
Mechanistic Modelling of Multiple Waves in an Influenza 1 

Epidemic or Pandemic2 

Bo Xu a, b, Jun Cai a, b, Daihai He c, Gerardo Chowell d, e, Bing Xua, b, *3 

a Ministry of Education Key Laboratory for Earth System Modeling, Department of Earth System 4 

Science, Tsinghua University, Beijing 100084, China 5 

b Joint Center for Global Change Studies, Beijing 100875, China 6 

c Department of Applied Mathematics, Hong Kong Polytechnic University, Hung Hom, Kowloon, 7 

Hong Kong (SAR), China 8 

d Department of Population Health Sciences, School of Public Health, Georgia State University, 9 

Atlanta, Georgia 30303, United States 10 

e Division of International Epidemiology and Population Studies, Fogarty International Center, 11 

National Institute of Health, Bethesda, Maryland 20892, United States 12 

* Corresponding author13 

14 

Bo Xu, xu-b15@mails.tsinghua.edu.cn; 15 

Jun Cai, cai-j12@mails.tsinghua.edu.cn; 16 

Daihai He, daihai.he@polyu.edu.hk; 17 

Gerardo Chowell, gchowell@gsu.edu; 18 

Bing Xu, bingxu@tsinghua.edu.cn. 19 

20 

This is the Pre-Published Version.
https://doi.org/10.1016/j.jtbi.2019.110070 

© 2019. This manuscript version is made available under the CC-BY-NC-ND 4.0 license https://creativecommons.org/licenses/by-nc-nd/4.0/



Abstract 21 

Multiple-wave outbreaks have been documented for influenza pandemics particularly 22 

in the temperate zone, and occasionally for seasonal influenza epidemics in the 23 

tropical zone. The mechanisms shaping multiple-wave influenza outbreaks are diverse 24 

but are yet to be summarized in a systematic fashion. For this purpose, we described 25 

12 distinct mechanistic models, among which five models were proposed for the first 26 

time, that support two waves of infection in a single influenza season, and classified 27 

them into five categories according to heterogeneities in host, pathogen, space, time 28 

and their combinations, respectively. To quantify the number of infection waves, we 29 

proposed three metrics that provide robust and intuitive results for real epidemics. 30 

Further, we performed sensitivity analyses on key parameters in each model and 31 

found that reducing the basic reproduction number or the transmission rate, limiting 32 

the addition of susceptible people who are to get the primary infection to infected 33 

areas, and limiting the probability of replenishment of people who are to be reinfected 34 

in the short term, could decrease the number of infection waves and clinical attack 35 

rate. Finally, we introduced a modelling framework to infer the mechanisms driving 36 

two-wave outbreaks. A better understanding of two-wave mechanisms could guide 37 

public health authorities to develop and implement preparedness plans and deploy 38 

control strategies. 39 

 40 

Keywords: influenza outbreak; mechanistic model; multiple waves; number of 41 

infection waves; modelling framework 42 



  43 



1. Introduction 44 

In the temperate zone, consecutive waves of influenza infection have been 45 

documented for pandemics [1]. This multiple-wave pattern is one common feature 46 

that distinguishes influenza pandemics from epidemics [2]. For instance, the Spanish 47 

flu generated two waves in Geneva with the first in July and the second in 48 

October--November 1918 [3]; two waves in the US in the summer and autumn of 49 

1918 respectively [4]. The Hong Kong flu caused two waves in Tristan da Cunha with 50 

the two epidemic peaks occurring in August--September in 1971 [5]. In 2009, three 51 

A/H1N1 waves have been documented in spring, summer and autumn in Mexico [6, 52 

7], two waves peaking in July and October in Wales [8], and two waves peaking in 53 

June and November in Canada [9]. For annual seasonal influenza epidemics, two 54 

consecutive waves within the same influenza season have been recorded in some 55 

years in tropical areas, such as Hong Kong with waves occurring in March--May 2012 56 

[10] and January--June 2015 [11]. 57 

 58 

Multiple waves of infection pose both challenges and opportunities [2]. On the one 59 

hand, successive waves may affect populations with unpredictable severity and 60 

transmissibility. On the other hand, the inter-wave period provides time for health 61 

authorities to prepare and respond, such as producing and delivering vaccines to 62 

high-risk individuals. For example, during the 2009 influenza pandemic in US, the 63 

number of cases during the second wave was larger than that during the first wave, 64 

with the peak of the second wave (week 42 in 2009) lagging behind that of the first 65 



wave (week 24) by 18 weeks [12], and the vaccination program began in week 40 66 

[13]. Besides, understanding the mechanisms driving the generation of multi-wave 67 

outbreaks could help health authorities develop and implement prevention and control 68 

strategies that prevent consecutive waves and mitigate severity. 69 

 70 

An epidemic wave can be abstracted as a graph which plots the changing of incidence 71 

against time, and usually begins with a rapid rise to a peak and then falls more 72 

gradually [14]. To be specific, incidence refers to the number of new cases in a 73 

population generated during a time period [15]. Although the time scales of the 74 

multiple-wave outbreaks varied from several weeks [5] to months [16], some even 75 

exceeded years [17], the phenomenon discussed here is two waves within an influenza 76 

season (usually a single year), which is similar to the assumption in [18]. When we 77 

examine an epidemic curve that appears to exhibit multi-wave dynamics, it could be 78 

difficult to determine the precise number of waves without a quantitative criterion. To 79 

identify two-wave epidemics, Hoen et al. [19] defined a 2-peak (TP) metric. However, 80 

for epidemics of different sizes, the corresponding TP values vary, and the 81 

corresponding thresholds to distinguish between single-wave and multi-wave curves 82 

would be different. And the TP metric did not take into account the temporal 83 

information. Herein we propose three 2-wave metrics and five corresponding 84 

conditions, based on which the number of epidemic waves can be more precisely 85 

determined. 86 

 87 



A number of research teams have assessed multiple-wave mechanisms, including 88 

reinfection by the same or another pathogen [5], non-pharmaceutical intervention 89 

measures [20] such as school closing and opening [21], spatial effects whereby the 90 

pathogen affects different segments of the population asynchronously [6], temporal 91 

variations in the transmission rate [22], the role of contact patterns [19], 92 

heterogeneous immunity patterns [2], and the synergistic interactions of multiple 93 

single causes [21, 23-25]. 94 

 95 

Among the existing mechanisms, human migration across locations as well as some 96 

man-made factors such as case reporting [3, 4] and vaccination behaviours [26] have 97 

been neglected as possible explanations for multiple-wave influenza outbreaks. Hence, 98 

a systematic analysis and a comprehensive classification system of potential 99 

explanatory models are necessary. The population level dynamics of human influenza 100 

epidemics stem from the interaction between the human population and influenza 101 

