3: Influenza antibody titres and whole genome sequencing of influenza viruses to
594  explore transmission between urban quarter levels. (A) Pre-seasonal antibody titres against
595 H3N2 from healthy blood donors in the 2016/2017 influenza season measured using
596  hemagglutination inhibition assay. Distribution of seroprotection (defined as titre >1:40) are
597 visualized as percentages using natural breaks. (B) Cluster analysis of each influenza case
598  genome during the 2016/2017 season. Each dot represents a sequenced influenza virus isolate.
599  Colour reflects the host address by specific urban quarter. Each horizontal line corresponds to a
600 local transmission cluster of influenza viruses. Three representative clusters 19, 31 and 53 are
601 detailed on the right using maximum likelihood trees indicating the complexity of transmission
602  clusters across time and urban quarters. (C) Exchange of influenza viruses throughout the city.
603 Red lines connecting two quarters indicates isolates that are identical within the same
604 transmission cluster, with the line width and colour intensity indicating the number of isolates in
605 that cluster shared by the connected quarters. Therefore, they indicate the level of transmissions
606  between two quarters. When correcting for multiple comparison, only the transmission within the
607  same urban quarters remained statistically significant (p<0.05), which is indicated as a coloured
608  bar at the basis of the circle. The darker the colour the more significant the association.

609

610
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611  Supplementary material

612

613  Table S1. Influenza virus types per season in Basel and Europe.

614

615 Table S2. Univariable analysis of factors associated with self-reported influenza-like
616 illness.

617

618  Table S3. Univariable analysis of factors associated with self-reported vaccination.
619

620 Table S4. Vaccine effectiveness from 2013 to 2018.

621

622  Table S5. List of all link to Nextstrain for visualization of phylogenetic trees.
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623  Supplementary file 1. Animation of cumulative PCR-confirmed influenza cases during the
624  Influenza 2017/2018 seasons. Influenza A and B are shown in the same colour. Based on the
625 incidence rates of Figure S4.

626

627  Supplementary file 2. Questionnaire, English version

628
629  Supplementary file 3. Submitted paper “Characterising the epidemic spread of Influenza A/H3N2
630  within a city through phylogenetics” by Muller NF, Wathrich D, Goldman N et al.
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631  Figure S1: Influenza cases and distribution in the City of Basel per season from 2013/2014
632  to 2017/2018. (A) Map of urban quarters showing the study area. Urban quarters included into
633  the household survey are marked in red. (B) Absolute numbers of PCR-confirmed influenza for
634  each season. (C) Cumulative influenza cases for each season. (D-H) Influenza cases per
635  statistical block shown as kernel density estimates for each influenza season.

636

637  Figure S2: Socioeconomic data of the City of Basel. Combined and individual socioeconomic
638  scores are shown for each statistical block. For each map, the natural breaks of the individual
639 factors is shown. (A) Combination of socioeconomic factors. (B) Living space in m? per capita.
640 (C) Netincome in CHF per statistical block. (D) Population density as inhabitants per hectare (ha).
641

642  Figure S3: Influenza incidence rates in the City of Basel per season from 2013/2014 to
643  2017/2018. (A-H) PCR-confirmed influenza incidence rates (per 1000 inhabitants) for each
644  season per urban quarter.

645

646  Figure S4: Multivariable Poisson regression for influenza incidence in each influenza
647  season from 2013/2014 to 2017/2018. The correlation of each socioeconomic factors — income,
648  population density, and living density — with influenza incidence is expressed as relative risk (RR).
649

650  Figure S5: Survey for self-reported ILI and vaccination against influenza. (A) Self-reported
651 influenza-like iliness cases corrected per returned questionnaire per statistical block. (B) Self-
652 reported ILI and PCR-confirmed influenza infections for the 2015/2016 influenza season. ILI
653  cases according to WHO definition are shown in grey for 10 selected urban quarters and PCR-
654  confirmed Influenza A as red dots and Influenza B as blue dots. (C) Ratio of tested PCRs and
655  positive results (PCR-confirmed) in a single season. (D) Self-reported vaccination corrected per
656  returned questionnaire per statistical block.

