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Abstract

:

In a modern pandemic outbreak, where collective threats require global strategies and local operational defence applications, data-driven solutions for infection tracing and forecasting epidemic trends are crucial to achieve sustainable and socially resilient cities. Indeed, the need for monitoring, containing, and mitigating the ongoing COVID-19 pandemic has generated a great deal of interest in Digital Proximity Tracing Technology (DPTT) on smartphones, as well as their function and effectiveness and insights of population acceptance. This paper introduces and compares different Data-Driven Epidemic Intelligence Strategies (DDEIS) developed on DPTTs. It aims to clarify to what extent DDEIS could be effective and both technologically and socially suitable in reaching the objective of a swift return to normality for cities, guaranteeing public health safety and minimizing the risk of epidemic resurgence. It assesses key advantages and limits in supporting both individual decision-making and policy-making, considering the role of human behaviour. Specifically, an online survey carried out in Italy revealed user preferences for DPTTs and provided preliminary data for an SEIR (Susceptible–Exposed–Infectious–Recovered) epidemiological model. This was developed to evaluate the impact of DDEIS on COVID-19 spread dynamics, and results are presented together with an evaluation of potential drawbacks.
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1. Introduction


During the period from 2011 to 2018, the World Health Organization (WHO) recorded 1483 epidemic events in 172 countries [1]. Epidemic-prone diseases can lead to severe consequences on population health and economy of the affected countries, depending on several factors (e.g., strength of the pathogen, sanitary conditions, food quality, pollution levels, healthcare system efficiency) and have a global impact when they turn into a pandemic [2]. The threat of a global health crisis emerged at the end of December 2019, when the WHO was informed by the Chinese government of anomalous pneumonia cases in Wuhan, originating from an unknown virus, today well-known as Severe Acute Respiratory Syndrome–Coronavirus–2 (SARS-CoV-2) (“World Health Organization” n.d.). From January 2020, the virus has spread beyond the Chinese borders, causing a pandemic. To date (28 October 2020), about 44 million people have been infected, and 1,200,000 people have died worldwide [3]. In addition, the pandemic caused by the SARS-CoV-2 virus, officially named Coronavirus Disease–2019 (COVID-19), is having a devastating impact on global trade, economy, and social stability worldwide, representing one of the worst health, economic, and social crises faced by the world population after World War II [4,5]. Furthermore, even the countries where the spread of the infection seemed to be under control (e.g., in Europe) are now facing the second wave related to the recurrence of the virus [3]. Until a vaccine is available, a variety of measures and strategies have been put in place to contain this threat. Immediately after the outbreak of COVID-19, quarantine and total lockdown proved to be successful in reducing the virus transmission [6]. However, along with the use of physical distancing, sanitization, and restrictions of public gatherings, the swift response to the spread of the infection requires accurate data and information collection to support the implementation of control measures.



In today’s world, characterized by widespread digitalization, data-driven technologies supported by close-range localization can provide rapid and consistent data, which can play a key role in developing strategies in protecting the population and assisting in the fight against COVID-19. Data-Driven Epidemic Intelligence Strategies (DDEIS) based on Digital Proximity Tracing Technologies (DPTT) might represent a proactive approach to tackle the COVID-19 pandemic, and their combined use could work as a third-millennium digital vaccine to attain herd protection [7]. These could be used as an efficient and cost-effective measure to control the spread, preventing the virus from propagating exponentially within the population, avoiding mass interventions such as lockdown [8] and helping to minimize the proportion of uninfected people forced into quarantine, limiting restrictions to those most at risk [9]. On the other hand, the adopted DPTTs suffer from a degree of privacy invasion, whose acceptance depends on the legal and political context where they originated. For example, the Chinese government adopted an approach based on the strengthening of an existing surveillance system that is highly invasive in terms of personal privacy. By contrast, in European countries where data protection rights are well-established, less invasive technologies were adopted. However, effectiveness of DDEIS based on DPTT coexisting with individual freedom in slowing down the spread has yet to be reached [10]. Furthermore, it is not only privacy concerns that DPTT needs to face. An assumption is that such approaches might not have much impact where an extensive community transmission has already occurred [11]. Other issues range from technical limitations, e.g., accuracy, sensitivity, and data granularity, to the absence of evidence that DPTT effectively fights the pandemic, due barriers to deployment and security and social risks [12,13]. Finally, although some attempts to define a taxonomy of typology of public health solutions relying on digital technologies were made [14], these were limited on a wider scale, where a more fine-grained distinction of DDEIS on DPTT detail analysis and an evaluation of implications and perspectives for decision-making are still missing. This regrettably results in overlapping descriptions and confusion of usability. This uncertainty in turn hinders their applicability over the entire range and causes their rejection by public opinion.



