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Influenza is one of the most common infectious diseases with respect to its ability 

to easily spread from person to person and result in severe complications, or even 

death. For a typical season, influenza activity often peaks in one, or several weeks 

which incorporate a high proportion of the cases in an outbreak, and are referred to 

variously as “peak events”, or “peak weeks”. To address the significance of peak events 

behind the seasonal nature of influenza outbreaks, multidisciplinary research has been 

advocated for investigating the impacts of weather conditions on the occurrence of peak 

events. Taking 16 Florida counties as a study area, this research provides a series of 

innovative statistical analysis aiming to: 1) derive an unambiguous and practical 

definition of Influenza-like Illness (ILI) peak events and statistically characterize their 

properties extracted from limited historic ILI records, including: annual event density, 

their timing, magnitude over prescribed thresholds, and duration; 2) identify fine-scale 

time lags between weather fluctuations and ILI peak activity for various age groups in 

terms of the established definition of peak events; 3) investigate interplay among daily 

weather conditions, climate divisions, properties of peak events and daily ILI activity 
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during peak events for age-specific groups in Florida based on the identified time lags. 

The conceptual framework and satisfactory results of this research will aid public health 

professionals in improving surveillance and determining optimal periods for cost-

effective intervention strategies. 
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CHAPTER 1 
INTRODUCTION 

Overarching Research Questions 

Influenza, widely known as flu, is a highly contagious and acute respiratory 

disease. It has the capability of easily spreading from person to person and leading to 

severe complications, or even death. For a typical season, influenza activity often peaks 

in one, or several weeks when the number of cases is noticeably higher than other 

weeks. These weeks incorporate a high proportion of the cases in an outbreak, and are 

referred to variously as “peak events” or “peak weeks”. Properties of peak events, such 

as timing, magnitude, and duration, offer critical implications in disease surveillance, 

dynamics and control policies (Fleming et al., 1999; Bock et al., 2008). For example, the 

potential magnitude of peak events provides crucial information about the scale of an 

outbreak, and suggests the amount of health resources required to respond to the 

disease (Cooper et al., 2009). The frequency, timing and duration of peak events offer a 

statistical basis for long term planning (Cowling et al., 2006). Because of their 

significance in epidemiology and planning, the studies of such events have received 

increasing attention in recent years (Greene et al., 2006; Paget et al., 2007; Zaraket et 

al., 2008; Charland et al., 2008). Few studies, however, have been devoted to 

statistically defining the peak events of influenza and investigating the environmental 

and demographic impacts on the occurrence of peak events. To fill the current gap, this 

research addresses several interrelated issues. 

First, although the concept of peak events is widely used in influenza studies, 

their workable definition remains under-studied. The most common definition of the 

“peak event” is the week with the greatest number of weekly influenza cases during an 
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influenza season – an annual maximum (Smith, 1982). This definition is widely used 

and straightforward; however, it has the potential to exclude other events with 

epidemiological importance, and to include an annual maximum in the sample, which 

really does not constitute an event of epidemiological importance. Valuable information 

concerning epidemics, such as spreading variations, dynamics, and periodicity can be 

lost from the generally short historic records available by using this definition. Sakai et 

al. (2004) slightly modified this approach to incorporate information from weeks leading 

up to and following the peak event by smoothing weekly reported cases, using a 5-week 

unweighted moving average of case numbers before selecting the annual maximum of 

the smoothed data. The risk of this approach is that it reduces the important 

characteristics of the largest number of ILI cases in a week and may induce apparent 

periodic behavior in what could, in reality, be a random process. More importantly, these 

existing definitions of peak events have little consideration on spatial heterogeneity, 

such as differences in demographics, and thus the peak events alone are not 

comparable between geographic areas. Limitations of existing definitions call for a more 

sophisticated approach employing spatially differentiated ILI case data which 

characterizes weekly influenza activity and maximizes the pertinent information that 

may be extracted from the limited available records, including annual event density 

(number of events per flu year), their timing, magnitude, and duration.  

Second, a monthly/weekly time-lag between weather fluctuations and influenza 

peak events has been widely discussed, but a daily time-lag remains unclear. The 

knowledge on time lags between weather fluctuations and influenza activity is crucial for 

initiating health planning work ahead of influenza epidemics. Not surprisingly, much 
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research has recently been devoted to investigating influenza-related time lags. It has 

been reported that influenza epidemic peaks are sensitive to the weekly or monthly 

averaged temperature and averaged humidity (Alonso et al., 2007; Lowen et al., 2007; 

Charland et al., 2008; Tsuchihashi et al., 2011). For example, humidity has been found 

to be associated with seasonal influenza epidemics up to two weeks prior to their onset 

in the continental United States (Shaman et al. 2010). Although previous studies have 

provided useful information regarding influenza time lags, most of them have focused 

on coarse temporal resolutions (monthly or weekly) and large spatial scales (either 

regions or countries), which leads to two major issues. Since the activity of influenza 

varies by day, there are often lags of several days between the daily weather 

fluctuations and influenza peak events. Due to the coarse time scale, previous week-

based studies masked the time lag between weather and influenza infections. The exact 

date of the highest number of cases after a sudden drop in temperature, or change in 

humidity, for example, is still unknown. Research findings at large spatial scales are 

often questioned because of the ecological fallacy or the modifiable area unit problem 

(MAUP) in geography. Ecological fallacy occurs when conclusions derived from a 

general group are blindly applied to individual units within that group. The average 

characteristics of an aggregated group are imposed on individual members belonging to 

that group (Kramer, 1983). In other words, time lags observed at the country or regional 

scale may not be valid for intervention work at a state or county scale. The lack of 

understanding fine-scale time lags may mislead the forecast of influenza peak events 

and weaken the effectiveness of timely targeting of high risk groups. 
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Third, some empirical studies have implied a weekly relationship between 

weather fluctuations and influenza peak activity (Greene et al., 2006; Nguyen et al., 

2009); however, few have explicitly downscaled to a daily relationship. This is because 

most influenza related datasets are published on a weekly basis, for example Influenza-

Like Illness Surveillance Network (ILINet), to protect individual privacy (CDC, 2013; 

WHO, 2013), and the daily information is often unavailable. To minimize the impacts of 

peak events through early prevention and control measures, studies have been 

conducted to determine drivers of the outbreak of peak events. The seasonality of 

influenza peaks indicates the possible roles of weather in affecting spread of influenza. 

Recently, humidity and temperature have been found to explain the observed spatio-

temporal patterns of influenza in studying epidemic outbreaks as they facilitate the 

airborne transmission of the virus (Alonso et al., 2007; Lowen et al., 2007; Charland et 

al., 2008). Other factors, such as solar radiation, dew point and wind speed, and etc. 

have also been suggested as potential factors for influenza epidemic outbreak (Cannell 

et al., 2006; Sagripanti & Lytle, 2007; Finkelman et al., 2007; Charland et al., 2009). 

Most studies have been conducted based on a weekly or bi-weekly scale due to widely 

adopted weekly reports of ILI activity. However, the aggregated weekly or bi-weekly 

data prohibits epidemiologists from comprehensively capturing the impacts of daily 

meteorological variation on ILI peak activity. In addition, limited daily studies (Chan et al., 

2010; Charland et al., 2009) are often restricted to one or a few specific hospitals. The 

small spatial sample does not furnish reliable estimation for the large spatial scale, such 

as city, county or even state. It is difficult to derive more accurate forecast and efficient 
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intervention strategies without understanding the impacts of meteorological factors on 

daily ILI activity during peak events. 

Study Objectives 

Following a conceptual design (Figure 1-1), three study objectives based on ILI 

peak events are listed: 

1. Defining ILI peak event and characterizing statistical properties of peak events, 
annual event density, their timing, magnitude, and duration   

2. Examining daily time lags after weather fluctuations for age-specific groups 
during peak events. 

3. Statistically characterizing the association between daily weather conditions and 
daily ILI activity during peak events for age-specific groups in different climate 
divisions. 

The first study objective defines the peak events based on the “threshold” in 

terms of percentiles of historic weekly ILIs (i.e. defined in the frequency domain); 

although for epidemiological or planning purposes the peak events could be defined in 

the magnitude domain. Results extracted above the common 80th percentile level are 

extrapolated to the more rarely experienced levels equivalent to the 90th and 95th 

percentiles, and compared with the small available sample of historic events that 

exceed these higher levels. In this way a larger proportion of the limited available 

historic records are utilized to characterize properties of ILI peak events at rarely 

witnessed levels.  

Based on the definition of peak events, the second objective conducts a survival 

analysis of exploring the influences of daily weather fluctuations on ILI peak days. It 

aims to identify the fine-scale time lags of peak days following weather fluctuations 

(including: minimum air temperature, average relative humidity, and minimum dew 
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point) for five age-specific groups and five climate divisions at three thresholds (the 80th, 

90th, and 95th percentile levels).  

The third objective presents a timely comprehensive analysis of the influence of 

meteorological variables on daily ILI activity during peak events in terms of time lags 

identified in the second objective. It aims to identify the associations among four 

meteorological variables (minimum air temperature, minimum dew point, maximum wind 

velocity, and average solar radiation), the properties of peak events and daily ILI activity 

during peak events for five age-specific groups in five major climate divisions of Florida. 

The dissertation is comprised of five chapters. Chapter 1 introduces the 

overarching research questions and three study objectives. The following three chapters 

focus on these three study objectives, respectively. Finally, concluding from results of 

research, Chapter 5 points out the significance of this research and directions for future 

research.  
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Figure 1-1. Conceptual design and structure of the study 
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CHAPTER 2 
MODELING PROPERTIES OF INFLUENZA-LIKE ILLNESS PEAK EVENTS WITH 

CROSSING THEORY 

Background 

Influenza, widely known as flu, is a highly contagious and acute respiratory 

disease. For a typical season, influenza activity often peaks in one, or several weeks 

when the observed number of cases is noticeably higher than other weeks. These 

weeks incorporate a high proportion of influenza cases in an outbreak, and are referred 

to variously as “peak events”, or “peak weeks”. Properties of rare influenza peak events, 

such as timing, magnitude, and duration, offer critical implications in disease 

surveillance, dynamics and control policies (Fleming et al., 1999; Bock et al., 2008). For 

example, the potential magnitude of peak events provides crucial information about the 

scale of an outbreak, and suggests the amount of health resources in response to the 

disease (Cooper et al., 2009). The frequency, timing and duration of peak events offer 

statistical basis for long term planning (Cowling et al., 2006), e.g., the risk of more than 

one such event in a year, and the length of time that each is likely to persist. Because of 

their significance in epidemiology and planning, the studies of such events have 

received increasing attention in recent years (Greene et al., 2006; Paget et al., 2007; 

Zaraket et al., 2008; Charland et al., 2008). 

Although the concept of peak events is widely used in influenza-related studies, 

their workable definition remains under-studied. Smith (1982) defined the “peak event” 

as the week with the greatest number of weekly influenza cases during an influenza 

season – an annual maximum. This widely used definition is straightforward; however, it 

has the potential to exclude other events with epidemiological importance that may have 

occurred in a year, and to include an annual maximum in the sample, which really does 
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not constitute an event of epidemiological importance. Valuable information concerning 

epidemics, such as spatial variations, dynamics, and periodicity cannot be derived from 

the generally short historic records by this definition. Sakai et al. (2004) slightly modified 

this approach in studying influenza-like illness (ILI). They incorporated information from 

weeks leading up to and following the peak event by smoothing weekly reported cases, 

using a 5-week unweighted moving average of case numbers before selecting the 

annual maximum of the smoothed data. The risk of this approach is that it obscures the 

important characteristics of the greatest number of ILI cases in a week and may induce 

apparent periodic behavior in what could, in reality, be a random process. More 

importantly, these existing definitions of peak events give little consideration to spatial 

heterogeneity, for instance, differences in demographics, and thus the peak events 

alone are not comparable between geographic areas.  

The limitations of existing definitions call for a more sophisticated approach 

employing spatially differentiated data which characterize weekly influenza activity and 

maximizing the pertinent information that may be extracted from the limited available 

records. These statistical properties of influenza events may all defined by the 

prescription of a specific threshold. To facilitate spatial comparisons, this study defines 

the threshold in terms of common percentiles of historic weekly ILI cases (i.e. defined in 

the frequency domain); although for epidemiological or planning purposes the threshold 

could be defined in the magnitude domain, in terms of a total number of ILI cases of 

particular interest. Results extracted above the 80th percentile level (0.20 probability of 

occurring in any week) are extrapolated to the more rarely experienced levels 

equivalent to the 90th (0.10 probability) and 95th percentiles (0.05 probability), and 
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compared to the small available sample of historic events that exceed these higher 

levels. In this way a larger proportion of the limited available historic records can be 

utilized to characterize properties of ILI events above levels commonly witnessed.  