657

658  Figure S6: Pre-seasonal influenza antibody titres measured by hemagglutination inhibition
659 assay in season 2016/2017. (A) Percentage of seroprotected healthy blood donors (HIA titre of
660  1:40 or above), prior to the influenza season, by urban quarter. As for smaller urban quarters not
661  enough measurements were available, these were combined based on geographical proximity
662  and socioeconomic similarity. (B) Hemagglutination inhibition antibody titres in healthy blood
663  donors before the 2016/2017 season. Influenza A H3N2 titres against the circulating virus of that

664  season is shown in vaccinated and non-vaccinated people. (C) Net income in CHF per statistical
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665  block shown for vaccinated and non-vaccinated healthy blood donors in the 2016/2017 season.
666

667  Figure S7: Whole genome sequencing of influenza viruses during the 2016/2017 season.
668  (A) The distribution of study recruitment sites for children (dark grey dots) and adults (white dots),
669 and the kernel density estimates of overall influenza burden in the city. (B) Hemagglutination
670 inhibition antibody titres against the circulating Influenza A H3N2 virus and all other vaccinated
671 Influenza viruses in each patient enrolled with influenza-like illness during the 2016/2017 season.
672  Patients with PCR-confirmed influenza are compared against patients with negative PCR testing.
673  All box blots show median and interquartile ranges. Whiskers indicate 10-90% percentile with
674  outliers. (C) The percentage of cumulative H3N2 specific hemagglutination inhibition antibody
675 titres is shown, again highlighting the difference between PCR positive and negative titres. (D)
676  Number of clusters and cluster size are shown, from the whole genome sequencing data. More
677  than 50% of the clusters comprise five or fewer viruses.

678
679  Figure S8: Cluster analysis of each influenza case genome during the 2016/2017 season based

680 on the phylodynamic model. Each dot represents a sequenced influenza virus isolate. Colour
681 reflects the host address by specific urban quarter. Each horizontal line corresponds to a local
682 transmission cluster of influenza viruses. Three representative clusters A, B and C are detailed
683  on the right using maximum likelihood trees indicating the complexity of transmission clusters
684  across time and urban quarters.

685
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686  Supplement methods and results

687

688  Calculations for tables 1 and 2 and table S3.

689 Y serves as placeholder for the outcome variable and x as placeholder for the examined variable.
690  The calculations are performed a modified Poisson regression approach to prospective studies
691  with binary data®®.

692
693  Univariable model: glm y x ,fam (poisson) link(log)nolog eform robust

694  glm: generalized linear model

695  fam: family (describes the distribution; here we choose a poisson distribution to estimate relative
696  risks)

697 link: link function

698 log: exponentiated coefficients are incidence-rate ratios

699  eform: report exponentiated coefficients

700  nolog: suppresses the iteration log display

701  robust: robust variance estimator

702

703  Multivariable model

704  Stepwise forward selection: stepwise, pe(0.05): gim y x1 x2 x3 x(...) ,fam (poisson) link(log)nolog

705  eform robust

706

707  pe: begin with empty model

708  (0.05): specification of the significance level
709  All other abbreviations see above

710

711  Stepwise backward selection: stepwise, pr(0.05): gim y x1 x2 x3 x(...) ,fam (poisson)

712 link(log)nolog eform robust

713

714 Pr: begin with full model

715  All other abbreviations see above
716

717 Multilevel model (mixed effects generalized linear model)

718  meglmy x1 x2 x3 x(...) , Il urban quarter:, fam (poisson) link(log)nolog eform

719  Group variable : urban quarter
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720  Phylodynamic model for transmission.

721  In addition to the previously described clustering model based on the number of single nucleotide
722 polymorphisms, we have also applied a clustering method based on a phylogenetic approach
723  (see attached supplementary publication by Mueller N, Wuethrich D et al.).