Within this context, this paper aims to define and compare from different perspectives DDEIS based on DPTT in order to clarify the context in which these strategies could be chosen and implemented by national governments and local decision-makers. Specifically, their functions and purposes are discussed, and population response is evaluated with a preliminary online survey (conducted in Italy). Furthermore, DDEIS impacts are assessed through a modified SEIR (Susceptible–Exposed–Infectious–Recovered) epidemiological model in order to identify and evaluate the advantages and limitations of their implementation in the subsequent phases of a pandemic and for a return to a normal life.



The paper is structured as follows: after the present introduction, Section 2 describes the background of the epidemic spread and the conventional measures adopted. In Section 3, four DDEIS are presented together with their functioning and scope. Section 4 reports the results of the survey that are relevant to the present study. Section 5 provides the SEIR epidemiological model used to assess the effectiveness of the proposed DDEIS. Results and discussions follow in Section 6, and concluding remarks are presented in the final section.




2. Background


As the pandemic spread, health organizations implemented several countermeasures to bring it under control. The spotlight was on the basic reproduction number R0, defined as the number of secondary infections produced by one primary infection in a fully susceptible population. At population level, if R0 is higher than 1, the epidemic rises, while if R0 is less than 1, it is destined to peter out. Restrictive measures, such as quarantine, lower the R0 index. However, R0 can also increase, with the risk of a complete resurgence, when restrictions are relaxed or lifted [15]. The conventional strategy aimed at bringing and maintaining R0 under the critical threshold involves a combination of measures, also known as test, trace, and treat. The manual contact tracing process, conducted by public health officials, consists of tracking down anyone who may have been exposed to SARS-CoV-2 due to a contact with an infected person (also during the incubation period), in order to alert potential new cases to seek testing and monitoring for symptoms. This protocol is traditionally deployed manually by interviewing infected subjects and assisting them in recalling past movements and interactions. This procedure is resource-demanding, time-consuming, and proportionally too labour-intensive, while outputs have proved to be inaccurate and limited [16]. Besides this, population screening for SARS-CoV-2 is essential in suppressing its spread. However, a large capacity for community testing requires the availability of personnel, infrastructures, and equipment. The ECDC reported that in the EU, only people suffering symptoms acute enough for hospitalization were tested [17]. Nevertheless, symptom-based control alone, i.e., testing a small proportion of highly symptomatic individuals (initially due to the scarcity of COVID-19 testing), implies a vast underestimate of infection rates per capita and thus fails to control transmission [10]. This is also caused by uncertainty about mild or asymptomatic COVID-19 carriers or recovered patients, as well as the number of self-isolating people [18]. For the same reason, it is not possible to effectively forecast where COVID-19 will spread and when the number of cases will start to fall. Indeed, studies suggest that even the total isolation of all symptomatic individuals would be insufficient to stop the epidemic since the infectiousness starts before the onset of symptoms, and the absence of symptoms does not imply absence of virus excretion [19,20]. Other studies indicate that almost half of COVID-19 infections are transmitted by contacts in the pre-symptomatic or asymptomatic stage [21]. This might be the reason why COVID-19 has spread easily and sufficiently quickly to cause sub-exponential (and in the worst cases exponential) growth [22]. Indeed, asymptomatic and presymptomatic transmission reduce the effectiveness of control measures if initiated by symptom onset [9]. Thus, the attempt to control the epidemic has required countries to enforce the preventative isolation and quarantine of trust of uninfected people, up to the point of mass lockdowns, since with the conventional strategy, asymptomatic or presymptomatic individuals cannot be distinguished from those who are uninfected. On average, overreacting has shown better results than not reacting; e.g., stringent pandemic policies are associated with lower mortality growth rates, especially in countries with a greater proportion of elderly and high-density urban populations and larger international travel flows [10]. Locking down entire cities was practically unavoidable, showing best results for the countries that adopted this earlier [23]. However, this entirely non-targeted measure cannot be perpetuated for too long or repeated too often, since, among its other drawbacks, it is economically highly damaging and socially disruptive. Finally, it should be carefully assessed whether lockdown is less intrusive than DPTT solutions, while their success in supporting mitigation strategies and curbing mortality growth was already proved in the case of South Korea, which avoided the drastic measure of a national lockdown [24]. Finally, a paradox needs to be addressed. Indeed, while it is on a global scale, an equivalent and interoperable cross-border DPTT system still seems to be some way from being adopted, despite the Google–Apple partnership. This is due to the large number of countries involved, a wide variety of privacy laws, different needs to protect civil rights over other priorities, and divergence in cultural attitudes and the interests of society. On the other hand, on a regional and local scale, governments are still not ready or aware of the value of leveraging a digital transition to collect and process detailed data to face uncertainty and support decisions. This implementation gap is caused by the lack of technological infrastructure and multidisciplinary experts. However, it is also due to public authorities struggling to deal with their inability to promptly draft ad hoc procedures, if not their widespread unpreparedness and latency in promoting an up-to-date digital mindset. Hence, too often, targeted preventive actions are not only blocked but are just not a feasible option compared to law-driven mass action enforcements [25].