As the first step in an on-going study that seeks to establish associations 

between ILI peak events and potential factors, this study aims to define ILI events and 

statistically characterize the variables of: annual event density, their timing, magnitude 

over prescribed thresholds, and duration.  

Materials and Methods 

Study Area and Data 

Florida experienced an average of 2,900 deaths per year from influenza over the 

past decade (CDC Wonder, 2012). In 2004, for example, influenza and pneumonia 

together were the eighth leading cause of death reported by Florida Department of 

Health (Florida DOH, 2012a). The Florida DOH estimates that an influenza pandemic 

could infect up to 10 million (Florida DOH, 2012b). Several factors encourage the rapid 

transmission of influenza in the state: its developed national and international tourism 

industry, high inter- and intra-national immigration and high proportion of aged 

population. Despite its sub-tropical location and peninsular nature, much of Florida 

experiences periods of relatively low temperatures and low humidity in winter. Almost 

one third of the population, including a large proportion of immigrants, resides in urban 

or suburban areas of three southeastern counties. Several interstates and 13 

international airports, including Orlando and Miami, bring in tens of thousands of tourists 

each year (38 million used air travel in 2000 alone).  

Data employed in this study are obtained from the Influenza-Like Illness 

Surveillance Network (ILINet), which conducts surveillance of weekly ILI outpatient 
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cases (Florida DOH, 2012c). The ILI case is defined as any combination of fever (≥38°C) 

and cough or sore throat, which may embed influenza along with other conditions, such 

as colds and pneumonia. However, ILI activity collected through outpatient illness 

surveillance provides important epidemiologic information for monitoring influenza 

activity and supports influenza surveillance (CDC, 2013; Cooley et al., 2008). Weekly 

reports from ILINet are available dating back to 2001 in some counties, however most 

counties did not have the necessary continuity of reporting at the earliest stages. As 

representatives of environmental, demographic, and social conditions in Florida, five 

counties are selected for extensive study (Figure 2-1): the lengthy (2001-2012) historic 

data from dominantly urban Broward (Fort Laderdale), Duval (Jacksonville) and Miami-

Dade (Miami) counties, as well as shorter (2006-2012) records for the Orange (Orlando) 

and Hillsborough (Tampa) counties. 

Methods 

Crossing Theory states that the number of crossings of a threshold by a 

Gaussian process become Poisson distributed the further the threshold lies from the 

mean of the process (Rice, 1945; Cramer and Leadbetter, 1967). Results have also 

been extended to non-Gaussian processes (Desmond and Guy, 1991) and can be 

applied to estimate the characteristics of ILI events. The magnitudes of events over the 

threshold and their durations can be approximated by an exponential-like distribution, 

such as the Generalized Pareto Distribution (GPD) (Rosbjerg et al., 1992; Keellings and 

Waylen, 2012), which can represent such data exhibiting with both greater and lesser 

skew than the exponential itself. In combination with the Possion assumption, it implies 

that the annual maximum or “peak week” (Smith, 1992) follow a Generalized Extreme 

Value (GEV) distribution (Rosbjerg et al., 1992), the properties of which can be 
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estimated from this approach, if desired. In general, the criteria for adopting a specific 

distribution are; goodness of fit, a strong theoretical basis, and relative ease of 

computation and interpretation. Although few infuenza-related studies have focused on 

the statistical properties of peak events, the proposed approach has been extensively 

used in studies modeling extremes in various fields, including floods, stock market 

returns, and daily maximum temperatures (Rosbjerg et al., 1992; Straetmans et al., 

2008; Keellings and Waylen, 2012). 

Definitions of events and the flu year are estabished first, then the variables of 

interest are identified; 1) annual event density (events per year), 2) the timing (t) of each 

event, 3) the magnitude of peak event (τ = x - q0) during an event when the observed 

number of weekly cases (x) surpasses the thresholds (q0), and 4) the duration of events. 

Definition of peak events 

Although thresholds (q0) are considered in terms of percentiles of historic weekly 

ILI cases throughout the study, two definitions of magnitudes of events are investigated. 

The first includes all weekly ILI counts with magnitudes greater than the prespecified 

threshold. In Figure 2-2A, for example, all the eight ILI observations greater than the 

defined threshold would be considered (one or more observations of magnitude per 

event). The second definition considers only the highest ILI count above the threshold 

within the period between successive up- and down-crossings of the threshold level 

(one observation of magnitude per event) – a local maximum. In Figure 2-2B, only the 

three observations of local maxima would be considered. The properties of ILI peak 

events are examined above a commonly witnessed 80th percentile level, although this 

approach is applicable for any other reasonably high thresholds.  
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Definition of flu year 

Since all ILI cases are likely to be recorded during the winter season, the use of a 

calendar year definition would arbitrarily bisect a flu season, producing a misleading 

aggregation of events from two halves of consecutive and distinct seasons. To 

determine when flu is least likely to occur in the historic record (an appropriate point to 

start and finish a “flu year”), the occurrence of ILI events throughout Florida is analyzed 

using the mean (µ) and defined fractions of the standard deviations (0.25σ, 0.32σ, and 

0.5σ) of all weekly ILI cases. If the observed number of weekly ILI cases for one county 

in one year is greater than the difference between the mean and the defined measure of 

deviation, an occurrence during that week is confirmed and noted as 1. For each 

county, the total occurrence of ILI events in a week is calculated by summing the 

occurrence during that week in all years. In terms of the mean weekly occurrence in all 

counties in Florida (Figure 2-3), Week 29 (starting July 15) is the week in which ILI 

cases are least likely by this measure, and is thus defined as the beginning of the “flu 

year”, noted hereafter as “Week 1”. 

Annual event density 

Annual event density is defined as the number of events per flu year. The 

probability mass function of the Poisson distribution is: 

𝑃(𝑀) = 𝑒−𝛬 ∗ 𝛬𝑀/𝑀! (2-1) 

where M is the number of events in a flu year and Λ is estimated using the method of 

moments as the mean number of events per flu year: 

𝛬 = 𝐾/𝑁 (2-2) 

K is the total number of events in N flu years with complete yearly data in the historic 

records. 
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Timing of events within a flu year 

Due to the strong seasonal nature of ILI cases, the Poisson distribution is 

modified to exhibit a time-dependent rate of event occurrence, λ(t): 

𝑃(𝑚(𝑡) = 𝑛) = 𝑒−𝜆(𝑡) ∗ 𝜆(𝑡)𝑛/𝑛! (2-3) 

where, P(m(t) = n), is the probability of having experienced n events up to and including 

week t, and λ(t) is the mean number of events expected up to that time. As influenza 

outbreaks generally occur in a particular season with some interannual variability, the 

timings of events is modeled by a Gaussian distribution and λ(t) estimated as, 

𝜆(𝑡) = 𝐺(𝑡: 𝜇, 𝜎)  ∗  𝛬 (2-4) 

where G(t: μ, σ) is a Gaussian distribution fitted to the observed timing of  ILI events, 

with μ being the mean week of occurrences and σ their standard deviation. 

Event magnitude 

The distribution of event magnitudes is fit with a GPD (Rosbjerg et al., 1992; 

Keellings and Waylen, 2012): 

𝐹(𝑥 ≥ 𝑋) = 1 − (1 − 𝑘
𝑋

𝛼
)

1 𝑘⁄

       𝑘 ≠ 0  
(2-5) 

where X is the magnitude of the event over the predetermined threshold of interest. 

Completely characterized by a scale parameter, α and a shape parameter, k, the GPD 

is a generalization of both the exponential (k = 0) and Pareto distributions (k < 0), which 

provides greater flexibility in matching the heavier (k < 0) and thinner (k > 0) upper tails 

of the distribution. The parameters are estimated via the method of moments from the 

sample mean �̂� and variance �̂�2 as (2-6) and (2-7): 

�̂� =  
1

2
�̂� (

�̂�2

�̂�2
+ 1)     (2-6) 
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 �̂� =
1

2
(

�̂�2

�̂�2
− 1)               (2-7) 

Event duration 

The duration of events is also represented by the GPD (Keellings and Waylen, 

2012):   

𝐹(𝑑 ≥ 𝐷) = 1 − (1 − 𝑘
𝐷

𝛼′
)

1 𝑘′⁄

       𝑘′ ≠ 0  
(2-8) 

where D is the duration of the event, similarly, 𝛼 ′ and 𝑘 ′ are scale and shape 

parameters, which are estimated via the method of moments by the equations (2-6) and 

(2-7), using appropriate means and variances. 

Independence of events 

A period of two consecutive weeks in which the weekly ILI cases fall below the 

threshold level is employed as the criterion to separate independent peak events. 

Occasions when weekly cases dropped marginally below the threshold level only to 

exceed it again in the next week are probably the result of the same event. Parallel 

considerations in the definition of flood and heat wave events can be found in Rosbjerg 

et al. (1992) and Keellings and Waylen (2012). “Events” failing to meet this 

independence criterion are combined and included in subsequent analysis as if they 

constitute a single event. 

Extrapolation of properties to higher thresholds 

An ability to derive the stochastic properties of ILI events above higher, less 

commonly experienced levels, from the larger sample sizes available at the lower, less 

epidemiologically-important thresholds, would be useful. Any portion of a GPD is itself 

GPD-distributed, thus the process of raising the threshold is effectively “cutting off” the 

lower end of GPD and leaving only that portion which rises above the new level. 
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Estimation of the mean (μ1) and variance (σ1) of the remaining portion of the distribution 

yields revised estimates of α1 and k1 (Equations (2-6) and (2-7)). The proportion of 

events expected to exceed the higher threshold represented by the area under the 

original distribution of magnitudes which lies beyond the new level, yields the parameter, 

Λ1 of the Poisson distribution. The probability of the annual number of crossings above 

the corresponding threshold, or events, can then be estimated. Assuming that the timing 

and magnitudes of ILI events are independent, the distribution of the timing of censored 

events should remain unchanged. 

Results 

Annual Numbers of Events, Their Timings and Durations 

The one-sample Kolmogorov-Smirnov test is applied to examine the goodness-

of-fit of all models. All results show no significant differences between fitted and 

observed distributions at the 0.05 level of significance in any of the five study counties. 

Data from the longer term record of Duval County are examined as an example. The 

assumption of normality of the timing of peak events is reasonable graphically and 

statistically (Figure 2-4).  

Historic ILI events are most likely to occur during the late fall and early spring 

(Weeks 20 to 32 of flu year), coincident with conducive meteorological conditions and 

the early weeks of the spring semester of schools. The Poisson probability function is 

fitted to the numbers of events exceeding the 80th percentile level annually (Figure 2-

5A) and the non-homogeneous Poisson function is applied in order to estimate 

probabilities of experiencing 0, 1, 2, 3, and 4 events up to any week of the flu year 

(Figure 2-5B). This reproduces well the observed patterns of occurrence during late fall 

and early spring. Taking Week 26 in the flu year (the second week of January) as an 
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example, the probability of having experienced no peak events up to that time P(m(t) = 

0) is 0.43, the probability of exactly one peak event is 0.36, etc. The probability of an ILI 

event occurring in a particular week t, can be computed as {[P(m(t−1) = 0)] − [P(m(t) = 

0)]}. 

 The generalized Pareto distribution provides a reasonable approximation to the 

distribution of the likely durations of events at the 80th percentile level (Figure 2-5C). 

Magnitudes of Events 

Figure 2-6 illustrates the GPD’s ability to model observed cumulative distribution 

function (CDF) based on either of the two definitions of magnitudes. The location 

parameter, α, conveys information about the relative magnitude of the cases above the 

threshold in each county and could be standardized to some base, such as estimated 

total county population, while the values of k can be compared directly between 

counties. As expected, the sample sizes derived using definition-1 (Figure 2-6B) are 

much larger than that using definition-2 (Figure 2-6C). Negative values of the shape 

parameter k imply that, at this relatively low threshold, the upper tail is particularly 

“heavy” (larger outliers in the right hand-tail of the distribution) in comparison to the bulk 

of observations.   

Extrapolation of Weekly ILI Cases to Higher Levels 

The parameters of the above distributions are simply estimated by application of 

moment estimators to data extracted at the 80th percentile level. The proposed 

methodology has the capacity to yield distributions of events exceeding higher, more 

rarely experienced levels (for example here, the 90th and 95th percentile levels) from the 

larger sample sizes of observations gathered at the lower truncation level (Figure 2-7). 