724

725  Methods:

726 Initial clustering based on nucleotide differences. We combined the Basel sequences with a global
727  sample of sequences (downloaded on 17th July 2018) from https://www.gisaid.org which had
728  been sampled between 1st January 2016 and 31st December 2017 for which at least the
729  segments HA, NA and MP were available. We then calculated the average nucleotide difference
730  between any of the sequences and the sequences from Basel. To split the dataset into
731  manageable pieces, we first grouped any two sequences from Basel together if they were within
732 anaverage nucleotide difference of 0.0025 per position. When the full genome for two sequences
733 was available, this would correspond to about 32 different positions on the full genome. For an
734  average clock rate of 0.005 mutations per site per year, 32 differences correspond to a pairwise
735  phylogenetic distance of about 0.5 years. Sets of sequences from Basel were only split into two
736  groups if the two closest related sequences of each group exceeded this criterium. Based on this
737 initial grouping, we added global sequences to each cluster if they were at maximum 0.0025/2
738  mutations away from any of the sequences from Basel. Factor 2 was used to reduce the number
739  of global sequences in each of these initial clusters.

740

741  Phylogenetic trees of initial clusters. We next estimated rates of evolution for each segment using
742 the SRD06 model®® and a strict clock model, from 200 full genome sequences sampled in
743 California, New York and Europe between 2010 and 2015, using Beast 2.5°'. Apart from this,
744  these sequences were not otherwise used in the analysis, and as such are an independent
745  dataset. We allowed each segment to have its own phylogeny in order to avoid the possibility of
746  areassortment biasing the estimates of evolutionary rates. Each of the segments, as well as the
747  first two and third codon position was allowed to have its own rate scaler. We ran ten independent
748  Markov Chain Monte Carlo (MCMC) chains each for 108 iterations and then combined them after
749  aburn-in of 10%. These estimated evolutionary rates are long-term rates of influenza A/H3N2.
750

751  We next reconstructed the phylogenetic trees of all initial clusters by using the full genomes of all
752  samples from the initial clusters. We fixed the evolutionary rates to be equal to the mean

753  evolutionary rates as estimated using the methods above. As a population model, we used a
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754  constant coalescent model with an estimated effective population size that was shared among all
755  initial clusters. We then estimated a distribution of phylogenies for each initial cluster, assuming
756  that all segments share the same phylogeny. As estimated in the previous analysis, reassortment
757  will not bias evolutionary rates.

758

759  Local cluster identification. To identify sets of sequences from Basel that were likely to have been
760  transmitted locally, we reconstructed the geographic origins of lineages that were introduced into
761  Basel. Therefore, we used the phylogenetic tree distributions for each initial cluster to reconstruct
762  the ancestral states using parsimony. We made some modifications to the standard algorithm for
763  parsimony ancestral state reconstruction to reflect our prior assumption, that Basel is unlikely to
764  act as a relevant source of influenza on a global scale. If any descendent was not in Basel, the
765 node was classified as “not Basel”. Since the influenza season covers only a few months, we
766  additionally assumed that lineages are unlikely to persist in Basel for more than 5 weeks (0.1
767  years) without being sampled. To reflect this assumption, we classified internal nodes that are
768  more than 0.1 years from a sample from Basel to be either outside of Basel, or to be in an unknown
769  location. We then defined sequences to be in the same local cluster if all their ancestors are
770 inferred to be in Basel. Local clusters are obtained for each iteration of the MCMC. The exact

771  workflow, including BEAST2 input files can be found at_ https://github.com/nicfel/Flu-

772  Basel/LocalClusters. While alternative model-based approaches exist to reconstruct locations of

773  internal nodes®?, these approaches themselves make strict assumptions that are violated when
774  studying the spread of diseases on a city scale. Also, it is further unknown how well they perform
775  when migration between individual locations is very strong. From the grouping of sequences into
776  local clusters as described above, sequences were classified into different local clusters over the
777  course of the MCMC.