Given this complex background, the extent to which DPTT-based strategies to control COVID-19 spread within cities can be adopted to reduce the risk of further lockdown and hasten a safe resumption of economic activities must be further investigated. This should involve complementary non-clinical and non-pharmaceutical measures applicable to the largest part of the population during the period required for vaccine research, clinical trials, and mass vaccination campaigns. Thus, in the following sections, DDEIS are illustrated, along with their acceptance by the population and potential impact on epidemic dynamic is evaluated and compared.




3. Data-Driven Epidemic Intelligence Strategies


In this section, four DDEIS based on a fine-grained DPTT distinction are proposed. These strategies could be combined to establish an underlying risk of infection transmission information system following the phases of epidemic development, which may recur cyclically through subsequent waves [26]. However, to allow for their multi-faceted comparison and potentially their alternative adoption, they are described independently.



3.1. Early Detection


The Early Detection strategy aims to prevent the sudden and exponential growth of contagion in a population by making faster and more precise conventional contact tracing procedures. DPTT are used only after an infected person has been identified, to automatically backtrack the chain of infection and find potentially infected people as rapidly as possible, including asymptomatic and presymptomatic subjects [9]. In this strategy, DPTT are used to record and reach both unnoticed known and unknown contacts. To implement this, the installation of apps designed for this purpose and/or the upgrading/enabling of some features (e.g., update the operating system, activation of the Bluetooth data transmitter) on mobile devices may be requested or imposed.



A risk-scoring algorithm estimates the degree of hazard run by each individual who was in contact with the infected person, relying on parameters such as distance and time of exposure, and consequently evaluates whether to issue warnings (e.g., alert messages) and address follow-up procedures, such as the targeting of tests or the enforcing of preventive quarantine/isolation, thus allowing the optimization of available resources. For instance, priority testing suspected super-spreaders allows for relieving from quarantine the larger clusters of possibly positive cases [9]. Moreover, by cross-checking data from DPTT with actual test results, proximity and duration parameters previously set in the algorithm can be fine-tuned [8]. Early Detection is particularly relevant in the initial stages of the spread of contagion, for containment purposes, but it also might prove to be effective for mitigation aims when the number of infected people makes the manual contact tracing unfeasible [7].