viruses during a period of time in specific locations. This complex process involves 102 

four dimensions: host, pathogen, space, and time. A small disturbance in a single 103 

dimension might break the homeostasis/equilibrium state of the epidemic and result in, 104 

for example, multiple waves within a year. Therefore, we summarize five new 105 

mechanistic models together with seven models previously described in literature. We 106 

then classify them into five categories according to host immune heterogeneity, virus 107 

strain heterogeneity, spatial scale and mobility, temporal variation of epidemiological 108 

parameters, and their combinations (Table 1). 109 



 110 

When we use transmission models to simulate epidemics, the simulating results are 111 

linked to model structure, parameter values, initial conditions, and the intrinsic 112 

assumptions embedded within model formulations [27]. Thus, for a given model, it 113 

could be useful to map different model parameterizations to a distinct number of 114 

waves and infection severity of simulated epidemics. In [12], the number of initially 115 

infected and susceptible individuals, together with the time when they were reduced, 116 

had effects on the attack rate and the occurrence of the second wave. Boatto et al. [28] 117 

investigated the impacts of the average basic reproduction number ( ), the number 118 

of initially immune individuals, the amplitude and period of the time-dependent 119 

transmission rate on the epidemic size over a year, and inferred the occurrence of 120 

epidemics, assuming the population size and the infectious period were fixed. 121 

Camacho and Cazelles [23] indicated the epidemic was more likely to be bimodal 122 

with a larger . In [19], the epidemic size and the frequency of multi-wave 123 

epidemics were associated with , but did not change with the infectious period. In 124 

above literatures, the severity of infection was usually measured by the attack rate or 125 

by the epidemic size. The attack rate refers to the proportion of the population that 126 

gets infected during a time period. It is more practical to use the "clinical" attack rate 127 

for infectious diseases like influenza. Clinical attack rate (CAR) is the proportion of 128 

the population who develops clinical symptoms after an infection [15], and can be 129 

calculated by dividing the number of newly infected symptomatic individuals by the 130 

number of people at risk of infection. One of the distinctions between the attack rate 131 



and the epidemic size is that the former is a dimensionless parameter, with 132 

comparable values resulting from different initial population sizes. Hence in this 133 

paper we investigate the impact of different parameter values on the number of waves 134 

and the CAR in sensitivity analyses. 135 

 136 

2. Methods 137 

2.1. Definition of multi-wave epidemics 138 

We define three two-wave metrics: Peak-Two metric (PT), Wave-Two metric (WT), 139 

and the time gap between two epidemic peaks ( ) (Eq. (1)-(3), Fig. 1), and five 140 

corresponding conditions (Table 2) to determine the number of epidemic waves.  141 

Three two-wave metrics are defined as follows. 142 

                       (1) 143 

                           (2) 144 

                         (3) 145 

where  is the incidence time 146 

highest peak and the second highest peak, respectively.  and  are the time 147 

points when the highest peak and the second highest peak arrive, respectively.  148 

represents any time point except for .  satisfies the condition that 149 

 with , is the minimum value occurring in 150 

the time series between  and . The diagram of the three metrics are shown in 151 

Fig. 1. 152 

 153 



Firstly determine , which is the maximum of . Secondly, in order to 154 

detect , calculate  at all time points ( ) except for . The time point 155 

corresponding to the maximum of  is . Next, calculate three metrics: 156 

,  and . In particular, the definition of metric  is similar 157 

to that of skip index [29]. Then compare them with three thresholds: 158 

,  and , respectively, to determine the number of epidemic waves 159 

according to a set of criteria (Table 2). The number of waves can be one of the five 160 

161 

degree of truth that a specific epidemic is absolutely two-wave or one-wave. If the 162 

result of detection is 1.8 (or 1.2), the epidemic curve inclines to be bimodal (or 163 

unimodal).  represents the average generation time of infection, which is defined 164 

as the period of time between the onset of the infectious period in a primary case to 165 

the onset of the infectious period in a secondary case infected by the primary case. In 166 

an epidemiological model without latent period (e.g. SIR model),  can be 167 

approximated by the mean infectious period [30]. In an epidemiological model with 168 

latent period (e.g. SEIR model),  refers to the sum of the average latent and 169 

infectious periods, when both periods follow the exponential distribution [7, 30-32], 170 

while another estimation of  is the sum of the mean latent period and half the 171 

mean duration of infectiousness, with no specific restriction on their distributions [5, 172 

33]. For simplicity, we choose the latter to calculate . 173 

 174 

 175 



2.2. Mechanistic transmission models 176 

2.2.1. Host-Immune-Heterogeneity 177 

178 

individual-level immunity can facilitate successive waves of infection. In this 179 

category, we include two transmission models: All-or-Nothing (AoN) and 180 

Partially-Protective-Immunity (PPI) from previous research [5, 16, 34]. After 181 

recovery from the prior infection, the AoN model assumes that a part of hosts are still 182 

susceptible to the same strain; the PPI model assumes that all hosts only develop 183 

incomplete protective immunity against the viral strain. The structural diagrams of the 184 

two models are shown in Fig. A.1(A) (Appendix). 185 

 186 

2.2.2. Virus-Strain-Heterogeneity 187 

In the pathogen dimension, the coexistence of two viral agents and virus mutation 188 

support bimodal epidemic curves. In this category, we adopt two models from 189 

previous research [5, 35, 36]: 2 Virus (2Vi) and Mutation (Mut), which assume that 190 

two different initiating strains exist and that a strain mutates into another strain within 191 

a host, respectively.  The structural diagrams of the two models are shown in Fig. 192 

A.1(B-C) (Appendix). 193 

 194 

2.2.3. Spatial-Scale-and-Mobility 195 

In the spatial dimension, the spatial resolution of incidence data and the degree of 196 

connectivity across regions influence the likelihood of observing two-wave epidemics. 197 



Thus, this category includes two models that integrate two unimodal epidemic curves 198 

from two subregions, and consider the addition of susceptible people who come from 199 

disease-free regions into infected regions, respectively (Fig. 2). 200 

 201 

The 2 Region (2Reg) model we propose assumes a strain initiates an epidemic in a 202 

subregion, and then triggers another epidemic in another subregion  days later. 203 

When we analyze the incidence at the regional level, the two unimodal epidemic 204 

curves in the two subregions are asynchronous. The aggregated incidence curve 205 

across subregions could exhibit a bimodal shape (Fig. 2(A)). 206 

 207 

The Importation-of-Susceptible (IoS) model we propose assumes a strain spreads 208 

among people in a region, and a proportion ( ) of susceptible people ( ) at the time 209 

 from other regions enter the region of interest during the downturn of the first wave 210 