778

779  Results:

780  Using clusters obtained from a phylodynamic approach, we obtain a similar clustering pattern
781 meaning the pattern is robust towards how we define clusters. In particular, using the
782  phylodynamic method, we identified 96 clusters of at least two highly similar viral genomes,
783  representing influenza transmission, which together incorporated 534/663 influenza strains. We
784  determined local transmission clusters by identifying groups of local isolates that are
785  phylogenetically more closely related to each other than to any isolate from the global collection
786  from GISAID (www.gisaid.org). Some of the clusters included isolates from both within and

787  outside of the city, whereas other clusters were focused mainly within the city. Most of the clusters
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contained samples from different urban quarters, and only a few clusters were predominantly
located within a single urban quarter (see Cluster A to C, Figure S8). Within the city, we observed
323/427 (76%) of influenza strains belong to 69 of the overall 96 clusters across this single
influenza season. The clusters comprised a median of 3 isolates, ranging from 2 to 42 within and

outside of the city.
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Table 1. Factors associated with self-reported influenza-like illness. Forward and backward selection multivariable regression models for
factors, which are associated with influenza-like illness. All variables with univariable associations to influenza-like illness are shown in Table S1.
RR, relative risks.

Univariable Multivariable with stepwise forward | Multivariable with stepwise
variable selection backward variable selection

RR 95%CI p-value RR 95%CI p-value RR 95%CI p-value
Vaccination 0.33 0.24-0.46 <0.001 0.38 0.23-0.64 <0.001 0.38 0.23-0.64 <0.001
Smoking 1.33 1.16-1.51 <0.001 -- -- -- -- -- --
Health check-ups 0.82 0.75-0.89 <0.001 - - - - - -
Physical activity 0.83 0.75-0.02 <0.001 0.86 0.75-0.99 0.046 0.86 0.75-0.99 0.046
Daily public transport | 1.17 1.07-1.29 0.001 1.27 1.11-1.44 <0.001 1.27 1.11-1.44 <0.001
use
Contact with > 50| 457 | 124.1.08 |<0.001 - - - - - -
people per day
Age > 65 years 0.25 0.18-0.36 <0.001 0.35 0.19-0.66 0.001 0.35 0.19-0.66 0.001
Living space (< 30| 4 74 1.26-2.34 | 0.001 - - - - - -
m2/capita)
2 3 people [/ 206 1.68-2.54 <0.001 1.53 1.14-2.06 0.005 1.53 1.14-2.06 0.005
household
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Table 2. Factors associated with self-reported vaccination against influenza. Forward and backward selection multivariable regression

models for factors which are associated with vaccination against influenza. Data on univariate associations with vaccination can be found in
Table S2. RR, relative risks. 2, Anatomical Therapeutic Chemical (ATC) according to WHO definition.

Univariable Multivariable with stepwise forward | Multivariable with stepwise backward
variable selection variable selection

RR 95%CI p-value RR 95%CI p-value RR 95%CI p-value
IRiskI group based on ATC- 175 1.50-2.03 <0.001 1.69 1.16-2.45 0.006 1.69 1.16-2.45 0.006
eveld . . . .
Smoking 0.68 0.63-0.74 <0.001 -- -- -- -- -- --
Hand washing 1.1 1.05-1.17 <0.001 -- -- -- -- -- --
Health check-ups 1.37 1.32-1.42 <0.001 - - - - - -
Healthy diet 0.86 0.83-0.91 <0.001 -- -- -- -- -- --
Physical activity 0.91 0.87-0.95 <0.001 -- -- -- -- -- --
Contact with more than 50 0.78 0.70-0.88 <0.001 -- -- -- -- -- --
people a day ) ) ' )
Healthcare worker 2.40 2.13-2.70 <0.001 1.84 1.35-2.51 <0.001 1.84 1.35-2.51 <0.001
Male sex 1.13 1.05-1.22 0.001 -- -- -- -- -- --
Age > 65 years 2.72 2.53-2.93 <0.001 - - - - - -
livin space < - - - - - -
30mg‘2/capita) ( 0.56 0.46-0.69 <0.001
> 3 people / household 0.69 0.63-0.77 <0.001 - - - - - -
Lower education level 1.62 1.43-1.83 <0.001 - - - - - -
Upper and middle 1.37 1.20-1.55 <0.001 - - - - - -
management ' ' ' )
Low Income (= C_HF 6000 0.79 0.72-0.86 <0.001 0.63 0.44-0.89 0.010 0.63 0.44-0.89 0.010
gross household income)
Share of green areas (< -- -- -- -- -- -
20% / resic?ential block) ( 1.22 1.10-1.34 <0.001
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Table S1. Influenza virus types per season in Basel and Europe