3.2. Surveillance


A Surveillance strategy allows authorities to check that each person in the population respects restrictions and regulation of the COVID-19 emergency plan. Following a detection of the infringement, fines or other actions may be pursued [27]. Surveillance is based on a centralised system for data collection and processing. Health and public safety authorities can monitor real-time personal information without consent to verify if the imposed restrictions are respected. The strategy can cross-reference DPTT data with available sources, such as surveillance camera, credit card recordings, energy bills, social media usage, and more and assign a hazard level to each person based on the processing of the collected information with artificial intelligence algorithms, along with the results of screening tests and traditional contact tracing [28]. Each level corresponds to restrictions and behavioural rules to be followed for a certain period of time. The movements and social relationships of the profiled subject are traced to verify if he breaks rules such as lockdown, quarantine of trust, or isolation. Surveillance is mainly used for geofencing, i.e., virtually drawing borders for certain areas or regions to limit the movement of individuals [29], by verifying whether they move away from predefined locations, such as their home or region. Moreover, with the implementation of QR-code-based features scanned at authority checkpoints, it is possible to forbid access to certain public places (e.g., shopping malls, subways) or sensitive places (emergency rooms). Although this strategy acts at an individual level, it is possible to mass-monitor the population by aggregating data to verify unauthorized mass movements or gatherings through the analysis of flows and concentrations of people. This strategy may be needed especially under the conditions of an epidemic spreading throughout large parts of a country.




3.3. Protection


The Protection strategy uses DPTT to allow each person to better manage spatial behaviour and physical distancing by providing users with a real-time map of the risk, displayed on their smartphones. This warns in advance about the calculated contagion risk (or, by contrast, the degree of safety) associated with a visit to a particular place or a contact with an approaching person. A similar dynamic infection risk map, that of Hospital Acquired Infection spread, is presented in Esposito [30]. This strategy works in a decentralized way, with data feeding the risk-scoring algorithm, which is delocalized on each device. Indeed, the provided service visualizes on a single map two integrated streams of information, aimed at managing both environmental contamination and social distancing. The former consists of a heat map of environmental contamination risk updated in real time. This visualizes data locations of the surroundings, reporting the likelihood of contagion for places and routes within a preset safety radius and can be complemented with alerts. This, taking into account the virus’s resistance on surfaces and in environments, could indicate the safety time related to the natural decay of the virus before the access to certain places can be allowed [31,32]. Thus, it directs the user’s spatial behaviour towards precautionary choices in favour of health safety, suggesting which places to avoid and for how long. Moreover, it allows us to identify where it is urgent to carry out decontamination procedures and can automatically alert competent authorities. The latter regards the information to support individual choices to improve social distancing against intra-human contagion, applying the heat map to people within a certain range from the user. This feature utilizes a contagion risk score profile of each user, based on their medical status, movements, meetings, testing results, and more, automatically and anonymously shared peer to peer with other devices within meters to estimate their users’ respective infection risks and allow each smartphone algorithm to update their own real-time-computed risk [33]. The system may suggest activities based on the users’ risk level, from quarantine, for lowering the gauged risk, to the need to contact health authorities. Finally, this could also implement gamification mechanisms, obtaining badges based on the behaviour of the user, e.g., respected quarantine, or on the negative result of a test. With such an app, each person would be aware at the moment of social interaction of what calculated risk they have decided to take and by contrast can feel safe to socialize freely.



Ultimately, this strategy aims to transform a non-targeted measure to a targeted one. This leads to improved social distancing measures, which often are not sufficient especially in indoor spaces where a lot of time is spent and where major infection spread occurs [34], and guides users to behave in a more conscious and safe way, informing about people or places that carry a higher risk of infection to keep the right distances and minimize the time of exposure and, if necessary, to drive users to avoid them. This strategy is useful in a de-escalation and transition phase post-lockdown and pre-vaccine to prevent epidemic resurgence and takes advantage of the quarantine that has been carried out, e.g., during the lockdown. This guarantees him/her a maximum-security badge, the continuation of which only requires people to manage their social relationships in a safer way.




3.4. Nowcasting


Nowcasting, i.e., near real-time forecasting, refers to a combination of digital proximity tracing data from smartphones with additional data sources, e.g. Census data and Big Data, which allows authorities to forecast the risk that certain subjects/places, singly/by type, may likely become infected, in order to intervene in advance. This strategy matches the data collected by DPTT with the survey of territorial epidemiological information made through more extensive digital information retrieved from all kinds of sources (mobility data, search engines, social networks, credit card information, mobile network signals, telecom data, etc.), statistical, demographic data and information about places frequented (for work, leisure and school), data retrieved from hospitals, and swab-analysing labs and it may also rely on online anonymous surveys. Collected Big Data is elaborated with artificial intelligence algorithms and machine-learning risk assessment models in order to predict short-term spread and provide analyses for government’s decisions. It is a massive calculation that makes it possible to predict with a certain probability whether a node of the social network = person (or territorial = place), has been infected even if there are no symptoms, or if it could be expected soon because there is a high-risk profile (characteristics, behaviour, age, profession, etc.). The aim is to draw up an accurate and dynamic mapping of epidemic propagation at a neighbourhood-level that goes up to the single building for targeted testing. Implementing DPTT to support this strategy would also improve prediction accuracy and design appropriate protection measures for the most vulnerable individuals. Moreover, the possibility of revealing asymptomatic subjects allows the identification of potential new outbreak areas to anticipate or increase health efforts such as population screening. Finally, this may enable the authorities to concentrate on more urgent areas of intervention and to impose safeguards and red zones because an outbreak is expected, while easing measures in areas where an outbreak has been successfully avoided [35].