(Fig. 2(B)), which may subsequently increase the effective reproduction number and 211 

promote a resurgence of the disease. The migration of people within a short period of 212 

time such as mass gatherings can result from traditional festivals (e.g. the Spring 213 

Festival in China, Thanksgiving Day in America), sporting events (e.g. the Olympic 214 

Games, the World Cup), local armed conflicts and so on. For simplicity, we set two 215 

adding proportions  and  at time  and , respectively. 216 

 217 

2.2.4. Temporal-Variation-of-Parameters 218 

In the dimension of time, the temporal variation of epidemiological parameters can 219 



partly explain the occurrence of two waves. Hence this category includes four models 220 

that incorporate time-varying reporting rate, transmission rate and susceptibility, 221 

respectively. 222 

 223 

The Reporting-Rate-Variation (RRV) model we propose assumes the reporting rate 224 

fluctuates over a period of time (Fig. 2(C)). The reporting rate  is set to decrease 225 

firstly and then increase according to following piecewise linear function during a 226 

period of time, which is similar to the three-piece step function designed for the 227 

reporting rate in [29]. 228 

                   229 

                   230 

                                                    (4) 231 

where  is the day when  begins to decline,  is the reporting change interval, 232 

 is time (day).  is the normal reporting rate outside , as well as the maximum 233 

reporting rate in this model.  is the changing rate of . 234 

 235 

The Transmission-Rate-Variation (TRV) models assume the transmission rate is 236 

time-dependent. eriodic 237 

erived time-dependent 238 

in [12], and refer to the first as Periodic-Transmission-Rate (PTR) and the second as 239 

Aperiodic-Transmission-Rate (ATR). The structural diagrams of the two models are 240 

shown in Fig. A.1(D) (Appendix). For the PTR model, the transmission rate  is set 241 



to follow a periodic function with period of one year. 242 

                                           (5) 243 

where  is the average value of , and  is the amplitude of the fluctuating part. 244 

 245 

For the ATR model, we improve the existing method used in [37] and [38], and 246 

calculated the non-negative aperiodic transmission rate  based on incidence , 247 

namely the number of new cases per unit time, rather than prevalence, on a time 248 

interval , given infectious period  and latent period , in an 249 

SEIR model. The equations are as follows. 250 

                                                 (6) 251 

                                                (7)252 

                  (8) 253 

where the incidence , initial fraction of susceptible ( ) and infected ( ) 254 

individuals,  and  should be given as the starting inputs of the algorithm.  255 

is the first-order derivative function of . Note that the following conditions 256 

should also be satisfied. 257 

                                  (9) 258 

The 2 Age-group (2Age) model we propose assumes a strain spreads across children 259 

and adults differently (Fig. 2(D)). The susceptibility of children decreases over time 260 

which may result from vaccination, whereas that of adults keeps stable. In this model, 261 

 represents the effective contacts per day 262 

between the infectious people of class  and the susceptible people of class . We 263 



assume that no children mature and become adults within the study period of a single 264 

flu season. 265 

 

 

                (10) 266 

where  and  are the changing rates of  during  and , 267 

respectively,  and  are the intercepts. 268 

 269 

2.2.5. Combination 270 

Each model discussed above represents a single-factor mechanism to explain the 271 

occurrence of two-wave epidemics. The combination of individual mechanisms may 272 

also be able to reproduce bimodal epidemic curves [39]. Two examples are provided 273 

as follows. 274 

 275 

One was proposed by Chowell and colleagues to study the 1918 pandemic influenza 276 

in Geneva, Switzerland [3] and we call it 1918-Flu model. This model integrates RRV 277 

and TRV mechanisms and other factors concerning host heterogeneity of immune 278 

response, infectiousness/infectivity and infective period. The structural diagram of 279 

this model is shown in Fig. A.1(E) (Appendix). 280 

 281 

The other is the Road-Network (RN) model proposed by us, which assumes a strain 282 

not only spreads among people within subpopulations but also travels to other 283 



subpopulations with people carriers immigrating and emigrating via highway traffic 284 

(Fig. 2(E)). This model incorporates all the mechanisms described in the 285 

Spatial-Scale-and-Mobility category. In this model, the epidemic inside every single 286 

subpopulation can be modeled with an SIR model, while the interaction among 287 

subpopulations can be described by a transfer matrix  with the element  288 

representing the average number of individuals moving from subpopulation  to  289 

per day. The transfer matrix is estimated using gravity model [40] with annual 290 

highway passenger transport volume and total population of each subpopulation, and 291 

spatial distance between subpopulations. Considering that the initial number of people 292 

who were actually susceptible to the virus and who would choose highway traffic for 293 

travel is not the total population (e.g. some elderly individuals owing pre-existing 294 

immunity [29]), and that in reality each individual interacts with a smaller group of 295 

individuals [41], we multiply the population in each subpopulation by a coefficient ( ) 296 

to calculate initial number of susceptible people. Another coefficient ( ) is multiplied 297 

by  to simulate the implementation of traffic control during the epidemic. All the 298 

subpopulations share the same parameters. 299 

 300 

2.3. Numerical simulation 301 

We assume that there is no birth or death, and the population are well mixed and 302 

homogeneous, ignoring population structure or social contact heterogeneity (except 303 

for the 2Age model), in all deterministic models. Model-simulated incidence is 304 

computed by counting the number of new hosts entering the infectious class per unit 305 



time. Since it is difficult to report all attacks during surveillance and in order to take 306 

account of possible unreported asymptomatic cases, 307 

model-simulated incidence per unit time to be a random sample from a normal 308 

distribution with the mean , where  is the model-simulated incidence and 309 

 is the reporting rate. We simulate the models using the R package fitR [42]. 310 

 311 

2.4. Sensitivity analysis 312 

We allow two or three epidemiological parameters in each model to vary within a 313 

certain range, with the values of other parameters being fixed as in Table A.1 314 

(Appendix). For each set of parameter values, we use a certain model to produce a 315 

simulated incidence time series, and then calculate the CAR of this simulated 316 

epidemic and evaluate its number of infection waves using our proposed metrics and 317 

criteria. We repeat this process to investigate the impacts of different values of 318 

epidemiological parameters on the number of epidemic waves and the CAR. 319 

 320 

3. Results 321 

We use the parameter values in Table A.1 (Appendix) to simulate epidemic curves 322 

based on the 12 models, respectively (Fig. 3). In each model (except for the RRV, 323 

ATR, 1918-Flu, and RN model), we allow two or three epidemiological parameters 324 