Influenza A (n=268, 38%)
Influenza B (n=433, 62%)

Influenza A (29%): H1IN1 23%, H3N2 5%
Influenza B (71%): Yamagata 66%, Victoria 0%

City of Basel Switzerland®4-58 Europe®®%3
2013/2014 Total samples n=580 Total samples n=34,210

Influenza A (n=136, 97%) Influenza A (98%): HIN1 41%, H3N2 56% Influenza A (94%): HIN1 41%, H3N2 47%

Influenza B (n=5, 3%) Influenza B (2%): Yamagata 2%, Victoria 0% Influenza B (6%): Yamagata 1%, Victoria 0%
2014/2015 Total samples n=937 Total samples n=40,931

Influenza A (n=226, 67%) Influenza A (71%): HIN1 14%, H3N2 56% Influenza A (68%): HIN1 15%, H3N2 49%

Influenza B (n=110, 23%) Influenza B (29%): Yamagata 27%, Victoria 1% Influenza B (32%): Yamagata 8%, Victoria 0%
2015/2016 Total samples n=975 Total samples n=56,892

Influenza A (n=92, 62%) Influenza A (35%): HIN1 30% H3N2 5% Influenza A (59%): HIN1 49%, H3N2 7%

Influenza B (n=56, 38%) Influenza B (64%): Yamagata 2%, Victoria 62% Influenza B (41%): Yamagata 1%, Victoria 18%
2016/2017 Total samples n=982 Total samples n=49,410

Influenza A (n=501, 99%) Influenza A (96%): HIN1 2% H3N2 94% Influenza A (90%): HIN1 1%, H3N2 75%

Influenza B (n=5, 1%) Influenza B (4%): Yamagata 3%, Victoria 0% Influenza B (10%): Yamagata 2%, Victoria 2%
2017/2018 Total samples n=1,292 Total samples n=60,658

Influenza A (37%): HIN1 20%, H3N2 11%
Influenza B (63%): Yamagata 29%, Victoria 1%
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Table S2. Univariable analysis of factors associated with self-reported influenza-like