4. Survey


This section briefly describes the survey administered online in Italy in May 2020. The survey intended to understand what people think about the use of their smartphone for digital contact tracing, aimed at activating each DDEIS in the fight against COVID-19. It was designed with the specific purpose of collecting useful data to measure the degree of acceptance shown by the local population toward the use of DDEIS based on DPTT (as described in Section 3). Some of the data gathered from the survey were used to build the SEIR epidemiological model proposed in the following Section 5. Indeed, as shown by the literature review, several studies established models deriving from responses. These have been conceived to assess app acceptability [36], to investigate app adoption [37], to evaluate the incidence and evolution of COVID-19 [38,39,40,41], or to understand the impact on people’s behaviour [42,43,44,45]. In the present work, the survey findings were used to compare possible impacts of different DDEIS on the diffusion dynamics of COVID-19 based on preferences for adoption scenarios.



4.1. Survey Design


The online survey consists of 22 questions. An introduction explains how data will be used, i.e., that data collection will be processed anonymously and exclusively for research purposes. Subsequently, four sections follow: (i) a description of DDEIS based on DPTT; (ii) questions to assess the degree of acceptance to DPTT; (iii) a targeted question to assess user’s preference functions for each DDEIS, and (iv) demographic data for profile users.



Section 1 and Section 3 aim to delineate preferred usage scenarios for each strategy, to tune them with a trade-off of associated details. Indeed, this allows users to identify details of implementation for each strategy, such as functionality; data processing; technology; why, where, and when to use DPTT; and with whom and what information to share, as well as possible adoption barriers. Afterwards they were asked to declare their willingness to opt into the DPTT on their device for the purpose of participating in each strategy. This implicitly assumes that the strategy in which the user agrees to participate is defined according to the conditions previously expressed by the user himself.




4.2. Target Population and Sample Size


At the time of conducting the survey, the sample was based on approximately 584 entries. A dedicated section on the user profile collects information on gender, age, job, and experience with COVID-19. The population was asked if they had ever had contact with positive subjects, if they had been swabbed, if they tested positive, if they had symptoms, or if they had health problems that could complicate the response to the infection. Of the sample interviewed, 95.3% stated that they had not had contact with COVID-19-positive people. More than half of the remaining 4.7%, who had had contact with positive subjects, had not been tested. Of swabbed individuals, 73% were negative. Of the interviewed sample, 94.7% stated that they had never had symptoms from COVID-19. 84% of the positive population stated that they had not been swabbed. Of the remaining swabbed participants, 40% were found to be infected. Of the people surveyed, 87.8% did not suffer from any previous disease. The results are summarized in Table 1.



It should be mentioned that the statistical sample is not sufficiently representative of the entire national population. However, this has little effect on the validity of this work, since in this phase of the research, an approximate range for DDEIS adoption was needed and not an exact percentage of results, in order to assess the extent of the range for the model and thus obtain representative outputs.




4.3. Key Questions in Feeding Data into the Model


Only two key questions of the survey were considered in the present paper in order to feed data into the epidemiologic model. The purpose of the questions was to understand (i) the most important right to be guaranteed for users for each strategy and (ii) what kind of strategy they were willing to use. For details, see Appendix A and Appendix B.



With regard to question (i), for each of the DDEIS, citizens indicated their preferences and were allowed to choose simultaneously more than one option about certain rights such as privacy, health, work and study, and mobility. Figure 1 shows the users’ choices in relation to DDEIS.