When the critical threshold for Duval county (Table 2-1) is raised from 10 cases (the 80th 
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percentile level) to 23 (the 90th percentile level), the observed mean annual number of 

events drops from 1.55 per flu year to 0.91. The GPD fitted to the local maxima of 

events indicates that 58.5% of the original 17 events should exceed the increased 

threshold, yielding an anticipated mean annual number of events of 0.90. If the critical 

threshold is raised to 41 cases (the 95th percentile level), the observed mean annual 

number of events drops to 0.45 while 30.8% of the original 17 events (0.48 events per 

year) are anticipated to exceed this increased threshold. The use of higher threshold 

levels leads to the exclusion of the bulk of the lower magnitude events, reducing the 

“heaviness” of the tail of the surviving events and increasing the values of k.  

Discussions 

Grounded in theory, this approach has the ability to describe important statistical 

properties of such events and provides the necessary degree of flexibility in the 

definition of ILI events, while permitting spatial comparisons and the handling of various 

planning scenarios. Once the suitable probability distributions are identified, the 

probability of the occurrence of ILI events and their properties can be obtained for 

further specified purposes.  

Comparisons of Definitions  

The traditional definition of peak events only captures an annual maximum 

(magnitude) in each flu year, but discards other important properties of annual event 

density and duration and runs the risk of including “peak” events of no epidemiological 

significance. The proposed approach possesses the benefit of only including ILI events 

that meet the level of practical interest while incorporating a potentially larger sample 

size from the short records currently available. The traditional “peak week” definition 

applied to Duval County yields 11 observations, while application of the 80th percentile 
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threshold increases the available sample size upon which risk can be estimatesd to 103 

using definition-1, and 17 for definition-2. Once estimated, the parameters of the GPD 

provide the basis for the estimation of properties above successively higher, more rarely 

observed, levels of ILI incidence. The threshold of interest can be expressed either in 

terms of acceptable risk (frequency domain) for spatial comparisons, or case numbers 

(magnitude domain) for planning purposes.  

Although definition-1 of magnitudes yields a larger sample size, their obvious 

serial autocorrelation results in less reliable estimates of the proportion of the 

observations surviving censoring to higher threshold levels – a task which is performed 

much better using magnitudes derived from definition-2. Tables 2-2 and 2-3 display the 

values of observed and predicted parameters describing the distribution of magnitudes 

under both definitions above increased truncation levels.  

Geographic Variability and Potential Impacts 

This study provides flexible models that render probabilistic estimates of the 

variables associated with ILI events that can be adapted to various conditions. The 

robust statistical methodology may be implemented at any location, no matter the base 

(e.g. population), and critical thresholds established. Geographic variability in the 

parameters indicate differences in the potential influences on the occurrence of ILI peak 

events. For example, the observed spatial pattern of the shape parameter k at the 80th, 

90th and 95th percentile levels in Figure 2-8 suggests that at higher thresholds, more 

counties exhibit positive values, no matter the definition. Negative k values indicates 

larger outliers in the right-hand tail of the distribution relative to the bulk of the 

observations. The values of k become less negative at higher thresholds, because the 
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comparative magnitudes of the outliers decrease as thresholds increase by progressive 

censoring. This is particularly noticeable when using definition-1. 

As a highly contagious and acute respiratory disease, the occurrence and 

properties of ILI peak events may be influenced by environmental (mainly weather) 

demographic, and social (urban, rural, transportation, etc.) factors. This approach 

identifies the average week of ocurrence as late fall to early spring (Weeks 22 to 30, 

starting December 10 to February 6 with fairly large standard deviations of 8 to 12 

weeks). These observations are supported physically by studies that influenza 

outbreaks are sensitive to the weekly or bi-weekly average temperatures and humidity 

(Lowen et al., 2007; Charland et al., 2008), particularly low temperature (optimum: 8°C) 

and relative humidity (Lowen et al., 2007; Shaman et al., 2009; Tsuchihashi et al., 

2011). Mean temperatures during the coldest month in Florida across the counties 

examined range from 10°C to 16°C, suggesting that weather conditions may have 

impacts on spatial patterns of peak events. However, no clear spatial pattern related to 

latitude and winter temperatures emerges. As the critical level of ILI cases of interest 

rises, the mean week of timing for events increases (later in the year) in almost all 

counties except Broward, implying that peak events with greater weekly ILI cases tend 

to occur during late winter and early spring. In addition to weather conditions, each 

county possess features that encourage influenza tansmission: high population density, 

high proportions of their populations in sensitive age groups, international airports, and 

ready access to major interstates, all of which have potentially profound effects on the 

occurrence of ILI events (Viboud et al., 2004; Olson et al., 2007; Fang et al., 2008; 

Rivas et al., 2009; Ertek et al., 2010; Tsai et al., 2010; Fuhrmann, 2010). Similarly 
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comparative use of public transport and immunization behavior, may cause differences 

in the course of epidemics and modify their space-time spread (Lim et al., 2011; Sakai 

et al., 2004; Paget et al., 2007; Yang et al., 2009). Orange county, for example, exhibits 

relatively high values of threshold (q0) and total numbers of peak events (K) compared 

to the other four counties. This might be explained by its special characteristics of being 

located in the center of state with comparatively low temperture (Figure 2-9A) and 

relative humidity (Figure 2-9B) compared to the two southern counties (Miami-Dade and 

Broward). The major city in Orange county, Orlando, receives tens of thoursands of 

tourists annually, especially during holidays in the late fall and winter, increasing the 

possibility of influenza transmission, for example, compared to the northern county 

(Duval). To better understand the spatial patterns of the derived properties of events, 

the impacts of above factors deserve to be further examined. 

Applications 

The statistical properties of ILI peak events can be spaitio-temporally visualized. 

These visualizations have the potential to deliver information in a efficient manner and 

assist decision making within public health, such as early warning of influenza peak 

activity, determining where and when to intervene, increasing accessibility of health 

facility, and etc. This study mainly discusses two applications. One application aims to 

visualize the spatial distributions of annual event density for 18 selected counties in 

Florida. Figure 2-10 describes probabilities of these 18 counties experiencing one peak 

event (Figure 2-10A), two events (Figure 2-10B) and three events (Figure 2-10C) per flu 

year. These probabilities are grouped into five classes based on the natural break to 

maximize the differences between classes. From the Figure 2-10, the probabilities for 

most counties to experience three events per flu year are smaller than to experience 
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one or two events per flu year. Only Osceola and Highlands County have high 

probability to experience three events per flu year. While most of 18 counties, such as 

Miami-Dade, Lake and Broward, tend to experience two events per flu year.  A few 

counties, Alachua and Duval Counties for example, have high probability to experience 

one event per flu year. Another application is to visualize the spatial and temporal 

patterns of timing of peak events, which represents the probability to having two ILI 

peak events up to Week 25 (Figure 2-11A), Week 26 (Figure 2-11B), and Week 27 

(Figure 2-11C). These weeks in flu year are the first three weeks in January. ILI peak 

activity doesn’t change much from Week 25 to Week 26, because the pattern in Figure 

2-11A is similar to that in Figure 2-11B. While the probability increases in some 

northeast counties at Week 27, indicating the possible impacts of cold weather in 

January and new semester of schools on ILI activity. These figures can be expanded to 

the entire Florida in the future. Moreover, properties of peak events can also be 

visualized with other social or demographic factors for determining cost-effective 

planning strategies. 

Conclusions 

This study innovatively applies an established method in hydrology and 

climatology to the field of epidemiology to describe the statistical properties of periods 

during which weekly ILI cases exceed critical thresholds. The strong theoretical basis in 

Crossing Theory allows for the calculation of the properties of ILI events above various 

thresholds of interests. The new definition of events of interests beyond “peak events” 

considers only, and all, outbreaks of epidemiological interest and permits estimation of 

the parameters of the distributions. Another advantage of this approach is that it can be 

applied to spatially differentiated data to determine and compare risks associated with 
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peak events, not defined by a common number of cases, but by a common frequency of 

outbreak regardless of the base population of the area (e.g. a weekly count that is only 

experienced in 20%, or 5%, of all the weeks of historic records in a county).   

The methodology has the added flexibility of permitting the extrapolation of ILI 

event properties, especially the number of events and magnitude, to other critical 

thresholds that vary in space and are influenced by environmental, demographic, and 

social factors. With increasing data availability in the future, a longer time period and 

larger sample size can help to better represent these characteristics of ILI events. In the 

meantime, the potentially limited information contained in the standard ILI “peak event” 

(annual maximum) definition hinders public health professionals in efficiently 

implementing timing intervention strategies, such as vaccination, quarantine, thus 

leading to unnecessary socio-economic costs. This study can aid public health officials 

in supporting influenza surveillance and intervention by including the properties of the 

variables, annual event density, timing, magnitude, and duration. The development and 

testing of these flexible models is the first step in an on-going study that seeks to 

establish associations between the statistical properties of ILI events and potential 

environmental factors. These associations can then be combined with vaccination and 

human mobility to give predictions of influenza transmission and to determine optimal 

periods to implement influenza vaccination programs among priority regions. 

Importantly, the models in this study could be easily extended to other infectious 

diseases in the further modification. 
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Table 2-1. Summary of observed and expected parameters of ILI peak events upon raising the thresholds to the 90th and 
95th percentile levels 

Name 
Years 

of 
record 

80th percentile 90th percentile 95th percentile 

μ σ �̅� 𝛬 μ σ �̅� 𝛬 (O/E) μ σ �̅� 𝛬 (O/E) 

Broward 11 24.91 10.76 5.36 2.00 24.33 10.40 3.39 1.64 
1.45 

(72.3%) 
21.75 12.24 2.33 1.09 

0.83 
(41.5%) 

Duval 11 25.06 8.33 6.35 1.55 28.50 6.88 5.30 0.91 
0.90 

(58.5%) 
25.60 7.83 6.20 0.45 

0.48 
(30.8%) 

Miami-Dade 11 26.21 12.34 6.05 1.73 29.82 10.07 5.27 1.00 
0.88 

(50.8%) 
26.33 9.46 4.83 0.55 

0.56 
(32.2%) 

Hillsborough 6 22.63 10.57 7.63 1.33 23.56 12.65 3.22 1.50 
1.02 

(76.7%) 
28.50 8.81 5.25 0.67 

0.59 
(49.8%) 

range 6 29.90 11.79 6.50 1.67 31.40 14.79 6.00 0.83 
0.85 

(50.9%) 
23.00 10.44 4.67 0.50 

0.45 
(26.7%) 

μ: mean of timing; σ: standard deviation of timing; �̅�: mean duration; 𝛬: mean number of events 

 
Table 2-2. Observed and expected parameters of magnitudes upon raising the thresholds to the 90th and 95th percentile 

levels – definition-1 

Name 
Years 

of 
record 

80th percentile 90th percentile  95th percentile  

q0 α k K q0 α (O/E) k (O/E) K (O/E) q0 α (O/E) k (O/E) K (O/E) 

Broward 11 2 4.27 -0.30 93 4 5.36 5.83 -0.29 -0.20 54 60 8 6.85 7.19 -0.29 -0.19 25 41 

Duval 11 10 22.52 -012 103 23 34.33 25.84 0.06 0.02 51 59 41 44.32 27.50 0.27 0.07 27 29 

Miami-Dade 11 18 13.76 -0.16 102 27 15.55 16.75 -0.15 -0.05 53 55 34 26.55 17.94 0.06 -0.03 27 35 

Hillsborough 6 24 20.09 -0.10 56 35 30.67 22.93 0.08 0.00 28 33 53 37.85 24.78 0.22 0.04 13 15 

Orange 6 69 73.93 0.34 59 114 73.36 51.86 0.64 0.42 29 30 155 49.45 31.25 0.68 0.40 14 14 

q0: the threshold; α: the scale parameter of GPD; k: the shape parameter of GPD; K: the total number of events in total flu 

years 
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Table 2-3. Observed and expected parameters of magnitudes upon raising the thresholds to the 90th and 95th percentile 
levels – definition-2 

Name 
Years 

of 
record 

80th percentile 90th percentile  95th percentile  

q0 α k K q0 α (O/E) k (O/E) K (O/E) q0 α (O/E) k (O/E) K (O/E) 

Broward 11 2 5.82 -0.35 22 4 5.75 7.85 -0.37 -0.23 18 16 8 5.67 9.50 -0.40 -0.21 12 9 

Duval 11 10 22.69 -0.24 17 23 31.58 27.59 -0.16 0.003 10 10 41 55.13 29.82 0.09 0.07 5 5 

Miami-Dade 11 18 12.16 -0.26 19 27 14.76 16.42 -0.23 -0.08 11 10 34 21.99 18.25 -0.13 -0.05 6 6 

Hillsborough 6 24 41.54 -0.002 8 35 22.88 41.43 0.05 0.16 9 6 53 46.93 39.60 0.10 0.19 4 4 

Orange 6 69 68.15 0.07 10 114 195.14 40.64 1.74 0.25 5 5 155 1921.63 19.54 34.37 0.09 3 3 

q0: the threshold; α: the scale parameter of GPD; k: the shape parameter of GPD; K: the total number of events in total flu 

years
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Figure 2-1. ILINet – five selected counties in Florida. 