(Table 3) to vary within a certain range, with the values of other parameters being 325 

fixed as in Table A.1 (Appendix), and investigate their corresponding impacts on the 326 

number of epidemic waves and the CAR. Note that all the numerical values for 327 



parameters in this section are not correlated to any actual influenza epidemics or 328 

pandemics which has occurred in real life, but are from previous publications or 329 

directly given by ourselves. The presence of these parameter values is aimed to 330 

qualitatively explore how we can avoid the occurrence of successive infection waves 331 

and reduce the CAR by adjusting these epidemiological parameter values. 332 

 333 

3.1. Host-Immune-Heterogeneity 334 

Both the AoN model and the PPI model can simulate a bimodal epidemic curve with 335 

the first wave followed by a smaller second wave (Fig. 3(A-B)), using parameter 336 

values in Table A.1 (Appendix). Particularly, the second wave for the PPI model 337 

decays more slowly than that for the AoN model (Fig. 3(B)). 338 

 339 

In the AoN model, for a given basic reproduction number , the relationship 340 

between the CAR and the probability to develop long-term immunity  is 341 

approximately V-shaped (Fig. 4(A)). The points determined by the 2-tuples of ( , ) 342 

that correspond to the valley values of these V-shaped curves, can be approximated by 343 

an exponential curve (red, denoted as C1, =0.948) (Fig. 4(D)). This model will not 344 

produce two-wave epidemics when 4, or when 0.45 (Fig. 4(C)). The CAR 345 

is predominantly controlled by . When  takes larger values, the CAR will be 346 

higher (Fig. 4(A), (D)). In conclusion, if ( , ) follows C1, the epidemics follow one 347 

wave with locally lowest CAR. 348 

 349 



In the PPI model, for a fixed , the relationship between the CAR and the partial 350 

immune protection factor  is approximately sigmoid, and a larger  corresponds 351 

to a higher CAR (Fig. A.2(A)). Along a certain sigmoid curve in Fig. A.2(A), the 352 

point where the slope is the highest corresponds to a 2-tuple of ( , ). The points 353 

determined by all these tuples can be approximated by a power function curve (red, 354 

denoted as C2, =0.988) (Fig. A.2(D)). In Fig. A.2(C-D), we find when crossing C2 355 

from the lower right to the upper left, the CAR will decrease, and the resulting 356 

simulated curve is one-wave. Therefore, the epidemic can be unimodal with relatively 357 

low CAR, if ( , ) is on the left side of curve C2. Fig. A.2 is in Appendix. 358 

 359 

3.2. Virus--Strain-Heterogeneity 360 

The 2Vi model can produce a bimodal curve using parameter values in Table A.1. 361 

Infections caused by strains 1 and 2 start at the same time, but each dominates the first 362 

and second wave, respectively (Fig. 3(C)). A two-wave epidemic occurs when basic 363 

reproduction numbers  and  (Fig. A.3(C)). Given , the 364 

CAR increases little when  increases substantially (Fig. A.3(A), (D)). For 365 

, the relationship between the CAR and  is approximately sigmoid, and a 366 

larger  corresponds to a larger CAR (Fig. A.3(A)). Along a certain sigmoid curve 367 

in Fig. A.3(A), the point where the slope is the highest corresponds to a 2-tuple of 368 

( , ). The points determined by all these tuples can be approximated by a power 369 

function curve (red, denoted as C3, =0.850) (Fig. A.3(D)). In Fig. A.3(C-D), we 370 

find when crossing C3 from the lower right to the upper left, the CAR will drop, and 371 



the simulated epidemic will be unimodal. Hence, the epidemic can be one-wave with 372 

relatively low CAR, if ( , ) is on the left side of curve C3. Table A.1 and Fig. A.3 373 

are in Appendix. 374 

 375 

The Mut model produces a bimodal curve using parameter values in Table A.1. A 376 

strain initiates an epidemic wave that develops and decays gradually. At time , the 377 

strain mutates into another strain, which infects additional people and causes another 378 

infection wave (Fig. 3(D)). Lower reproduction number  and higher level of 379 

cross-immunity (1- ) decrease the occurrence probability of two-wave epidemics (Fig. 380 

A.4(A)). In Fig. A.4(B), when  is less than 0.10, as  increases, the CAR rises 381 

when , and drops when . For a specific , the CAR declines 382 

when  increases. Table A.1 and Fig. A.4 are in Appendix. 383 

 384 

3.3. Spatial-Scale-and-Mobility 385 

The 2Reg model produces a two-wave epidemic using parameter values in Table A.1 386 

(Appendix). A wave unfolds in subregion 1, and another wave in subregion 2 begins 387 

days later (Fig. 3(E)). As expected, a lower  can reduce the CAR. If  is short 388 

enough, the epidemic in each of the two subregions will overlap in time, resulting in a 389 

unimodal integrated curve. 390 

 391 

The IoS model simulates a bimodal epidemic using parameter values in Table A.1. 392 

With the addition of susceptible people from other regions in day  and , a 393 



relatively small wave appears in the downward phase of the first wave (Fig. 3(F)). 394 

Given , lower values for both proportions ( , ) of the added susceptible 395 

people will reduce the likelihood of two-wave epidemics (Fig. A.5(A)). Given 396 

, the simulated epidemic will be one-wave when  (Fig. 397 

A.5(C)). Similarly, with , the epidemic will be one-wave when 398 

 (Fig. A.5(E)). The CAR will drop when  is delayed (Fig. A.5(D), (F)), so 399 

it is preferable to delay  as much as possible. The second wave can be avoided by 400 

reducing  or  when  is within a certain range. Table A.1 and Fig. A.5 are 401 

in Appendix. 402 

 403 

3.4. Temporal-Variation-of-Parameters 404 

In the RRV being 405 

reported to the medical services) epidemic curve is bimodal, which results from 406 

oscillations of the reporting rate (Fig. 3(G)), with parameter values in Table A.1 407 

(Appendix). We do not consider the situations when surveillance measures are taken 408 

to increase the reporting rate, because it will not influence the real CAR of the 409 

underlying epidemic. 410 

 411 

For the PTR model, when transmission rate  reaches its minimum, the first wave 412 

begins to decline. As  increases, incidence goes up and reaches the peak of second 413 

wave when the slope of  curve reaches its maximum. Then  continues rising 414 

while incidence decreases (Fig. 3(H)), using parameter values in Table A.1. For a 415 



specific , the relationship between the CAR and  is approximately V-shaped, 416 

except for abnormal  that is smaller than  (Fig. A.6(A)). Similarly, for a 417 

specific , the relationship between the CAR and  is V-shaped, except for 418 

abnormal  that is larger than  (Fig. A.6(B)). We identify three 2-tuples of 419 

( , ) corresponding to the troughs of V-shaped curves, and related epidemic curves 420 

and transmission rates are displayed (Fig. A.6(C-D)). The points determined by the 421 

2-tuples of ( , ) can be approximated by a linear regression line (green, denoted as 422 