iliness.
. ILI yes ILI no Relative o
Variables - o % | Risk 95% CI p-Value
Vaccination (yes) 37 1.8 2036 [98.2 |0.33 0.24-0.46 |<0.001
Risk group based on ATC-level (yes) 52 3.0 1678 [97.0 |0.59 0.37-0.95 |0.029
Smoker
no 250 |4.0 (5971 |96.0
- <
yes, sometimes 47 5.3 837 |94.7 133 1.16-1.51 0.001
yes, daily 61 71 801 [92.9
Alcohol consumption
no 825 |4.9 1582 |95.1
yes, sometimes 259 |47 5261 [95.3 0.78 0.66-0.92 0.003
yes, daily 15 2.0 742 | 98.0
Implementation of hand washing
Very bad 0 0.0 19 0.0
Bad 4 58 |65 94.2
Average 33 4.1 770 [95.9 1.05 0.91-1.21 10.510
Good 126 (4.6 |2639 |95.4
Very good 193 |47 3939 [95.3
Implementation of health check-ups
Very bad 56 6.1 856 |93.9
Bad 65 6.8 |886 |[93.2
Average o1 |48 |1809 |952 |02 0.75-0.89 1 <0.001
Good 65 3.6 1731 | 96.4
Very good 33 3.0 1061 |97.0
Implementation of healthy diet
Very bad 1 5.6 17 94.4
Bad 10 8.3 110 |91.7
Average 63 4.8 1252 |95.2 0.82 0.73-0.93 10.002
Good 189 |5.2 |3475 |94.8
Very good 94 3.5 2594 |96.5
Implementation of physical activity
Very bad 3 3.4 84 96.6
Bad 34 7.7 |409 |[923
Average 94 5.3 1671 |94.7 0.83 0.75-0.02 | <0.001
Good 137 (4.7 2761 |95.3
Very good 90 3.6 2395 |96.4
Public transport use 1.17 1.07-1.29
Never 2 1.4 144 |98.6
Rare 47 3.7 1214 | 96.3 0.001
Multiple times a month 69 4.1 1598 [95.9 '
Multiple times a week 92 4.4 2007 |95.6
Daily 142 |56 |2375 |944
Contact with more than 50 persons a day | 86 6.4 1250 |93.6 |1.57 1.24-1.98 |<0.001
Healthcare worker 44 46 (912 (954 |0.79 0.57-1.08 [0.135
work with children 40 52 |728 (94.8 |0.90 0.65-1.25 |0.541
Work in an open plan office 135 |6.2 2040 (93.8 |1.19 0.94-1.49 |0.147
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Gender 0.92 0.74-1.13
Male 129 [4.2 2907 |95.8 0.423
Female 229 |4.6 4715 1954
old age (= 65 years) 36 1.5 2349 |98.5 |0.25 0.18-0.36 | <0.001
Foreign population 93 5.8 1508 | 94.2 |1.41 1.12-1.77 |0.004
living space (< 30 m*2/capita) 48 7.8 566 [92.2 |1.71 1.26-2.34 |0.001
= 3 persons / household 137 |7.5 1700 [92.5 |2.06 1.68-2.54 |<0.001
Lower educational level (compulsory) 13 3.2 391 |96.8 |0.70 0.40-1.20 |0.195
Upper and middle management 63 4.7 1270 [95.3 |0.80 0.61-1.05 |0.108
<
Low " Income (s CHF 6000 gross| . |45 |5985 |052 |1.00 0.80-1.25 |0.995
household income)
<500 - -
ZZ?:LG) of green areas (< 20% /residential\ o 15 4 | 1590 |49 |0.83 0.65-1.05 |0.121
, S - -
ZZ?:LG) of built up area (= 60% /residential| .o |59 |751 |g61 |0.87 0.60-1.27 |0.472
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Table S3. Univariable analysis of factors associated with self-reported vaccination.