 

 

A B 
 

Figure 2-2. Definitions of ILI peak events above threshold. Blue line: weekly ILI cases, 
red circle: selected peak, and orange line: threshold (q0). A) Definition-1, B) 
Definition-2. 
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Figure 2-3. The mean weekly occurrence of ILI cases in all counties based on defined 
standard deviations (0.25σ, 0.32σ, and 0.5σ). 

 
 
 
 

 
Figure 2-4. Comparison of observed and fitted event distributions in Duval County. 

Observed cumulative probability of events exceeding 80th percentile level and 
fitted cumulative normal distribution. 
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A B  C 
Figure 2-5. Annual event density, timing, and duration at 80th percentile level in Duval County. Timing plots: Probabilities 

of 0, 1, 2, 3, 4 events having occurred, in Duval County, up to any week during the flu year. A) Annual event 
density, B) Timing, C) Duration. 
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A B C 

Figure 2-6. Cumulative distribution functions (CDFs) of observed magnitudes over 80th percentile level based on three 
definitions in Duval County. q0: the threshold ILI for each level and K: the number of weekly ILIs exceeding the 
threshold. A) Traditional definition, B) Definition-1, C) Definition-2. 
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Figure 2-7. Forecasted magnitudes over the 90th and 95th percentile levels from the 80th 

percentile level in Duval County.

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80

0.90

1.00

0 30 60 90 120

C
u

m
u

la
ti

ve
 f

re
q

u
en

cy

Forecasted weekly ILI from 80%

90% GPD fit to observed

90% GPD forecast from 80%

95% GPD fit to observed

95% GPD forecast from 80%



 

44 

A B C 

D E F 

 
Figure 2-8. The observed spatial distribution of the parameter k values at three thresholds based on two definitions. A) 

Defintion-1, threshold 80% - k, B) Defintion-1, threshold 90% - k, C) Defintion-1, threshold 95% - k, D) Defintion-
2, threshold 80% - k, E) Defintion-2, threshold 90% - k, F) Defintion-2, threshold 95% - k. 
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A B 

Figure 2-9. Daily minimum temperature and mean monthly relative humidity in selected cities. A) Daily minimum 
temperature, B) Mean monthly relative humidity. 
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A B 

C 

 
Figure 2-10. Application of annual event density in 18 selected counties in Florida. A) Probability of one event per year, B) 

Probability of two events per year, C) Probability of three events per year. 
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A B 

 C 

Figure 2-11. Application of timing in 18 selected counties in Florida. A) Probability of experiencing two events up to Week 
25, B) Probability of experiencing two events up to Week 26, C) Probability of experiencing two events up to 
Week 27.
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CHAPTER 3 
TOWARD A QUANTITATIVE UNDERSTANDING OF FINE-SCALE TIME LAG 

BETWEEN WEATHER FLUCTUATIONS AND INFLUENZA-LIKE ILLNESS PEAK 
DAYS 

Background 

Since the survival and infectivity of influenza virus is sensitive to meteorological 

factors, weather fluctuations often foreshadow the outbreak of influenza, such as the 

drop in temperature and humidity (Charland et al., 2008; Firestone et al., 2012; Lowen 

et al., 2007). The knowledge on time lags between weather fluctuations and influenza 

activity is crucial for initiating health planning work ahead of influenza epidemics. Not 

surprisingly, a lot of research efforts have recently been devoted to investigating 

influenza-related time lags. For example, Shaman et al. (2010) observed a marked 

humidity change up to two weeks prior to the onset of seasonal influenza epidemics in 

the continental United States. The research done by Tang et al. (2010) demonstrated 

that the incidence of influenza was correlated with meteorological conditions with lags of 

one or two weeks in five study countries. Murray and Morse (2011) found that the 

outbreak of human H5N1 influenza in Egypt and Indonesia occurs 6-8 weeks following 

significant changes of meteorological conditions. More recently, Tamerius et al. (2013) 

reported a time lag of approximately one month between temperature, humidity and 

influenza peaks across temperate and tropical regions.  

Although previous studies have provided valuable information regarding 

influenza time lags, most of them have focused on coarse temporal resolution (by week 

or month) and large spatial scale (by region or country), which leads to two major issues. 

The first issue concerns the temporal resolution. Previous monthly- or weekly-based 

studies failed to capture time lags in days between weather fluctuation and influenza 
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outbreaks. A possible reason is that most influenza reports are published on a weekly 

basis to protect individual privacy (CDC, 2013; WHO, 2013), for example, the Influenza-

Like Illness Surveillance Network (ILINet), and the daily information is often unavailable. 

Immediate response can hardly be implemented without knowing the exact days 

between weather fluctuations and the possible influenza outbreak. Second, research 

findings at large spatial scales are often questioned because of the ecological fallacy or 

the modifiable area unit problem (MAUP) in geography. The ecological fallacy occurs 

when conclusions derived from a general group are blindly applied to individual units 

within that group. The average characteristics of an aggregated group are imposed on 

individual members belonging to that group (Kramer, 1983). In other words, time lags 

observed at the country or regional scale may not be valid for intervention work at a 

state or county scale. 

To date, these issues have not been properly addressed and remained unclear 

due to the lack of data on daily influenza activity. The newly available Electronic 

Surveillance System for the Early Notification of Community-based Epidemics 

(ESSENCE) is a system that organizes electronic emergency department (ED) data at a 

daily scale for the purpose of syndromic surveillance (ESSENCE User Guide, 2010). 

Taking advantage of the ESSENCE data, this article aims to fill the aforementioned 

research gaps by identifying daily scale time lags between weather fluctuations and 

influenza peak days by age-group and by climate division, taking the Florida state as a 

study area. 

Definition of Influenza Peak Days 

The peak day of influenza in this study is defined in the frequency domain by the 

prescription of a specific threshold, different from the common definition in the 
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magnitude domain on basis of a total number of influenza-like illness (ILI) cases of 

particular interest. The “threshold” is used to define peak activity, in terms of common 

percentiles of historic weekly ILI cases (e.g. the 80th percentile), because influenza 

activity is widely reported on a weekly basis. Those weeks with total number of ILI 

cases over the threshold are called epidemic events, or epidemiological events (Figure 

3-1). Among these epidemic events, the one with the greatest total number of ILI cases 

is defined as a peak event, which refers to a week whose total number of ILI cases 

reaches the maximum between a pair of successive up- and down-crossings of a 

threshold level. In addition, a period of two consecutive weeks in which the weekly ILI 

total falls below the threshold is used to separate independent peak events. Within a 

peak event, the influenza peak day is then defined as the day with the greatest number 

of ILI cases within a peak event, which possesses the largest proportion of total ILI 

cases in a peak event. Three common used thresholds are applied in this study, the 80th, 

90th and 95th percentiles. As illustrated in Figure 3-1, there are two peak events at the 

80th percentile level, one peak event at both the 90th and 95th percentiles. For each peak 

event, the peak day within it can be easily identified and then used in subsequent time 

lag analysis, for instance, Day 3 in Figure 3-1 is the peak day during corresponding 

peak event.  

Materials and Methods 

 
Study Area and Data 

Due to data availability, 16 counties in Florida, USA, are selected as study area, 

which represents major climate divisions and a cross-section of demographic 

characteristics (Figure 3-2). Florida is divided into seven climate divisions by the 
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National Climatic Data Center (NCDC) for the purpose of assessing large-scale climate 

features from a long period perspective (Guttman and Quayle, 1996). Divisions 5 and 6 

are combined into one division in this study, denoted as Division 5-6, since Division 6 

only covers a narrow shape of east coast of Florida (Figure 3-2). Division 7 (the Keys) is 

not taken into consideration due to its small population. Among these major climate 

divisions, Divisions 1 and 2 are the two coldest divisions, whereas Division 5-6 is the 

hottest. Different from temperature patterns, the patterns of precipitation are more 

complicated in Florida, varying in seasons. From late fall to early spring (the major 

influenza season), Division 1 is the most humid area of the State, while Division 5-6 is 

the driest. Then, during summer, Divisions 1 and 5-6 are the most humid areas, 

whereas Division 2 is the driest. In fall, the area with highest amount of precipitation is 

Division 5-6 and the areas with lowest precipitation are Divisions 1 and 2. 

ILINet data for peak events 

To identify peak events, weekly ILI data are acquired from the Influenza-Like 

Illness Surveillance Network (ILINet). The ILINet conducts surveillance for ILI in 

collaboration with the Bureau of Epidemiology at Florida State Health Department and 

the Centers for Disease Control and Prevention (CDC) (FDOH, 2013). The weekly 

reported ILI visits and patients’ ages in each of 16 counties from Week 29, 2006 to 

Week 15, 2012 are included in subsequent analyses. For a sensitivity analysis, the peak 

events are identified for each of the 16 counties based on following three thresholds, the 

80th, 90th, and 95th percentiles.  

ESSENCE data for peak days 

For each identified peak event, the daily ILI cases of 14 consecutive days are 

obtained from the ESSENCE database, including seven days prior to the peak event 
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and seven days within the peak event. Components of the daily data from the EDs 

include several patients’ features, such as age, chief complaint, date of visit, time of visit, 

and etc. The daily ILI cases are further separated into five age groups (0-4, 5-17, 18-44, 

44-64, and 65+) to eliminate the confounding effects of age. The peak day by age group 

then can be detected within a peak event, as the day with the highest ILI cases, for time 

lag analysis.  

Weather data 

To link influenza peak days with weather fluctuations, daily meteorological data 

are extracted from weather stations (Figure 3-2) of Florida Automated Weather Network 

(FAWN, 2013). Three meteorological factors are selected to represent weather 

fluctuations, including: the minimum temperature, average relative humidity and 

minimum dew point. Their roles in influenza transmission have been widely recognized 

(Yassine et al., 2010; Shaman et al., 2011; Shoji et al., 2011; Davis et al., 2012). The 

daily weather records are organized as a serial of 14 days paired with the 14 days 

associated with each identified peak event. The paired weather and ILI cases are then 

input into a survival analysis to estimate time lags, discussed as follows. 

Methodology – Survival Analysis 

Generally speaking, survival analysis is a set of statistical techniques for 

analyzing time to event data, such as the data with time to death, or time to onset of a 

disease (Klein and Moeschberger, 2003). The outcome of interest is the time duration to 

an event of interest, denoted as T, a non-negative random variable representing the 

waiting time until the occurrence of an event. The distribution of T can be estimated by 

the hazard function h(t) and cumulative hazard functions H(t):  

http://www.ncbi.nlm.nih.gov/pubmed?term=%22Shoji%20M%22%5BAuthor%5D
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ℎ(𝑡) = lim
∆𝑡→0

𝑃(𝑡≤𝑇<𝑡+∆𝑡|𝑇≥𝑡)

∆𝑡
  (3-1) 

𝐻(𝑡) = ∫ ℎ(𝑢)𝑑𝑢
𝑡

0
  (3-2) 

where the hazard function h(t), also known as the hazard rate, or the failure rate, 

indicates the instantaneous probability per time unit ∆𝑡 for the event to occur, given that 

the individual events has “survived” or persisted up to time t. The numerator of h(t) is 

the conditional probability that the event occurs in the time interval (t, t+∆𝑡), and the 

denominator is the width of the interval. For small ∆𝑡, the hazard rate can be expressed 

as the density of events at t, divided by the probability of surviving to that duration 

without experiencing the event. The cumulative hazard H(t) is the integral of hazard 

function.  

Relevant to this study, the hazard event refers to the defined ILI peak day as 

aforementioned. Within the corresponding 14 days, the days before the peak day are 

used to detect a marked change of meteorological observations, for example, to identify 

the day with a drop in temperature. This study applies the easiest way to define such a 

day, which is to identify the day with the minimum meteorological conditions (e.g. 

minimum temperature, average relative humidity or minimum dew point). This day is 

then set to be the beginning point of survival analysis. The duration from the beginning 

point to the peak day is estimated for h(t) and H(t). The time lag T is estimated as: 

𝑇 = 𝑎𝑟𝑔 𝑚𝑎𝑥
𝑡

ℎ(𝑡)  (3-3) 

where arg max represents the argument of the maximum and h(t) is the hazard function. 

This equation gives the value of t for which h(t) attains its largest value. In other words, 

the time lag T is estimated by the time duration that the hazard rate reaches the 

maximum. The hazard function h(t) and cumulative hazard functions H(t) for ILI peak 
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events at the 80th, 90th, and 95th percentiles are estimated for five age-specific groups 

and five climate divisions respectively. 