L1, =0.994, slope=1.29) (Fig. A.6(F)). The points determined by the tuples that 423 

correspond to bimodal curves are also distributed in a line (red, denoted as L2, 424 

=0.834, slope=1.28), nearly parallel to line L1 (Fig. A.6(E)). Note that  must be 425 

no less than , otherwise  would be negative. In conclusion, if ( , ) follows 426 

line L1, the epidemics can be unimodal with locally lowest CAR. Table A.1 and Fig. 427 

A.6 are in Appendix. 428 

 429 

The ATR model incorporates all variability in transmissibility into , which is 430 

derived from incidence data (here we use the weekly laboratory confirmed cases in 431 

US during the 2009 A/H1N1 pandemic, week 17-52 [12]). In Fig. 3(I), the simulated 432 

incidence changes asynchronously with  with a time lag of 2-3 days when 433 

comparing the peaks of both curves, using parameter values in Table A.1 (Appendix). 434 

The number of waves of the model-simulated epidemic curve and the corresponding 435 

CAR are determined by the incidence data and other epidemiological parameters as 436 

inputs to the model, as long as the conditions in Eq. (9) in the Methods section are 437 



satisfied. 438 

 439 

The 2Age model can simulate dual epidemic waves using parameter values in Table 440 

A.1. The first wave 441 

susceptibility ( ). Shortly after  comes into the third stage (near zero), infections 442 

among adults dominate the second wave (Fig. 3(J)). , , and  (or ) 443 

represent the transmission rates among children, among adults, and between children 444 

and adults, respectively. Given , the values of  and  which 445 

support two-wave epidemics are positively correlated (Pearson correlation coefficient 446 

is 0.756, p-value<0.001), and the values of  are larger than those of  (Fig. 447 

A.7(A)). Given , ( ) corresponding to two waves are shown in 448 

Fig. A.7(C), with , and . Given , 449 

( ) that can produce dual waves are shown in Fig. A.7(E), with 450 

, and . The CAR will decrease when  is smaller, 451 

which is the same for  (Fig. A.7(B), (D), (F)). In summary, the reduction of  452 

(or ) with a moderate increase of  could lower the CAR and the probability 453 

of two waves. Table A.1 and Fig. A.7 are in Appendix. 454 

 455 

3.5. Combination 456 

Using parameter values in Table A.1 (Appendix), the RN model yields a simulated 457 

two-wave epidemic in a given subpopulation (Fig. 3(K)). When adding together all 458 

the simulated epidemic curves in more than 300 subpopulations, we can get an 459 



integrated curve whose estimated number of waves is 1.5 based on our proposed 460 

metrics and criteria (Fig. 3(L)). The multiple small peaks may result from the spatial 461 

coupling of subpopulations. 462 

 463 

The 1918-Flu model simulated the transmission dynamics of the spring and autumn 464 

waves of the Spanish flu in Geneva, Switzerland, using parameter values in Table A.1 465 

(Appendix). The first wave ranged from 1st July to 10th September, and the second 466 

started on 11th September (Fig. 3(M)). 467 

 468 

4. Discussion 469 

The annual number of deaths associated with influenza epidemics ranges 470 

approximately between ~300,000 and 650,000 globally [43]. This mortality burden 471 

results in heavy economic burden stemming from the damage to commerce and 472 

society [44], especially for pandemics which often display recurrent waves of 473 

infection during a short time period [2].  474 

 475 

4.1. Robustness test of two-wave metrics and criteria 476 

Firstly, we propose three metrics and a set of criteria to evaluate to what extent a 477 

given epidemic curve is bimodal or unimodal. To test their robustness, we apply them 478 

on real datasets including incidence time series of the 2009 pandemic in America [12] 479 

and several cities in mainland China, incidence time series of seasonal influenza A 480 

(H3N2) in Tristan da Cunha in 1971 [5], and of a Zika virus epidemic in a few Central 481 



and South American countries in 2016 [45], respectively. It is shown that the fuzzy 482 

numbers of peaks detected by our metrics and criteria are consistent with visual 483 

inspection (Fig. A.8, Appendix). Therefore, in the sensitivity analysis, the numbers of 484 

infection waves of the simulated epidemic curves detected using these metrics are 485 

reliable. 486 

 487 

4.2. Reality of summarized models 488 

Secondly, to provide different explanations for the multi-wave dynamics, we explored 489 

12 alternative mechanistic models classified into five categories, which are partly 490 

consistent with the strongest factors responsible for triggering waves of seasonal 491 

influenza [46]. Although some of these models seem to be manufactured, the 492 

corresponding scenarios have occurred in real life or have been reported in previous 493 

research. 494 

 495 

4.2.1. Host-Immune-Heterogeneity 496 

For an individual, her/his susceptibility to reinfection with a previously exposed strain 497 

would change with time, due to waning of immunity [25, 29] or lack of nutrition [39]. 498 

Among different individuals, the existence of the heterogeneity in their immunity 499 

against influenza viruses has also been reported by early works [5, 13, 47]. Therefore, 500 

the AoN and PPI models in this category are realistic. 501 

 502 

However, it is noteworthy that reinfection is not common for interpandemic influenza 503 



in the short term [48]. Reinfection to A/H3N2 was rare in each of the four annual 504 

H3N2 epidemics from 2010 to 2014 in Hong Kong [10]. For pandemic influenza, 505 

reinfection over the waves of the 1918 pandemic was also rare according to the 506 

documents/data in thirteen English towns/schools [49]. The similar situation was for 507 

the 2009 A/H1N1 pandemic [48]. A probable explanation is that the former wave 508 

provided protection against infection during the latter wave [50]. Despite this, 509 

studying reinfection can help in understanding the multi-wave epidemic patterns. 510 

 511 

4.2.2. Virus-Strain-Heterogeneity 512 

There are two examples of two-wave influenza epidemic in tropical regions, both of 513 

which can be described by this model. One occurred in Hong Kong in 2012 [10], with 514 

two waves mainly caused by influenza B and A/H3N2, respectively. The other 515 

happened in Bangladesh in 2012 [51], with A/H1N1 dominating the first wave, and 516 

subtype B the second. It is possible that the mainly affected age groups in two waves 517 

were different, because different subtypes may prefer people of different ages. For 518 

instance, the attack rate of A/H3N2 is higher for the elderly, and that of influenza B 519 

towards youngsters is higher [11]. Besides, the emergence of mutated strains likely 520 

caused different pathogenicity between waves, with various strains dominating 521 

different periods of the 2009 pandemic [52]. Hence, the 2Vi and Mut models in this 522 

category are reasonable. 523 

 524 

4.2.3. Spatial-Scale-and-Mobility 525 



2Reg  It has been observed that the epidemic curve in a large geographical area is 526 

actually a composite of the curves from its constituent subareas [53] and can be 527 

termed synchronization/unsynchronization of neighboring subpopulations [54], e.g. 528 

the bimodal mortality incidence in some US cities during the Spanish flu [4, 20], the 529 

three waves in Mexico during the 2009 influenza pandemic [6]. Therefore, the 2Reg 530 

model has practical significance in real world and the spatial scale of the region under 531 

investigation should not be neglected. 532 

 533 

IoS  The increasing number of susceptible people, who are fuels for epidemics [20], 534 

could result from moving of people, who own no immunity against the pathogen, 535 

from disease-free regions into infected regions. For example, in a UK school in 1924, 536 

two batches of new healthy and susceptible boys were introduced into the school 537 

where influenza viruses were circulating, and subsequently multiple infection waves 538 

occurred [23]. Due to recent regional wars, displaced population with different levels 539 

of immunity, moving from war-affected regions to safe regions for survival, could 540 

accelerate the spatial spread of infectious diseases, e.g. cholera in Yemen with 541 