The results show that the majority (45%) recognized health as the most important right to be guaranteed. This preference can be considered as almost evenly distributed for all DDEIS. The right to privacy follows, with 33% consensus of the population. Specifically, a slight majority considers it to be important to ensure privacy, especially for Early Detection and Surveillance strategies. The right to work was recognised as important for 11% of people interviewed. In particular, the majority considered this an important right to be guaranteed in the case of Protection and Nowcasting strategies. The right to mobility, with a consensus of 11% of respondents, appears to be evenly distributed in relation to the four DDEIS.



The outcomes of the survey (Figure 2) show that 86% of respondents would adopt the Early Detection strategy, while 72% of respondents would accept adopting the Surveillance strategy. As regards the Protection and Nowcasting strategies, the model (see Section 5 for further details) assumes, for the sake of simplicity, that the effect of these strategies on the epidemic dynamic can be modelled in the same way. Therefore, by averaging the percentage of acceptance of Protection and Nowcasting scenarios, it is notable that 87% of respondents would adopt these combined strategies.



In a forthcoming paper, the full survey data will be analysed in greater detail, as this is currently under study to provide as wide a sample as possible. Moreover, the objective of this paper is not to analyse the results of the questionnaire, as this was used primarily as an initial support for the SEIR model of the DDEIS dynamic. Indeed, the survey allows us to estimate a set of parameters for the modelling of epidemic dynamics. Specifically, the percentages of adhesion to the different strategies inferred from the survey were adopted as input parameters for the model. Where a verification of the effectiveness of the DDEIS is necessary, the input parameters in the model should be modified with country-specific data to mirror the local context. Currently, the population sample is still limited; however, even if this is not extensive at the time of writing, it allows us to obtain plausible results to feed into the model.





5. Epidemic Dynamic Model


This section investigates the effects of the DDEIS described in Section 3 on the epidemic dynamics for reducing the spread of the infection.



As suggested by the WHO [46], the development of a mathematical model for the dynamic of the epidemic covers a key role in assessing and comparing the effectiveness of different public health intervention measures to control the disease and can be considered a necessary practice to provide valuable information for public health policymakers [47]. A large number of mathematical models [19,48,49,50,51,52,53] have been widely adopted to investigate the dynamics of COVID-19 disease. To this aim, a deterministic compartment model has been developed based on the well-known SEIR (Susceptible–Exposed–Infectious–Recovered) model [54,55,56,57]. The model developed in this work is an extended version of the SEIR model, a simplistic compartment model describing the flow of people through four mutually exclusive compartments. Our model assumes a population composed of individuals subdivided into the following mutually exclusive nine compartments:




	
Susceptible (S): individuals able to contract the COVID-19 disease;



	
Exposed (E): Susceptible individuals who have been exposed to infected people (asymptomatic, symptomatic, and exposed) and are able to infect susceptible individuals [21],



	
Confined (C): optional compartment modelling the fraction of susceptible individuals removed from the dynamical model without moving to other compartments;



	
Asymptomatic (A): Infected individuals showing mild or no symptoms;



	
Symptomatic (I): Infected individuals showing symptoms related to the COVID-19 disease or any symptoms that might induce individuals to self-quarantine;



	
Quarantined (Q): Infected and exposed individuals who self-isolate due to the application of DDEIS but still able to move to other compartments;



	
Hospitalized (H): Infected individuals being treated in a hospital;



	
Recovered (R): Individuals removed from the epidemic dynamics by recovering and not able to infect individuals;



	
Deceased (D): Individuals who passed away due to the COVID-19 disease.








The model considers a closed, homogeneous, and well-mixed population of one hundred thousand individuals with no births and assumes the probability of reinfection of recovered individuals to be negligible, ensuring a lifelong immunity to the disease upon recovery. As a result, the model parameters that control the transitions of individuals across the compartments are assumed to be homogeneous over the modelled population. It is worth remarking that the model developed in this work is not aimed at accurately modelling the epidemic dynamics since most of the dynamical factors of the epidemic are inhomogeneous over the population and their values are still under debate in literature. However, this model can be considered a valuable tool to infer the effectiveness of DDEIS to control the spread of disease, thus making them effective for their purposes. The approach and the evolution equations describing the epidemic dynamic were developed to model the effects of the DDEIS introduced in this paper. It is therefore worth remarking that, although the approach is based on the well-known SEIR model, a novel set of dynamic equations were elaborated to mimic the flux of people among a set of compartments that represents the variety of scenarios according to the DDEIS proposed in this work. The novelty of the approach compared to previous works in literature lies in the definition of new transitions of individuals between compartments that are not commonly adopted in SEIR-like models. As an example, comparing the model developed in this paper with the model adopted in [50], it can be noticed that, due to the complexity of the DDEIS proposed here and the aim of the paper, our model considers a larger number of compartments into which the population is subdivided and, as a result, a new set of transitions of individuals between compartments.