Results 

Time Lags by Age Group 

Table 3-1 shows the time lags by age group and by meteorological factor at the 

three thresholds. At the threshold of the 80th percentile, time lags range from 3.2 to 5.1 

days, varying across age groups and meteorological variables. The elderly people over 

65 years old are most sensitive to weather fluctuations because the time lag of this age-

specific group is the shortest among all age groups, especially in terms of minimum 

temperature (3.4 days) and minimum dew point (3.2 days). Except for average relative 

humidity, the age group 5-17 has shorter time lag (3.9 days) than group 65+ (4.0 days). 

Another sensitive age group is group 0-4, which has relatively short lags compared with 

other three age groups. However, this age group has the longest time lag of 5.1 days 

when relating to average relative humidity. The age group 18-44 seems to be the least 

sensitive group to weather fluctuations, displaying relatively long time lags. Three 

weather conditions play different roles in affecting time lags of age groups. When 

compared to drops of minimum temperature and dew point, the drop in relative humidity 

has fewer impacts on ILI peak days, in terms of relatively long time lags presenting by 

all five age groups. For example, in the age group 65+, time lags after the drop in 

minimum temperature and dew point are around 3 days, while the time lag after the 

drop in average relative humidity is around 4 days. 

The increase of threshold in the definition of peak event does not significantly 

affect time lags. Time lags range from 3.2 to 5.2 days at the 90th percentile and from 3.1 

to 6.8 days at the 95th percentile, similar to those at the 80th percentile. Only one 
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interesting difference has been observed when the time lags at the 90th and 95th 

percentiles associate with average relative humidity. That is, the age group 5-17 has the 

longest time lag of 5.2 days compared with other four groups at the 90th percentile and 

the group 18-44 has the longest time lag of 6.8 days compared with other groups at the 

95th percentile, which are different from observations at the 80th percentile. 

Time Lags by Climate Division  

Time lags also vary over space. Figure 3-3 displays time lags of given age group 

influenced by three meteorological factors at the threshold of the 80th percentile. These 

time lags ranging from 1 to 13 days are estimated based on cumulative hazard 

functions at five divisions at the 80th percentile. In response to drops of the three 

meteorological factors, the time lag of group 0-4 tends to be shorter in Divisions 1 and 4, 

while age groups 5-17 and 65+ have relatively short lags in Division 3. All groups 

experience longest time lags in Division 2, except group 18-44 with longest time lags in 

Division 3. The lags for five age groups seem to be consistent in Division 5-6 between 4 

and 6 days.  

Similar results can be found at the 90th and 95th percentiles. However, some 

differences have also been observed. In Division 2, time lags at the 90th and 95th 

percentiles for older age groups relevant to three meteorological factors tend to be 

shorter. For example, the lag of age group 65+ in response to the drop in minimum 

temperature at the 90th percentile (Figure A-1 in Appendix A) and the lag of age group 

44-64 (Figure A-1I in Appendix A) in response to the drop in minimum dew point at the 

95th percentile are the shortest in Division 2. The lags of five age groups are relatively 

consistent in five divisions related to average relative humidity (Figure A-1E and Figure 

A-1F in Appendix A).  
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Discussions 

Temporal Scale  

Time lags have been discussed currently at different temporal scales, for 

example, monthly scale (Tamerius et al., 2013), bi-weekly scale (Murray and Morse, 

2011) or weekly scale (Tang et al., 2010). In this study, time lags are identified between 

three to seven days in five age groups in response to the drops in three meteorological 

conditions, which is much shorter than other previously studies. One of the major 

reasons lies in that the coarse time scale applied in these studies prevent estimating 

associations between meteorological conditions and ILI peaks at a fine scale. Another 

possible reason is the timing of influenza activity focused in studies. This study focuses 

on peak event, while other studies concentrate on the onset of ILI epidemics (Tamerius 

et al., 2013) or the outbreak of influenza activity (Murray and Morse, 2011). The 

different definitions of timing may result in various time lags. Additionally, models in the 

limited studies of daily scale (Chan et al., 2011) have a potential limitation that they are 

constructed for several specific hospitals. Thus, these models may be unrepresentative 

for large areas. As an improvement, this study examines time lags at a daily scale with 

relatively representative study area, ranging from three to seven days (Table 3-1) in 

various age groups, meteorological conditions and thresholds. These findings are 

capable of capturing the dynamics of ILI activity in response to the drops in 

meteorological conditions.  

Impacts of Climate Division 

Regarding to the spatial scale, a fine spatial scale is called for a better 

understanding of the association between metrological conditions and peak events 

(Lowen et al., 2007). This study takes climate divisions into consideration, which has 
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never been discussed. The identified time lags vary across climate divisions, implying 

the potential influences of geographic variability on ILI peak activity. Transmission rates 

of various influenza viruses are found to be higher at relatively low temperature (Tang et 

al., 2010; Lowen et al., 2007; Murray et al., 2011; Irwin et al., 2011). Mean average daily 

temperatures during January, the coldest month of the year drops to a lower 10°C in 

Divisions 1 and 2, approaching the optimum temperature for flu transmission (8°C). 

Accordingly a low temperature has great potential to influence time lags, especially in 

Northwest Florida. In addition, the impacts of relative humidity and dew point on time 

lags may be affected by an abundance of precipitation in Florida. As one of the wettest 

states, Florida has approximately on average 1.37 meters of precipitation annually 

(Winsberg et al., 2003). The Panhandle (Division 1) is the wettest region in Florida from 

late fall to early spring (the major flu season). High humidity in the air may reduce the 

survival time of influenza viruses. Besides, time lags in Divisions 3 and 4 are relatively 

short, especially when peak events are defined at the 80th percentile. Time lags are one 

to two days shorter in these two divisions than in Division 5-6. The possibility of 

transmission through human contact and mobility in central and southeastern Florida 

due to busy road network and air travel may help to explain these variations and 

deserve further attention. 

Impacts of Age  

As prior research has demonstrated, age is a significant contributor to influenza 

infection (Longini et al., 1988; Olson et al., 2007; Riley et al., 2011; Gilca et al., 2011). 

Young children are at high risk of infection and adults 65 years and older exhibit great 

potential to develop severe symptoms and even die from influenza-related diseases 

(Viboud et al., 2004; Ertek et al., 2010; Gilca et al., 2011; Zhang et al., 2011). However, 

http://www.ncbi.nlm.nih.gov/pubmed/17683196
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few studies have examined time lags by age group. This study attempts to identify time 

lags resulted from age variations. As shown in Table 3-1, the estimated time lags 

corresponding to the decreases of three meteorological conditions in the five climate 

divisions vary by age. In this study, two high risk groups, children (0-4) and adult (65+) 

reveal relatively short lags, whereas the adult group (18-44) displays the longest lags 

following weather fluctuations. It worth mentioning that age group 65+ apparently has 

the shortest lags among the five studied age groups. Besides, the lifestyle of adults 65 

years and older in Florida may also have influences on this observed pattern. This is 

because Florida has higher percentage of adults 65 years and older, and senior centers 

and communities compared with other states. The concentrated high risk population 

leads to quick transmission of influenza.  

Impacts of Threshold (Frequency) 

This study identifies time lags based on three common thresholds, the 80th, 90th 

and 95th percentile levels. The increase of threshold in defining peak event does not 

significantly affect time lags, indicating the limited impacts of threshold on time lags. The 

possible reason is that the peak events at three thresholds (the 80th, 90th and 95th 

percentiles) are extracted from the same historical records. The selected samples of 

peak events are similar at different thresholds, which minimize the impacts of thresholds 

on time lags. There are still some differences at three thresholds. For example, the least 

sensitive age group associated with average relative humidity changes with the 

increase of thresholds. The age group 18-44 presents the longest time lag of 6.8 days 

at the 95th percentile, compared with the least sensitive age group 5-17 at the 90th 

percentile and group 0-4 at the 80th percentile. Besides, elder age groups 45-64 and 

65+ are more sensitive to weather fluctuations at higher thresholds, especially in 
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Division 2 with relatively cold winter. These findings suggest the important role of age in 

the spread of influenza. More importantly, such pattern is obviously presented by the 

increase of thresholds, or peak events with remarkable high magnitudes (number of ILI 

cases), indicating the high risk age groups in the severe outbreak of influenza 

epidemics. 

Limitations 

There are several limitations of investigation. One limitation is that this study 

only analyzes five climate divisions in Florida due to the available data, all 

belonging to subtropical and tropical climate. Therefore, it is important and 

necessary to replicate the study and assess the impacts of geographic variability in 

other climate divisions in the future to reach a firm conclusion. The second 

limitation is that this study adopts the day with the lowest value of meteorological 

conditions as the beginning point. For example, the day with the lowest minimum 

temperature before the peak event is the beginning point. This is because the 

lowest value is easy to measure and identify. In fact, beginning points could be 

defined based on other alternative criteria, for example, specifying a value to 

measure and define the drop in weather conditions. This issue of refining the 

beginning point when conducting survival analysis deserves special attention in 

future research.  

Third, this study only applies three common thresholds, the 80th, 90th and 95th 

percentile levels. However, the threshold used for defining peak event may vary in 

regions and diseases, and then can be extended to other levels of medical interest in 

the future. The final limitation is about the data sources, mainly the ILINet and 

ESSENCE. The data of the ILINet are reported by sentinel providers once a week, 
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including the ILI cases and laboratory confirmed cases. However, the coverage of 

sentinel providers in Florida is still low, especially in early 2000s, although it increases 

gradually now. In other words, the high ILI cases found in recent years may not be 

completely resulted from high ILI activity, but from the increasing number of sentinel 

providers. The data of the ESSENCE are collected from EDs once a day using chief 

complaint information. Different from the coverage of sentinel providers for the ILINet, 

the coverage of EDs for the ESSENCE is much higher, around 75% hospitals in Florida. 

The collected ILI cases from EDs, however, are normally severe cases. These severe 

cases may not be applied to all ILI activity.  

Conclusions 

This study applies the ESSENCE data and survival analysis to quantify fine-

scale time lags between weather fluctuations and the onset of ILI peak days in 

Florida. Through defining peak events at three thresholds from the frequency 

domain, this study finds evidence that the influences of fluctuations of 

meteorological conditions (minimum temperature, average relative humidity, and 

minimum dew point ) on ILI peak days vary with age (3.2-5.1 days, 80%; 3.2-5.2 

days, 90%; 3.1-6.8 days, 95%). Age group 65+ is the most sensitive group to 

weather fluctuations, with a shorter time lag of one to two days than group 18-44. 

Time lags also vary over space. People in high temperature and abundant 

precipitation area (e.g. Division 5-6) experience a longer time lag of one to two 

days than that does in relative low temperature and low precipitation area(e.g. 

Division 3). Among three weather conditions, average relative humidity has the 

least impact in affecting influenza activity. 
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The research outcomes would contribute to the current knowledge of influenza 

diseases in following two folds. First, as one of the first attempts to estimate time lags 

between weather fluctuations and ILI peak activity at a fine spatio-temporal scale, this 

study minimizes the impacts of ecological fallacy and fills the void that only coarse time 

lags (monthly/weekly lags) are available. Second, as one of the earliest studies to utilize 

the ESSENCE data, this study takes advantage of its wide coverage and detailed data 

to understand ILI activity and associated impacts. This study serves as an example of 

applying ESSENCE to explore the relationship between disease and environment. From 

a practical point of view, based on the definition of peak events, the fine-scale time lags 

identified in the study can be used to improve surveillance systems and to determine 

optimal periods for implementing cost-effective influenza vaccination programs among 

high risk groups and areas.  
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Table 3-1. Time lags for age groups at three thresholds 

Thresholds Age groups Minimum Temp (95% CI) Average RH (95% CI) Minimum DP (95% CI) 

80% 

0-4 3.6 (3.3, 3.8) 5.1 (4.8, 5.3) 3.6 (3.3, 3.8) 

5-17 3.8 (3.5, 4.0) 3.8 (3.6, 4.1) 4.1 (3.8, 4.3) 

18-44 4.2 (3.9, 4.2) 4.6 (4.3, 4.8) 4.0 (3.8, 4.2) 

45-64 3.8 (3.5, 4.0) 4.1 (3.8, 4.3) 4.3 (4.0, 4.5) 

65+ 3.4 (3.1, 3.6) 4.0 (3.8, 4.2) 3.2 (2.9, 3.4) 

     

90% 

0-4 3.5 (3.2, 3.7) 5.1 (4.9, 5.3) 3.4 (3.2, 3.6) 

5-17 3.8 (3.5, 4.0) 5.2 (4.9, 5.4) 3.6 (3.4, 3.8) 

18-44 4.8 (4.6, 5.0) 5.1 (4.9, 5.3) 4.0 (3.8, 4.2) 

45-64 4.2 (3.9, 4.4) 4.0 (3.8, 4.2) 3.7 (3.5, 4.0) 

65+ 3.2 (3.0, 3.4) 4.9 (4.7, 5.1) 3.8 (3.5, 4.0) 

     

95% 

0-4 3.3 (3.1, 3.5) 5.3 (5.1, 5.5) 4.0 (3.8, 4.2) 

5-17 4.2 (3.9, 4.4) 4.6 (4.4, 4.8) 5.0 (4.8, 5.3) 

18-44 4.9 (4.6, 5.1) 6.8 (6.5, 7.0) 5.0 (4.7, 5.2) 

45-64 3.5 (3.3, 3.7) 4.8 (4.6, 5.0) 4.4 (4.1, 4.6) 

65+ 3.1 (2.9, 3.4) 5.3 (5.0, 5.5) 3.7 (3.4, 3.9) 
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Figure 3-1. Definitions of ILI peak days and peak events above three thresholds. The 

insert shows the daily ILI activity during the peak event. The peak event is 
defined by the ILINet data and the peak day is identified by the ESSENCE data. 
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Figure 3-2. Study counties within climate divisions in Florida. 
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Figure 3-3. Time lags of given age group at 80th percentile by meteorological factor by climate division. A) Minimum Temp, 
B) Minimum RH, C) Minimum DP.
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CHAPTER 4 
MODELING INFLUENCES OF METEOROLOGICAL VARIATIONS ON DAILY 

INFLUENZAN-LIKE ILLNESS ACTIVITY DURING PEAK EVENTS 

Background 

Annual activity of influenza-like illness (ILI) usually peaks during one or several 

weeks, referred to “peak events”. As a marker of epidemics, these peak events are one 

of the most easily identified features in a given season (Charland et al., 2009). 