3,000,000 displaced people [55], HIV in Ukraine with 1,700,000 internally displaced 542 

people [56]. Another interpretation of this model is the coming of new-born babies, 543 

who are fully susceptible to certain pathogens like measles virus. Besides, it may also 544 

cause a two-wave epidemic when exposed people who are infected but not infectious 545 

enter the region of interest. Thus the IoS model, which is similar to the 546 

- [18], is sensible. 547 



 548 

4.2.4. Temporal-Variation-of-Parameters 549 

RRV  Changes in surveillance efforts and testing policies over time, which is related 550 

to case reporting, could affect the shape of epidemic curves [29, 55]. Besides 551 

spatial-variant reporting rates [57], time-variant reporting rates have also been 552 

observed during influenza pandemics [4, 29, 58], caused by many reasons, such as 553 

holidays or festivals [58], the definition of clinical cases and diagnostic criteria [57]. 554 

In this respect, the scenario described by the RRV model is realistic. 555 

 556 

TRV  Transmission rate is determined by population susceptibility, infectiousness 557 

and contact frequency of infectious individuals [3]. The time variation of transmission 558 

rate is related to the change of climatic conditions (e.g. temperature and absolute 559 

humidity [59]), human behaviours [26] (e.g. school cycle [6, 7], intervention measures 560 

[60]), and so on. The PTR model can simulate the above changing transmission rate. 561 

The original ATR model employed in [12] took the number of weekly reported cases 562 

as prevalence, which actually should be incidence, and estimated the aperiodic 563 

transmission rate  based on it. In practice, it is important to distinguish between 564 

prevalence and incidence [61]. Although [62] did not confound the two concepts, it 565 

deduced  from incidence in an SIR model, instead of the SEIR model used in our 566 

improved method. 567 

 568 

2Age  Due to the high susceptibility and incidence of school children during the 569 



early phase of an epidemic [63, 64]570 

than that of adults in our simulation, and children become a key target group of 571 

vaccination [44], which is a reason for the decrease of their susceptibility [13] during 572 

an epidemic. In real life, people determine whether to vaccinate themselves or their 573 

children after considering the trade-off between side effects of a vaccine and its 574 

benefits [26], so the vaccination coverage in a certain age group would fluctuate. This 575 

is the reason 576 

during the first and second periods, respectively, in our model. Moreover, a survey 577 

has revealed that a pattern that individuals tended to contact with people of the same 578 

age was most pronounced in those aged 5 24 years, and less pronounced for older 579 

people [64]. Therefore, in our simulation  is set to be larger than , and much 580 

larger than . The sensitivity analysis of this model reveals that the increase of  581 

(or ) together with a moderate reduction of  could facilitate the occurrence of 582 

two-wave epidemics. These are in line with the results in [19]. Therefore, the 2Age 583 

model is practical. 584 

 585 

4.2.5. Combination 586 

The composite models incorporating multiple factors have been reported to reproduce 587 

multi-wave influenza infections in UK [21, 25], US [13], and Mexico [24]. Another 588 

research about Mexico [7] and a study on the epidemic arrival time of globally 589 

spreading epidemics [18] developed meta-population models to explore travel effects, 590 

which were similar to our proposed RN model. Hence, the 1918-Flu and RN models 591 



in this category are realistic. 592 

 593 

4.3. Mitigation measures suggested by the sensitivity analysis 594 

Thirdly, in each of the above realistic models (except for the RRV, ATR, 1918-Flu, 595 

and RN model), we conduct sensitivity analyses to investigate the effects of the 596 

different values of the epidemiological parameters on the number of infection waves 597 

and the CAR of simulated epidemics. For the target of fewer waves in a single 598 

influenza season and a lower CAR, we summarize two categories of 599 

recommendations on control measures from the results of the sensitivity analyses. The 600 

first are measures aiming to reduce basic reproduction number or transmission rate. 601 

The second are to limit the addition proportion of individuals who are to be primarily 602 

infected, and to drop the probability of replenishment of people who are to be 603 

reinfected.  604 

 605 

4.4. A modelling framework for investigating multi-wave epidemics 606 

In this research, we present a collection of possible mechanistic models to explain 607 

two-wave influenza epidemic or pandemics occurring in a single season. Although 608 

models can suggest plausible options, they cannot determine the actual mechanisms 609 

[12]. Thus, fourthly, we summarize a modelling framework (Fig. 5) for choosing 610 

appropriate models to reveal mechanisms underneath the bimodality of disease 611 

surveillance data based on our proposed five categories of models. 612 

 613 



At the very beginning, we would determine an appropriate scope of candidate 614 

single-factor mechanisms based on data itself, supplementary information and other 615 

sources of data regarding the epidemic and community to be analyzed. Firstly, we 616 

should pay attention to the spatio-temporal resolution of data. Different levels of 617 

administrative divisions correspond to different spatial scales. It is possible that 618 

during a specific period, an epidemic curve of two-wave pattern in a province is 619 

actually a summation of one-wave curves in cities belonging to the province, and vice 620 

versa [65]. In a specific location, a curve may be bimodal with a higher frequency of 621 

data sampling (e.g. one observation per week), and may be unimodal when the 622 

frequency is lower (e.g. one observation every ten days) (Fig. A.8(O-P), Appendix). 623 

Secondly, we could retrospect the information about the factors or events that would 624 

result in or accelerate the spatial migration of hosts, such as traditional festivals (e.g. 625 

Chinese Spring Festival, American Thanksgiving Day), sports events (e.g. Olympic 626 

Games), large conferences and exhibitions, long holidays (e.g. summer vacation, 627 