vaccination vaccination Relati
Variables yes no R? ative | 959, cl p-Value
s . isk
n in % n in %
Risk group based on ATC-level 826 47 1 929 529 [1.75 1.50-2.03 |<0.001
Smoker
no 1819 [28.9 (4473 |711
yes, sometimes 150 16.7 749 83.3 0.68 0.63-0.74 | <0.001
yes, daily 130 14.9 742 85.1
Alcohol consumption
no 479 28.3 1215 | 71.7
yes, sometimes 1356 |24.3 |4222 |757 |1V03  |0:95-1.100 0477
yes, daily 254 33.1 513 66.9
Implementation of hand washing
Very bad 4 20.0 16 80.0
Bad 16 232 |53 76.8
Average 187|230 |626 |77.0 |1 1.05-1.17 1 <0.001
Good 675 242 2113 |75.8
Very good 1160 |[27.2 3033 |72.3
Implementation of health check-ups
Very bad 128 13.9 |792 86.1
Bad 163 16.9 |801 83.1
Average 439|228 |1487 |772 |37 |132-1.42 |<0.001
Good 600 33.2 1209 |66.8
Very good 502 45.1 611 54.9
Implementation of healthy diet
Very bad 6 31.6 13 68.4
Bad 38 319 |81 68.1
Average 413|310 |o20 |e90 |086  |083-091 |<0.001
Good 940 254 |2760 |74.6
Very good 614 225 2113 |77.5
Implementation of physical activity
Very bad 24 27.0 |65 73.0
Bad 131 294 (314 70.6
Average 515 |287 |1278 |713 |991  |087-0.95 |<0.001
Good 712 244 2211 |75.6
Very good 574 22.8 1946 |77.2
Public transport use 1.05 1.01-1.08
Never 40 27.2 107 72.8
Rare 265 20.8 1010 [79.2 0.005
Multiple times a month 423 25.0 1268 |75.0 '
Multiple times a week 643 30.3 1480 |69.7
Daily 643 25.3 1903 744
g;’;tad with more than 50 persons a|,g1 |08 |1069 |79.2 [078  |0.70-0.88 |<0.001
Healthcare worker 323 334 |645 66.6 |2.40 2.13-2.70 |<0.001
work with children 111 14.3 667 85.7 |0.78 0.65-0.94 |0.008
Work in an open plan office 396 18.0 1810 |82.0 1.02 0.91-1.16 |0.708
Gender 1.13 1.05-1.22
Male 857 279 (2217 |721 0.001
Female 1235 |24.7 |3767 |75.3
old age (= 65 years) 1116 | 46.1 1303 |53.9 |[2.72 2.53-2.93 |<0.001
Foreign population 377 23.2 1249 |76.8 |0.87 0.79-0.96 |0.005
living space (< 30m”"2/capita) 89 14.4 | 527 85.6 |0.56 0.46-0.69 |<0.001
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> 3 persons / household 359 19.3 |1500 |80.7 |0.69 0.63-0.77 |<0.001
Lower educational level (compulsory) | 168 40.3 |249 59.7 [1.62 1.43-1.83 |<0.001
Upper and middle management 297 22.0 |1051 |78.0 [1.37 1.20-1.55 |<0.001

Low Income (£ CHF 6000.- gross

: 673 21.3 2491 |78.7 |0.79 0.72-0.86 |<0.001
household income)

Share of green areas (= 20% /

residential block) 375 221 1324 |77.9 |1.22 1.10-1.34 | <0.001

Share of built up area (= 60% /

residential block) 161 212 597 78.8 |0.81- 0.70-0.93 |0.003
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Table S4. Vaccine effectiveness from 2013 to 2018

Influenza strain Reference
A (H1N1) A (H3N2) B (Yamagata) B (Victoria)
2013/2014 | 57.9%; 62%; 74% - - N 64-66
2014/2015 | - -22%: -8% - _ 67,68
2015/2016 | 20.2%, 45%; 64%; 68% 43% 49% -33.2%; 57% 25,69-71
2016/2017 38%; 42%; 43%; 48% _ 72-75

2017/2018

55%; 68%

-42%; -27%; -16%; -1%; 7%

49%; 77%

76
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Table S5. List of all link to Nextstrain for visualization of phylogenetic trees

Viral segment

Links

all

https://nextstrain-dev.herokuapp.com/community/appliedmicrobiologyresearch/Influenza-2016-2017/h3n2/full

HA https://nextstrain-dev.herokuapp.com/community/appliedmicrobiologyresearch/Influenza-2016-2017/h3n2/ha
NA https://nextstrain-dev.herokuapp.com/community/appliedmicrobiologyresearch/Influenza-2016-2017/h3n2/na
NP https://nextstrain-dev.herokuapp.com/community/appliedmicrobiologyresearch/Influenza-2016-2017/h3n2/np
PA https://nextstrain-dev.herokuapp.com/community/appliedmicrobiologyresearch/Influenza-2016-2017/h3n2/pa
PB1 https://nextstrain-dev.herokuapp.com/community/appliedmicrobiologyresearch/Influenza-2016-2017/h3n2/pb1
PB2 https://nextstrain-dev.herokuapp.com/community/appliedmicrobiologyresearch/Influenza-2016-2017/h3n2/pb2
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