Properties of peak events could offer critical implications in disease surveillance, 

dynamics and control policies (Fleming et al., 1999; Bock et al., 2008). For example, the 

potential magnitude of peak events indicates the scale of an outbreak, and suggests the 

amount of health resources required for the public health (Cooper et al., 2009). It is not 

surprising that the peak events have received increasingly attention in recent years 

(Greene et al., 2006; Zaraket et al., 2008; Charland et al., 2008).  

For early prevention and control of influenza, lots of efforts have been devoted to 

explore possible drivers of the onset of influenza peaks (Alonso et al., 2007; Charland et 

al., 2008; Finkelman et al., 2007; 2007; Sagripanti & Lytle, 2007). Humidity and 

temperature have been found to facilitate the airborne transmission of the virus (Alonso 

et al., 2007; Charland et al., 2008; Lowen et al., 2007). Studies also suggest solar 

radiation as a potential factor for influenza epidemic outbreaks, because exposure to 

sunlight at various times has impacts on innate immunity and airborne virus (Cannell et 

al., 2006; Charland et al., 2009; Finkelman et al., 2007; Sagripanti & Lytle, 2007). A 

majority of current studies have concentrated on weekly or bi-weekly scale, because the 

ILI activity is often reported on a weekly basis by health authorities, such as the Centers 

for Disease Control and Prevention (CDC). However, it is widely known that the activity 

of influenza varies by day, because of the characteristics of virus. Due to the coarse 
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time scale, these aggregated weekly or bi-weekly data prevent epidemiologists from 

understanding the impacts of daily meteorological variation on ILI activity (Murray and 

Morse, 2011; Tamerius et al., 2013), especially ILI dynamics in peak events. There are 

limited numbers of daily-scale studies on the influences of meteorological variations on 

ILI activity (Chan et al., 2010; Charland et al., 2009). However, they are usually 

restricted to one or several specific hospitals. The small sample size cannot provide 

reliable estimation of ILI activity for large spatial scales, such as city, county or state. 

The lack of daily forecast models may mislead the forecast of influenza peak events and 

weaken the effectiveness of intervention strategies. 

Taking advantage of the Electronic Surveillance System for the Early Notification 

of Community-based Epidemics (ESSENCE) data, which is organized on a daily basis, 

this study builds upon an understanding of associations among the daily ILI activity 

during peak events, meteorological conditions, and statistical properties of peak events. 

Materials and Methods 

Study Area and Data 

In the past decade, an average of 2,900 people died from influenza per year in 

Florida (CDC Wonder, 2012). There are several factors that may suggest the readily 

transmission of influenza in the state, such as a large tourism industry, immigration and 

a high proportion of elderly population. More importantly, much of Florida experiences 

periods of relatively low temperatures and low humidity in winter even as sub-tropical 

location. In this study, 16 counties are selected as representatives of six major climate 

divisions in Florida (except Division 7 – Keys with small population) (Figure 4-1). 

Climate divisions from the National Climatic Data Center (NCDC) are used for 

assessing large-scale climate features from a long period perspective (Guttman and 
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Quayle, 1996). Due to a narrow shape of east coast, Climate Division 6 is combined 

with Division 5. Therefore, this study discusses five climate divisions. Among these 

divisions, Divisions 1 and 2 experience the lowest mean average temperatures around 

lower 10°C during the coldest (January) month in Florida, while Division 6 have the 

highest mean average temperatures around 15.6°C. Different from temperature patterns, 

Divisions 1 and 6 are the wettest area of Florida. 

Two sets of ILI data are used for this study. One is obtained from the Influenza-

Like Illness Surveillance Network (ILINet), which conducts surveillance of weekly ILI 

outpatient cases (Florida DOH, 2012). These weekly ILI data between week 29, 2006 

and week 15, 2012 are used to identify peak events and associated properties for 16 

counties of Florida. The second data set describes corresponding data of daily ILI cases 

(a series of 14-days) for each peak event acquired through the ESSENCE, which 

collects electronic emergency department (ED) data for syndromic surveillance in 

communities (ESSENCE User Guide, 2010). Currently, ED data in the ESSENCE of 

Florida is de-identified from 163 hospitals and urgent care centers (ESSENCE User 

Guide, 2010) and updated once a day. The reported number of daily ILI visits and their 

ages in each county during the selected peak events are included in the analysis. The 

daily ILI visits are further separated into five age-specific groups (0-4, 5-17, 18-44, 45-

64, and 65+) to estimate the impacts of population demographics on ILI activity in 

Florida. 

The data of daily meteorological conditions for 16 counties are obtained from 

weather stations of the Florida Automated Weather Network (Figure 4-1), including daily 

minimum air temperature (MINT), minimum dew point (MINDP), average solar radiation 
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(AVGSR), and maximum wind speed (MAXWS). This study uses dew point, indicating 

the amount of moisture in the air, as a surrogate for relative humidity because it is 

independent of air temperature (Davis et al., 2012; Shaman et al., 2009). 

Peak Events and Their Properties 

The “threshold” is introduced first, in terms of common percentiles of historic 

weekly ILI cases. Weeks with total number of ILI cases over a threshold are epidemic 

events, or epidemiological events. Among them, the one with the highest total number 

of ILI cases is the peak event, as the week whose number of ILI cases reaches the 

maximum between a pair of successive up- and down-crossings of a threshold level. In 

addition, a period of two consecutive weeks in which the weekly ILI total falls below the 

threshold level is used to separate independent peak events. A commonly used 

threshold – the 80th percentile is applied in this study. For example in Figure 4-2, two 

critical events with maximum magnitudes between successive up- and down-crossings 

of the 80th percentile are considered as peak events. This definition has the advantage 

of statistically characterizing properties of peak events, such as annual event density, 

their magnitude and duration. These three properties are represented by parameter Ʌ, 

shape parameter k and shape parameter k’ respectively and estimated from the peak 

events in each of the 16 counties. The impacts of these three properties on daily ILI 

activity in peak events are examined in the subsequent analysis.  

Hierarchical Modeling 

A two-level hierarchical model is implemented to examine associations among 

the daily ILI activity during peak events, weather conditions, and properties of peak 

events. For each peak event, a series of 14-day daily ILI cases are extracted, which are 

seven days before the peak event and seven days in the peak event. The level-1 model 
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determines the change of daily ILI activity within each peak event, suggesting the trend 

of daily ILI visits from age-specific groups over corresponding 14 days during each peak 

event. The level-2 model plots differences between peak events (Bryk & Raudenbush, 

1987). Let yti denote the number of ILI visits during the i-th peak event on the t-th day for 

each of the five age-specific groups, where i=1,…, n and t=1,…, 14. n is the total 

number of identified peak events. The time lags between weather conditions and 

influenza peak days are considered in the analysis for pairing daily weather conditions 

with daily ILI cases on the t-th day (see Table B-1 in Appendix B). These time lags vary 

in age groups and weather conditions (only for minimum temperature and minimum dew 

point), denoted as l. This study assumes daily ILI visits at EDs to follow a Poisson 

distribution (Chan et al., 2010). The daily variability of the number of ILI visits at the 

level-1 model is represented as: 

𝑦𝑡𝑖~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝑡𝑖) (4-1) 

where the parameter λti is the expected risk for the corresponding peak event and time 

interval. Two models are applied to compare the impacts of climate divisions and 

properties for peak events on ILI activity. The first model (model-1) only considers daily 

weather conditions and the second model (model-2) incorporates climate divisions and 

properties for peak events. Both models have the same level-1 model, which is 

expressed as: 

log(λti) = π0 + π1 *DAYti + π2 *MINTt-li + π3 *MINDPt-li + π4 *AVGSRti + π5 

*MAXWSti +e 

(4-2) 

For i=1, …, n peak events, where DAYti is the time unit for each peak event i, 

t=1,…, 14, and MINTt-li, MINDPt-li, AVGSRti, and MAXWSti are time-varying covariates at 
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level-1 for each individual event i. Subscript t-l represents a time lag of l days, indicating 

the minimum temperature and minimum dew point of the t-l-th day. e is the errors 

independent and normally distributed with common variance σ2. For the model-1 without 

the impacts of climate divisions and properties of peak events, the level-2 is: 

π0  = β00 + r0 

π1  = β10 

π2  = β20 

π3  = β30 

π4  = β40 

π5  = β50 

(4-3) 

For the model-2 with the impacts of climate divisions and properties for peak 

events, the level-2 model is: 

π0  = β00 + β01 *Ʌ + β02 *k + β03 *k’ + r0 

π1  = β10 

π2  = β21 *CD1 + β22 *CD3 + β23 *CD4 + β24 *CD5-6 

π3  = β31 *CD1 + β32 *CD3 + β33 *CD4 + β34 *CD5-6 

π4  = β40 

π5  = β50                                   

(4-4) 

Variables at level-2 model are the parameters for differences between peak 

events (slope or growth). Division 2 is designed as a reference for its relatively low 

temperature and moderate precipitation compared with other four climate divisions. CD1, 

CD3, CD4, and CD5-6 are dummy variables for respective climate division. Ʌ stands for 

the parameter for annual event density as the mean number of events per flu year. k 
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and k’ represent shape parameters respectively describing magnitudes and durations at 

the 80th percentile level. These three parameters for properties of peak events are used 

to measure contextual characteristics of counties. β01, β02, and β03 are the effects of Ʌ, k, 

and k’ on the intercept. β10 is the growth rate for county i over 14 days and represents 

the expected change during a fixed unit of time (14 days). β20, …, β50, refer to the 

effects of time-varying covariates on the corresponding parameters. r0 is a random 

effect with mean of 0. All analyses are conducted in the software HLM 7.0.  

Results and Discussions 

Results of Modeling 

A total of 177 peak events in 16 counties are identified and then analyzed in HLM. 

At first, an unconditional model with no predictors is tested for each age group to check 

whether hierarchical modeling is required and appropriate. Based on the unconditional 

model, all five age groups are significant (p<0.05), suggesting significant differences 

between peak events for five age groups. When considering the impacts of time (DAY) 

on the risk of daily ILI cases, however, only two age groups (45-64 and 65+) are 

significant as shown in Table 4-1. The significant impacts of DAY indicate that there 

exist significant differences between peak events during a series of 14 days in these 

two age groups. 

Based on the above results, only age groups 45-64 and 65+ can be analyzed in 

the following analysis. After examining a series of 14 days daily ILI visits from these two 

age groups in corresponding peak events, results of hierarchical modeling determine 

the trajectory of daily ILI visits from these two age groups over 14 days during ILI peak 

events. Tables 4-2 and 4-3 are comparisons between model-1 and model-2 for these 

two groups. Both models show positive associations between ILI visits and time variable 
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DAY, implying the increasing number of ILI visits within 14 days. The detailed results of 

associations between variables and daily ILI visits during peak events can be found in 

Tables B-2-B-5 in Appendix B. More importantly, without considering the impacts of 

climate divisions and properties of peak events on daily ILI activity, no meteorological 

variables are significantly associated with daily ILI activity in peak events. Minimum 

temperatures and minimum dew points play significant impacts on daily ILI visits from 

two age groups considering the influences of climate divisions and properties of peak 

events. Maximum wind speed and average solar radiation have few impacts on the daily 

number of ILI visits in Florida. However, significant differences in effects of properties of 

peak events on daily ILI visits from these two age groups between counties do emerge.  