National Day), cross-region trade (e.g. live poultry trade). Thirdly, 628 

time-varying factors during the period of epidemic in certain specific locations should 629 

be considered, such as the ability or criteria of diagnosis and surveillance [66], 630 

personal hygiene habits (e.g. mask wearing631 

behaviors in public places (e.g. schools, cinemas), measures or policies of 632 

intervention and control (e.g. border screening, vaccination, distribution of antiviral 633 

medicine) [52], extreme weather events (e.g. cold wave). Fourthly, other data sources 634 

would also provide insights about the epidemic. For example, by analyzing genetic 635 



sequences [25] of sampled virus isolates, we are likely to figure out whether the 636 

original virus strain mutated to another strain or subtype, and whether there existed 637 

co-circulation of two or more strains during the epidemic; with serological data 638 

sampled from individuals who have ever been infected by the specific virus, we may 639 

test whether the titre of antibodies, which were produced by the immune system when 640 

the immune response was triggered by the virus infection, changed dramatically, and 641 

test whether a completely novel antibody appeared in vivo. Fifthly, if the above four 642 

steps do not supply enough information for us to select even one candidate 643 

single-factor mechanism, we can try to propose a hypothetical mechanism according 644 

to the specific research questions we concerned. 645 

 646 

After the preliminary screening above, we might find only one factor associated with 647 

the two-wave epidemic in question and build a single-factor mechanistic model to 648 

explain it. But in real world, an epidemic is usually complex and influenced by more 649 

than one factors. Then we can assemble the related single-factor mechanisms in the 650 

scope and construct a composite mechanism model like those in Combination 651 

category. Next, we fit our model to the incidence data and derive particular parameter 652 

combinations that make the model outputs consistent with the epidemic. To evaluate 653 

the performance of the fitted model, in addition to the goodness-of-fit (e.g. AIC, R2), a 654 

further important criterion is whether the parameter values inferred from a given 655 

model are biologically-reasonable [22], which should be judged according not only to 656 

previous researches and epidemiological investigation, but also to the information 657 



from multiple data sources besides surveillance data. 658 

 659 

Last but not least, suppose the variance of a certain parameter value is unusually large 660 

or the value itself is not biologically plausible, the corresponding factor would be 661 

excluded from the compounded mechanism model, and a new iteration of above steps 662 

can be conducted again. 663 

 664 

4.5. Limitation and outlook 665 

We have not been exhaustive as there may exist other possible mechanisms that are 666 

not covered in this work. The current categorization of mechanisms could be 667 

improved. For example, the IoS model has time-varying parameters, which could also 668 

be included in the Temporal-Variation-of-Parameters category. The transmission rate 669 

in the ATR model integrates all sources of variability during epidemic and it could be 670 

included in the Combination category671 

immunity and could also be included in the Host-Immune-Heterogeneity category. 672 

Strictly speaking, the 2Reg model might not be a real mechanistic model, because the 673 

two-wave problem in a region is actually related to whether the epidemic data from 674 

two of its constituent subregions are combined, and the underlying epidemic in each 675 

subregion is still unimodal. In addition, the metrics and criteria proposed in this 676 

research to estimate the number of infection waves could be improved by taking into 677 

consideration the lasting time and size of each epidemic wave. All the simulations in 678 

this work are conducted on deterministic models, stochastic effects should be added in 679 



the next step. In our proposed modelling framework, although fitting models to data 680 

has been mentioned, we do not go through this in the current work. In further research, 681 

the framework should be used to reveal the most reasonable mechanism to explain the 682 

two infection waves of an actual influenza epidemic or pandemic with rigorous 683 

statistical fits of models to real data. 684 
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Figure legends and Table captions 886 

Fig. 1. Diagram of the definitions of three two-wave metrics.  is the number of new 887 

cases per day. The red points represent the highest peak ( ), the second highest peak 888 

( ), and the local trough ( ) between the time points of  ( ) and  ( ), 889 

respectively.  is any time point except for . The purple, green and yellow 890 

dashed lines are for metrics , , and , respectively. (A) when . 891 

(B) when ,  coincides with , and  coincides with . 892 

 893 

Fig. 2. The structure diagrams of models proposed in this research. , , , and  894 

represent the number of people who are in four epidemiological states respectively: 895 

susceptible, exposed, infectious, and recovered/removed.  represents incidence, 896 

i.e. the number of new hosts entering the infectious class per unit time. , , and  897 

are the transmission rate, the reciprocal of latent period, and the reciprocal of the 898 

infectious period, respectively. (A) 2 Region. Two dashed red arrows indicate that one 899 

infected individual arrives in subregion 1 and subregion 2 at time 0 and , 900 

respectively. The subscript901 

Importation-of-Susceptible.  and  represent the number of susceptible people 902 

and the addition proportion of susceptible people at time . (C) 903 

Reporting-Rate-Variation.  is the reporting rate.  represents a proportion of 904 

incidence ( ) and can be calculated by randomly sampling from a distribution (e.g. 905 

normal distribution) with the mean , because of the underreporting of cases. 906 

(D) 2 Age-group. The subscripts and  children and adults, respectively. 907 



 represents the effective contacts per day between the infectious people of class  908 

and the susceptible people of class .  and  represent the susceptibility of 909 

children at time , and the susceptibility of adults, respectively. (E) Road-Network. 910 

The subscript  represents the 911 

average number of individuals moving from subpopulation  to subpopulation  per 912 

day. 913 

 914 

Fig. 3. Number of daily new cases as a function of time in model (A) All-or-Nothing, 915 

(B) Partially-Protective-Immunity, (C) 2 Virus (dotted lines represent incidence 916 

caused by strain 1 and 2, respectively), (D) Mutation, (E) 2 Region (dashed lines 917 

represent incidence occurred in subregion 1 and 2, respectively), (F) 918 

Importation-of-Susceptible (  is the time-variant addition proportion of susceptible 919 

people), (G) Reporting-Rate-Variation (  is the time-variant reporting rate), (H) 920 

Periodic-Transmission-Rate (  is the time-variant transmission rate), (I) 921 

Aperiodic-Transmission-Rate, (J) 2 Age-group (  is the time-variant susceptibility 922 

of children), (K-L) Road-Network, and (M) 1918-Flu. The parameters in Table A.1 923 

(Appendix) are used to produce the epidemic curves. The red line represents the 924 

model-simulated daily incidence.  925 

model-simulated daily incidence, which is a proportion of the model-simulated daily 926 

incidence ( ) and is calculated by randomly sampling from a normal distribution 927 

with the mean , due to the underreporting of cases, with  being the case 928 

reporting rate. 929 



 930 

Fig. 4. Sensitivity analysis of the All-or-Nothing model.  is the probability to 931 

develop long-term immunity,  is the basic reproduction number. PN represents the 932 

number epidemic waves. (A) Clinical attack rate as a function of . Each black dot in 933 

the curve indicates the point of the lowest attack rate. (B) Epidemic curves 934 

corresponding to different , given =0.2. Numbers of epidemic waves (C) and the 935 

attack rate (D) corresponding to different tuples of ( , ). Red line consists of points 936 

of which each corresponds to a locally lowest attack rate along a certain V-shaped 937 

curve of attack rate, which changes with  when  is fixed. 938 

 939 

Fig. 5. Flow chart of modelling framework. 940 

 941 

Table 1. Characteristics of mechanistic transmission models that support multi-wave 942 

epidemics. 943 

 944 

Table 2. The criteria to determine the fuzzy number of epidemic waves (FNEW). 945 