Age 

Among five age groups examined in this study, only two age groups 45-64 and 

65+ appear to be significantly represented by an increasing linear trend of ILI visits over 

14 days during peak events. The coefficient of DAY for age group 65+ is 0.024 higher 

than the coefficient for age group 45-64 as 0.010, suggesting the number of ILI visits 

from age group 65+ over 14 days increases faster than ILI visits from age group 45-64. 

In fact, older people have higher risk of developing severe diseases and death 

compared with other age groups (Gilca et al., 2011; Zhang et al., 2011; Van Kerkhove 

et al., 2011). In addition, the lifestyle of aging population in Florida may also contribute 

to such increasing pattern. Florida has the highest proportion of population 65 years and 

older in the US. Senior centers and communities with high proportion of older people 

have high risk of occurrence of flu peaks due to close-contact infections. Besides, this 

study only considers the linear relationship, but other non-linear relationships may also 

exist and will be discussed in the future. 

http://www.ncbi.nlm.nih.gov/pubmed?term=%22Van%20Kerkhove%20MD%22%5BAuthor%5D
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Properties of Peak Events 

Unlike the traditional definition that only captures one single highest ILI peak 

event per flu year (Smith, 1982; Sakai et al. 2004), this study identifies ILI peak events 

with the definition from the frequency domain, which is capable of describing the 

important statistical properties of such peaks, including annual event density, magnitude, 

and duration. As indicators of county contextual features, the calculated associations 

between these properties and peak events reveal the initial status (intercept) of daily ILI 

during peak events in different counties as well as the interplay of these properties and 

other drivers. Among these three parameters, only parameter Ʌ for annual event density 

is significant related to daily ILI activity. The coefficient β01 associated with Ʌ is -0.869 

for group 45-64 and -0.534 for group 65+, representing the negative relationship 

between annual event density and daily ILI activity during peak event. Small annual 

event density results in high number of daily ILI cases at the first day for peak events. 

This is because a county with small annual event density may experience peak events 

with remarkable high magnitude (more ILI cases).  

There is one potential limitation of the analysis. This study only analyzes 16 

counties in five climate divisions in Florida due to the available six years’ data, because 

most counties did not have the necessary continuity of reports during a longer time 

period. This does highlight one of the advantages of definition of peak event used in this 

study, which is capable of reasonably maximizing the information from the limited 

available data for complicated statistical analysis. The added data covering more 

counties and longer time period in the future can better support the findings in this study. 

Additionally, this study only applies the common 80th percentile as the threshold to 

define peak events. In practice, the threshold can be easily extended to other thresholds 
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of medical interest that are influenced by social, behavioral, and physical factors in the 

future. These extensions can incorporate the impacts of factors on definition that vary in 

space and then contribute to the surveillance of disease. 

Weather Conditions 

The significantly negative association between minimum temperature and daily 

ILI visits from two age groups indicates daily ILI visits increase when the minimum 

temperature decreases. The impacts of minimum temperature vary between climate 

divisions, indicating the occurrence of peak events resulted from geographic variability. 

For the two age groups, the effects of minimum temperature are larger in Divisions 3, 4 

and 5-6 than in Division 2. As Lowen et al. (2007) suggested, low temperature 

increases the transmission rate of various influenza viruses (optimum: 8°C). Mean 

monthly temperatures (Figure 4-3A) during the coldest month (January) range from the 

lower 10°C in Divisions 1 and 2 to the high 15.6°C in Divisions 5 and 6. The sudden 

drop of temperature in Divisions 3, 4 and 5 may have significant impacts compared with 

that in Division 2 which is always with relatively low temperature (Keatinge et al., 1997; 

Keatinge et al., 2000). 

Independent to temperature changes, dew point is studied in this study as a 

measure of humidity. Different from the impacts of minimum temperatures, minimum 

dew point is not significantly associated with daily ILI activity throughout the entire 

Florida. In fact, Florida is one of the wettest states in the US, approximately on average 

1.37 meters of precipitation falling on the State annually (Winsberg et al., 2003). The 

Panhandle and southeastern Florida (Divisions 1 and 6) are the two wettest parts of the 

state (Figure 4-3B). Division 1 experiences two wet seasons, with one in winter, 

increasing the humidity in the air and decreasing the risk of infection. Due to the amount 
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of precipitation in the state, there is no significant impact of dew point on ILI peak 

activity in the entire Florida. However, the interactions of climate divisions and minimum 

dew points are still estimated. Minimum dew point in Division 4 has a weaker impact on 

ILI activity for age group 45-64 than that does in Division 2. While for people 65 years 

and older, minimum dew points in Division 3 and 5-6 have weaker impacts on ILI activity 

than that does in Division 2.  

Maximum wind speed and solar radiation do not directly account for the daily ILI 

activity during peak events in Florida. The maximum wind speed of may play effects on 

ILI peak events in Florida. The increasing speed of wind results in less risk of ILI peak 

activity. As Larissa & Christopher (2005) pointed out that substantially more 

precipitation are associated with faster winds in Pacific inter-tropical convergence zone. 

The increasing amount of precipitation may increase the humidity in the air and then 

decrease the risk of infection. Besides, faster wind can increase air flow and decrease 

the risk of inhale aerosols with flu virus in the air. In addition to the maximum wind 

speed, solar radiation is not found to contribute to ILI peak activity in Florida. Belser et 

al. (2010) suggested that the lack of sunlight in winter aids the survival of the virus in 

airborne droplets. The low winter UV-radiation rates are found to allow aerosolized virus 

to survive for days in regions of higher latitudes (Sagripanti & Lytle, 2007). Reduced 

exposure to solar radiation is considered as a determinant of epidemic timing, especially 

in temperate region (Finkelman et al., 2007; Charland et al., 2009). However, Florida is 

located at lower sub-tropical latitudes which even at winter experiences about 10 hours 

of daylight and receives about 70% of the solar constant. Such unique feature may 

minimize the influences of solar radiation on ILI peak activity in Florida.   
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Conclusions 

This study presents a two-level hierarchical linear model to spatio-temporally 

measure associations among weather conditions, properties of peak event, and daily ILI 

activity during peak events in Florida. The identified spatio-temporal trends provide 

statistical evidence of minimum temperature and minimum dew point as predictors of 

daily ILI peak activity only for two age groups 45-64 and 65+ in Florida, different from 

what has been found in the previous studies at weekly or monthly scales. The outcome 

suggests that minimum temperature is significantly negative associated with daily ILI 

activity for these two age groups throughout the entire Florida. Additionally, the impacts 

of these predictors vary in climate divisions. The impacts of minimum dew point are 

larger in the low temperature area than in the relatively high temperature area. These 

outcomes would contribute to the current knowledge of influenza diseases in following 

two folds. First, this study is one of the first attempts to examine the associations 

between meteorological conditions and ILI activity during peak events at a daily scale, 

which contributes to designing timely effective strategies for disease prevention. More 

importantly, the identified associations are stratified by age and by climate division, 

which help to target high risk groups and areas. Second, this study originally 

incorporates the properties of peak events in analyzing the daily ILI activity in peak 

events, which has never been discussed. These statistical properties of peak events, 

derived from historical records describing long term ILI behavior, may help to model ILI 

peak activity in spatially differentiated areas. 

From a practical aspect, the peak events defined from the frequency domain 

allows for the calculation of properties of ILI peak events above the threshold of 

epidemiological interests. These properties deserve further attention due to their 
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potential to improve surveillance and implement intervention strategies by explaining the 

initial status of daily ILI visits during peak events at spatially differentiated units, for 

example, the county in this study. Using climate divisions could help to better 

understand the impacts of weather in affecting daily ILI activity during peak events. The 

associations identified in this study potentially offer a basis for forecasting influenza 

peaks in advance and then help to identify optimal periods and priority regions and risk 

groups for the implementations of cost-effective influenza vaccination programs. More 

importantly, this model can be appropriately modified for other infectious diseases and 

easily extended by incorporating other covariates, such as vaccination rate and human 

mobility. 
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Table 4-1. Parameter estimates for hierarchical modeling with covariate (DAY) 

Age Group Parameter Coefficient Standard Error P-value Confidence Interval 

0-4 
For DAY slope 

   
 

    Intrcpt2 (β10)  0.000 0.003 0.877 (0.995,1.006) 

5-17 
For DAY slope 

   
 

    Intrcpt2 (β10)     -0.004 0.003 0.132 (0.990,1.001) 

18-44 
For DAY slope 

   
 

    Intrcpt2 (β10)  0.003 0.002 0.283 (0.998,1.007) 

45-64 
For DAY slope 

   
 

    Intrcpt2 (β10)  0.011 0.004 0.004** (1.004,1.019) 

65+ 
For DAY slope 

   
 

    Intrcpt2 (β10)  0.023 0.006 0.000** (1.012,1.035) 

**p<0.01; *p<0.05 
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Table 4-2. Comparisons between model-1 and model-2 for age group 45-64 

 
Model-1 Model-2 

Parameter Coefficient P-value Coefficient P-value 

For Intrcpt1 (π0)     

    Intrcpt2 (β00)  -0.790 0.000** 1.031 0.126 

    Ʌ (β01)  NA NA -0.869 0.007** 

    k (β02)  NA NA -1.166 0.204 

    k’ (β03) NA NA -0.304 0.671 

For DAY slope 
   

 

    Intrcpt2 (β10)   0.011 0.004** 0.010 0.006** 

For MINT slope 
   

 

    Intrcpt2 (β20)   0.013 0.181 -0.143 0.010* 

    CD1 (β21)  NA NA 0.028 0.805 

    CD3 (β22)  NA NA 0.156 0.006** 

    CD4 (β23)  NA NA 0.181 0.002** 

    CD5-6 (β24)  NA NA 0.160 0.005** 

For MINDP slope 
   

 

    Intrcpt2 (β30) -0.010 0.167 0.085 0.097 

    CD1 (β31) NA NA 0.052 0.597 

    CD3 (β32)  NA NA -0.095 0.068 

    CD4 (β33)  NA NA -0.117 0.027* 

    CD5-6 (β34)  NA NA -0.092 0.076 

For AVGSR slope 
   

 

    Intrcpt2 (β40)  -0.000 0.365 -0.000 0.329 

For MAXWS slope 
   

 

    Intrcpt2 (β50)  -0.007 0.111 -0.007 0.086 

The value of the 
likelihood function at 
iteration 

-3.575706E+003   -3.596112E+003 

       **p<0.01; *p<0.05 
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Table 4-3. Comparisons between model-1 and model-2 for age group 65+ 

 
Model-1 Model-2 

Parameter Coefficient P-value Coefficient P-value 

For Intrcpt1 (π0)     

    Intrcpt2 (β00)  -1.477 0.000** 0.057 0.918 

    Ʌ (β01)  NA NA -0.534 0.030* 

    k (β02)  NA NA -0.880 0.277 

    k’ (β03) NA NA -0.250 0.688 

For DAY slope 
   

 

    Intrcpt2 (β10)  0.023 0.000** 0.024 0.000** 

For MINT slope 
   

 

    Intrcpt2 (β20)  -0.009 0.493 -0.267 0.001** 

    CD1 (β21)  NA NA -0.134 0.427 

    CD3 (β22)  NA NA 0.271 0.001** 

    CD4 (β23)  NA NA 0.210 0.010* 

    CD5-6 (β24)  NA NA 0.317 0.000* 

For MINDP slope 
   

 

    Intrcpt2 (β30) -0.001 0.888 0.146 0.055 

    CD1 (β31) NA NA 0.178 0.258 

    CD3 (β32)  NA NA -0.158 0.040* 

    CD4 (β33)  NA NA -0.111 0.164 

    CD5-6 (β34)  NA NA -0.170 0.027* 

For AVGSR slope 
   

 

    Intrcpt2 (β40)   0.000 0.949 0.000 0.906 

For MAXWS slope 
   

 

    Intrcpt2 (β50)  -0.008 0.208 -0.011 0.074 

The value of the 
likelihood function at 
iteration 

-3.321069E+003   -3.384674E+003 

     **p<0.01; *p<0.05 
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Figure 4-1. Climate divisions and study counties in Florida.  
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Figure 4-2. Definitions of ILI peak events above the 80th percentile. The insert figure is 

daily ILI activity in the peak event. 
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A B 
 
Figure 4-3. Mean monthly temperature and rainfall in Florida. A) Mean monthly temperature, B) Mean monthly 

precipitation.
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CHAPTER 5 
CONCLUSION  

As a marker of epidemics, peak events are one of the most easily identified 

features, and incorporate a high proportion of the cases in an outbreak (Charland et al., 

2009). Their properties, such as annual event density, timing, magnitude and duration, 

offer critical implications in disease surveillance and control policies. To minimize the 

impacts of peak events through early prevention and control measures, studies have 

been conducted to determine drivers for the outbreak of peak events. The seasonality of 

influenza peaks indicates the possible roles of weather in affecting spread of influenza. 

This research focuses on three study objectives related to peak events: 

The first objective proposes two definitions of peak events and explores their 

statistical properties including annual events density, their timing, magnitude and 

duration. The new definition of events of interests beyond “peak events” considers only, 

and all, outbreaks of epidemiological interest and permits estimation of the parameters 

of the distributions, based on commonly encountered thresholds to events above less 

frequently exceeded thresholds. This approach can be applied to spatially differentiated 

data and determine and compare probabilities associated with influenza events.  

The second objective applies survival analysis to quantify fine-scale (daily scale) 

time lags between weather fluctuations and the onset of ILI peak days throughout 

Florida. Through defining peak events at three thresholds from the frequency domain, 

this study finds evidence that the influences of fluctuations of meteorological conditions 

(minimum temperature, average relative humidity, and minimum dew point ) on ILI peak 

days vary with age (ranging between 3.1 to 6.8 days) and over space. The elderly 

people over 65 years old are the most sensitive to weather fluctuations experiencing 
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shortest time lags among all age groups, while the age group 18-44 seems to be the 

least sensitive group to weather fluctuations, displaying longest time lags. The identified 

time lags contribute to improving surveillance and implementing cost-effective 

intervention strategies. 

The third objective presents a 2-level hierarchical linear model to spatio-

temporally measure the association between weather conditions and the likelihood of 

daily ILI during peak events in Florida. Spatio-temporal trends of daily ILI peak activity 

provide statistical evidence of minimum temperature and minimum dew point as 

predictors of occurrence of peak events. The impacts of these two factors on ILI peak 

activity also vary in climate divisions. These variations suggest that the airborne 

transmission of influenza virus is enhanced in cold air and low relative humidity, and 

could improve forecast of peak events at a regional scale. In addition, this study also 

reveals a negative relationship between the annual event density and daily ILI visits 

during peak events, which can help to explain the initial status of daily ILI visits during 

peak events at spatially differentiated areas.  

This research contributes to the literature on influenza transmission and public 

health interventions in the following aspects. This research innovatively applies an 

established method in hydrology and climatology to the field of epidemiology to describe 

the statistical properties of periods during which weekly ILI reports exceed critical 

thresholds. The methodology has the added flexibility of being able to extrapolate 

influenza peak characteristics of number and magnitude above various critical 

thresholds that vary in space and are influenced by social, behavioral, and physical 

factors. These factors, such as weather conditions, vaccination, and human contact and 
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mobility, are currently the focus of research in the health community. The critical 

thresholds of these factors that contribute to the spread of influenza deserve to be 

clearly defined in accordance with requirements of surveillance and intervention. 

Additionally, this research is one of the first attempts to examine time lags and 

the association between meteorological conditions and ILI activity during peak events at 

a daily scale, which contributes to determining cost-effective strategies for disease 

prevention. It has the ability to forecast peaks at a climate division and daily scale, 

which minimize the impacts of ecological fallacy and fill the void that only coarse time 

lags (monthly/weekly lags) are available. More importantly, the identified associations 

are stratified by age and by climate division, which help to target of high risk groups and 

areas. Besides, this study originally incorporates the properties of peak events in 

analyzing the daily ILI activity in peak events, which has never been discussed. These 

statistical properties of peak events are derived from historical records describing long 

term ILI behavior. The measured impacts of these properties on daily ILI activity in peak 

events help to improve ILI surveillance and explain the spatial pattern of ILI peaks. 

Moreover, as one of the earliest studies to utilize the ESSENCE data, this research 

takes advantage of its wide coverage and detailed data to understand ILI activity and 

associated impacts, serving as an example of applying ESSENCE to explore the 

relationship between disease and environment.  

Based on the potential and limitations of current studies, future research will 

mainly focus on exploring the combined impacts of environment and human mobility. 

The ILI activity are not only resulted from disease and weather interactions, but also 

from disease and human interactions. Since the influenza spread is highly dependent 
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on droplets transmission by inhaling the droplets from people with influenza, human 

contact and mobility plays important role in the process of transmission. The major 

sources for human contact and mobility in Florida are through local travel, interstates 

and air travel. The study of local travel at short distance scale can help to understand 

the dynamics of influenza spread from inner areas to suburban areas. In addition, the 

long distance travel through interstates and air travel may bring influenza from north 

cold States to Florida, and then may spread it to other States or Countries. More 

importantly, the use of public transport may also increase the chance of transmission, 

due to staying in the limited space without enough fresh air. Besides, as a sunshine 

State, a number of people prefer to live in Florida after retirement. These new cohort of 

retirees from other States may bring influenza to Florida and contribute to influenza 

transmission in their new communities. These elements associated with human contact 

and mobility will provide a clear picture of dynamics of influenza transmission in Florida. 

The spatial network analysis can be applied to model the dynamics of influenza 

transmission through travel in the future. In addition, appopriate thresholds in Chapter 2, 

appopriate beginning point of weather fluctuations in Chapter 3, and non-linear 

relationships among weather conditions, daily ILI activity, and other statistical properties 

of peak events in Chapter 4 will be discussed in future studies. Finally, future study will 

increase the diversity of climate divisions and explore the differences of ILI peak activity 

between spatially differentiated areas. 

In conclusion, the potentially limited information contained in the current 

definitions of influenza “peak event” hinders public health professionals from efficiently 

implementing timing intervention strategies, such as vaccination, quarantine, thus 
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leading to unnecessary socio-economic costs. From a practical point of view, based on 

the definition of peak events, the fine-scale time lags and the associations identified in 

this research can be used to improve surveillance systems and to determine optimal 

periods for implementing cost-effective influenza vaccination programs among priority 

high risk groups and areas. The approach in this research can be modified appropriately 

for other infectious diseases and easily extended to incorporate other covariates.  
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APPENDIX A 
SUPPLEMENTARY FIGURE FOR CHAPTER 3 

This document shows the supplementary figure used in Chapter 3.
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Figure A-1. Time lags of given age group at three thresholds by meteorological factor by climate division. A) Minimum 
Temp-80%, B) Minimum Temp-90%, C) Minimum Temp-95%, D) Average RH-80%, E) Average RH-90%, F) 
Average RH-95%, G) Minimum DP-80%, H) Minimum DP-90%, I) Minimum DP-95%.
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APPENDIX B 
SUPPLEMENTARY TABLES FOR CHAPTER 4 

This document shows the supplementary tables used in Chapter 4. 

 
Table B-1. Time lags for age groups at the 80th percentile (In Days) 

Age 
groups 

Minimum 
Temp 

Average 
RH 

Minimum 
DP 

0-4 3.6 5.1 3.6 

5-17 3.8 3.9 4.1 

18-44 4.2 4.6 4.0 

45-64 3.8 4.1 4.3 

65+ 3.4 4.0 3.2 

  
 
 
 
Table B-2. Model-1 for age group 45-64: parameter estimates for hierarchical modeling 

with covariates  

Parameter Coefficient Standard Error P-value Confidence Interval 

For Intrcpt1 (π0)     

    Intrcpt2 (β00) -0.790 0.173 0.000** (0.323,0.638) 

For DAY slope 
   

 

    Intrcpt2 (β10)  0.011 0.003 0.004** (1.004,1.019) 

For MINT slope 
   

 

    Intrcpt2 (β20)  0.013 0.010 0.181 (0.994,1.032) 

For MINDP slope 
   

 

    Intrcpt2 (β30) -0.010 0.007 0.167 (0.977,1.004) 

For AVGSR slope 
   

 

    Intrcpt2 (β40) -0.000 0.000 0.365 (0.999,1.000) 

For MAXWS slope 
   

 

    Intrcpt2 (β50)  -0.007 0.004 0.111 (0.985,1.002) 

**p<0.01; *p<0.05 
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Table B-3. Model-1 for age group 65+: parameter estimates for hierarchical modeling 
with covariates 

Parameter Coefficient Standard Error P-value Confidence Interval 

For Intrcpt1 (π0)     

    Intrcpt2 (β00)  -1.477 0.204 0.000** (0.153,0.342) 

For DAY slope 
   

 

    Intrcpt2 (β10)  0.023 0.006 0.000** (1.011,1.036) 

For MINT slope 
   

 

    Intrcpt2 (β20)  -0.009 0.014 0.493 (0.964,1.018) 

For MINDP slope 
   

 

    Intrcpt2 (β30) -0.001 0.010 0.888 (0.982,1.022) 

For AVGSR slope 
   

 

    Intrcpt2 (β40) 0.000 0.000 0.949 (0.999, 1.001) 

For MAXWS slope 
   

 

    Intrcpt2 (β50) -0.008 0.006 0.208 (0.981,1.004) 

**p<0.01; *p<0.05 
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Table B-4. Model-2 for age group 45-64: parameter estimates for hierarchical modeling 
with covariates 

Parameter Coefficient Standard Error P-value Confidence Interval 

For Intrcpt1 (π0)     

    Intrcpt2 (β00)  1.031 0.670 0.126 (0.748, 10.502) 

    Ʌ (β01)  -0.869 0.316 0.007** (0.225, 0.782) 

    k (β02)  -1.166 0.913 0.204 (0.052, 1.884) 

    k’ (β03) -0.304 0.716 0.671 (0.180, 3.023) 

For DAY slope 
   

 

    Intrcpt2 (β10)  0.010 0.004 0.006** (1.003, 1.019) 

For MINT slope 
   

 

    Intrcpt2 (β20)  -0.143 0.055 0.010* (0.778, 0.966) 

    CD1 (β21)  0.028 0.113 0.805 (0.825, 1.282) 

    CD3 (β22)  0.156 0.056 0.006** (1.046, 1.306) 

    CD4 (β23)  0.181 0.058 0.002** (1.070, 1.343) 

    CD5-6 (β24)  0.160 0.057 0.005** (1.050, 1.312) 

For MINDP slope 
   

 

    Intrcpt2 (β30) 0.085 0.051 0.097 (0.985, 1.203) 

    CD1 (β31) 0.052 0.098 0.597 (0.869, 1.276) 

    CD3 (β32)  -0.095 0.052 0.068 (0.821, 1.007) 

    CD4 (β33)  -0.117 0.053 0.027* (0.801, 0.987) 

    CD5-6 (β34)  -0.092 0.052 0.076 (0.823, 1.010) 

For AVGSR slope 
   

 

    Intrcpt2 (β40)  -0.000 0.000 0.329 (0.999, 1.000) 

For MAXWS slope 
   

 

    Intrcpt2 (β50)  -0.007 0.004 0.086 (0.984, 1.001) 

 **p<0.01; *p<0.05 
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Table B-5. Model-2 for age group 65+: parameter estimates for hierarchical modeling 
with covariates 

Parameter Coefficient Standard Error P-value 
Confidence 
Interval 

For Intrcpt1 (π0)     

    Intrcpt2 (β00)  0.057 0.543 0.918 (0.324, 2.756) 

    Ʌ (β01)  -0.534 0.245 0.030* (0.362, 0.950) 

    k (β02)  -0.880 0.805 0.277 (0.085, 2.028) 

    k’ (β03) -0.250 0.622 0.688 (0.229, 2.653) 

For DAY slope 
   

 

    Intrcpt2 (β10)  0.024 0.006 0.000** (1.011, 1.037) 

For MINT slope 
   

 

    Intrcpt2 (β20)  -0.267 0.077 0.001** (0.658, 0.891) 

    CD1 (β21)  -0.134 0.168 0.427 (0.629, 1.217) 

    CD3 (β22)  0.271 0.078 0.001** (1.126, 1.528) 

    CD4 (β23)  0.210 0.081 0.010* (1.053, 1.445) 

    CD5-6 (β24)  0.317 0.077 0.000* (1.180, 1.598) 

For MINDP slope 
   

 

    Intrcpt2 (β30) 0.146 0.076 0.055 (0.997, 1.343) 

    CD1 (β31) 0.178 0.157 0.258 (0.878, 1.625) 

    CD3 (β32)  -0.158 0.077 0.040* (0.735, 0.993) 

    CD4 (β33)  -0.111 0.079 0.164 (0.766, 1.046) 

    CD5-6 (β34)  -0.170 0.077 0.027* (0.725, 0.981) 

For AVGSR slope 
   

 

    Intrcpt2 (β40)  0.000 0.001 0.906 (0.999, 1.001) 

For MAXWS slope 
   

 

    Intrcpt2 (β50)  -0.011 0.006 0.074 (0.978, 1.001) 

**p<0.01; *p<0.05 
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