 946 

Table 3. The selected parameters and value ranges in each model for sensitivity 947 

analysis. 948 

  949 



Appendix. Supplemental Materials 950 

Supplementary material associated with this article contains Table A.1 and Fig. 951 

A.1-Fig. A.8. 952 

Fig. A.1. The structure diagrams of models adopted from previous research. , , , 953 

, and  represent the number of people who are in five epidemiological states 954 

respectively: susceptible, exposed, infectious, recovered/removed, and long-term 955 

protected. , , , and  are the transmission rate, the reciprocal of latent period, 956 

the reciprocal of the infectious period, and the reciprocal of temporary removed 957 

period, respectively. (A) All-or-Nothing (red) and Partially-Protective-Immunity 958 

(purple) [1]. (B, C) 2 Virus and Mutation [1]. Superscript stands for the infective 959 

strain, subscript for the already-immunized strain. Hosts recovered from strain  960 

enter the  class and become completely protected against reinfection by strain  961 

while remaining susceptible to the other circulating strain . For the Mutation model, 962 

the two strains interact through a cross-immunity parameter [0, 1] that acts by 963 

reducing the susceptibility to the other strain. The dashed arrow indicates that at time 964 

 if , one infectious host with the initial strain becomes infectious with the 965 

mutated strain. (D) Transmission-Rate-Variation (Periodic-Transmission-Rate and 966 

Aperiodic-Transmission-Rate) [2].  is the transmission rate at time . (E) 1918-Flu 967 

[3]. The subscript  takes two values 1 and 2, referring to the first and second 968 

infection wave, respectively. , , and  represent the number of all people, 969 

hospitalized people, and asymptomatic people, respectively. , , , , , and  970 

are the natural birth (or death) rate, the relative infectiousness of asymptomatic people, 971 



the proportion of clinically infections, the reporting rate, the diagnostic rate, and the 972 

reciprocal of the infectious period, respectively. 973 

 974 

Fig. A.2. Sensitivity analysis of the Partially-Protective-Immunity model.  is the 975 

basic reproduction number. 1-976 

acquired after former recovery. PN represents the number epidemic waves. (A) Attack 977 

rate as  Each black dot in the curve indicates the point of the highest 978 

slope. (B) Epidemic curves corresponding to different  Numbers of 979 

). 980 

Red line consists of points of which each corresponds to the locally highest slope 981 

along a certain sigmoid curve of attack rate changing with when  is fixed. 982 

 983 

Fig. A.3. Sensitivity analysis of the 2 Virus model.  and  represent the basic 984 

reproduction number of virus 1 and virus 2, respectively. PN represents the number 985 

epidemic waves. (A) Attack rate as a function of . Each black dot in the curve 986 

indicates the point of the highest slope. (B) Epidemic curves of two waves and one 987 

wave. Numbers of epidemic waves (C) and attack rates (D) corresponding to different 988 

tuples of ( , ). Red line consists of points of which each corresponds to a locally 989 

highest slope along a certain sigmoid curve of attack rate changing with  when 990 

 is fixed. 991 

 992 

Fig. A.4. Sensitivity analysis of the Mutation model.  is the basic reproduction 993 



number of both virus strains. 1- -immunity acquired 994 

after recovering from the former virus strain. PN represents the number epidemic 995 

waves. Numbers of epidemic waves (a) and attack rates (b) corresponding to different 996 

). (c) Epidemic curves corresponding to different , given =0.36. 997 

 998 

Fig. A.5. Sensitivity analysis of the Importation-of-Susceptible model.  is the 999 

proportion of added susceptible individuals at the first time ( ), while  is that at 1000 

the second time. Numbers of epidemic waves (A) and attack rates (B) corresponding 1001 

to different tuples of ( , ), given =35. Numbers of epidemic waves (C) and 1002 

attack rates (D) corresponding to different tuples of ( , ), given =1.5. Numbers 1003 

of epidemic waves (E) and attack rates (F) corresponding to different tuples of 1004 

( , ), given =0.2. 1005 

 1006 

Fig. A.6. Sensitivity analysis of the Periodic-Transmission-Rate model.  is the 1007 

average value of transmission rate ( ) and  is the amplitude of the fluctuating part 1008 

of . (A-B) Attack rate as a function of  (A) and  (B). Black dots are the 1009 

troughs of V-shaped curves. The epidemic curves (C) and periodic transmission rates 1010 

(D) both correspond to the black dots in (A, B). Numbers of epidemic waves (E) and 1011 

attack rates (F) corresponding to different tuples of ( , ). Red points are determined 1012 

by ( , ) corresponding to the locally lowest attack rates, and they could be 1013 

approximated by a green line (L1). ( , ) corresponding to two infection waves 1014 

would be approximated by a red line (L2). The white grids represent the meaningless 1015 



situation where . 1016 

 1017 

Fig. A.7. Sensitivity analysis of the 2 Age-group model. ,  and  (or ) 1018 

represents the number of effective contacts per day among children, among adults, 1019 

and between children and adults, respectively. Numbers of epidemic waves (A) and 1020 

attack rates (B) corresponding to different tuples of ( , ) , given . 1021 

Numbers of epidemic waves (C) and attack rates (D) corresponding to different tuples 1022 

of ( , ), given . Numbers of epidemic waves (E) and attack rates 1023 

(F) corresponding to different tuples of ( , ), given . 1024 

 1025 

Fig. A.8. (A-N) The fuzzy numbers of peaks (PN) detected by the metrics and criteria 1026 

proposed in our research when applying them on real datasets. These datasets are time 1027 

series of reported cases of A (H3N2) in Tristan da Cunha in 1971 (A), of the 2009 1028 

pandemic in America (B) and several cities in mainland China (C-H), and of the Zika 1029 

virus epidemic in a few Central and South American countries in 2016 (I-N). (O-P) 1030 

The PN of the epidemic curve of A (H3N2) in Tristan da Cunha in 1971 1031 

corresponding to different temporal frequencies of data sampling: one value per week 1032 

(O) and one value per ten days (P). The two blue dots in each epidemic curve are key 1033 

points to determine PN of the specific curve using our method. 1034 

 1035 

Table A.1. The parameters and corresponding values used in each model. 1036 

 1037 
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