The transitions of individuals between different compartments are modelled by nine ordinary differential equations, describing the evolution of the population in each stage over time:


    dS   dt   = − β S   A + f I + E  N  − c ε S ,  



(1)






    dC   dt   = c ε S ,  



(2)






    dE   dt   = β S   A + f I + E  N  −  (  k + j  )  ε E −    (  1 − k − j  )  γ E ,  



(3)






    dA   dt   =  (  1 − k − j  )   (  1 − h  )  γ E −  (  1 − k − j  )  δ A −  (  k + j  )  ε A ,  



(4)






    dI   dt   =  (  1 − k − j  )  h γ E −  (  1 − w − l  )   (  1 − n  )   (  1 − g  )  I η −  (  w + l  )  I   ζ −  (  1 − w − l  )   (  1 − n  )  g δ I −  (  1 − w − l  )  n ε I ,  



(5)






    dQ   dt   =  (  w + l  )  I   ζ +  (  1 − w − l  )  n ε I +  (  k + j  )  ε E +  (  k + j  )  ε A − b Q δ −  (  1 − b  )  Q η ,  



(6)






    dH   dt   =  (  1 − w − l  )   (  1 − n  )   (  1 − g  )  I η +  (  1 − b  )  Q η − θ H ,  



(7)






    dR   dt   =  (  1 − k − j  )  δ A + b Q δ +  (  1 − w − l  )   (  1 − n  )  g δ I +  (  1 − m  )  θ H ,  



(8)






    dD   dt   = m θ H ,  



(9)




where the upper-case Latin letters denote the state variables (S, C, E, A, I, Q, H, R, D) introduced above and N is the total number of individuals.



The Greek letters in Equations (1)–(9) denote the transition rates between different compartments and are positive numbers (Table 1). In detail, the rates are described as follows:




	
 β  is the transmission rate, i.e., the average number of contacts between an infected (asymptomatic, symptomatic, and exposed) and a susceptible subject per unit of time multiplied by the probability of disease transmission through the contact. The model assumes that an exposed individual can transmit the virus at early stages as confirmed by epidemiological investigations [57]. The  β  value covers a key role in the spread of the disease, since its value controls the flow of susceptible into the other compartments.



	
 f  is a factor denoting the relative probability of disease transmission in a contact between a symptomatic and a susceptible individual with respect to the one related to the contact between an exposed/asymptomatic and a susceptible individual. As suggested by Ferguson [58], it has been assumed that symptomatic individuals are 50% more infectious than asymptomatic and exposed individuals, i.e.,   f = 1.5  ;



	
  γ ,   η ,   ζ ,   δ  , and  θ  denote the rate at which individuals move between compartments. Their values are related to the incubation time    t γ  =  γ  − 1    , the average time to hospitalization    t η  =  η  − 1    , the average remission time    t δ  =  δ  − 1    , the average time    t ζ  =  ζ  − 1     that the symptomatic take to self-isolate without any interventions of the policymakers and the application of DDEIS, and    t θ  =  θ  − 1     is the average length of stay in hospital after which an individual can heal or die;



	
 ε  denotes the rate at which individuals (asymptomatic, symptomatic, and exposed) decide to self-isolate due to the effects of DDEIS.



The lower-case Latin letters in Equations (1)–(9) denote the fraction of people who move towards a different compartment, as explained below:



	
 c  is the fraction of susceptible individuals who self-isolate due to the use of the Protection and Nowcasting DPTT functions;



	
 h ,  w ,  g , and  b  respectively denote the fraction of exposed becoming symptomatic, the fraction of symptomatic going in quarantine and the fraction of not-quarantined symptomatic ( g ), and the fraction of quarantined symptomatic ( b ) who recover without being hospitalized;



	
 m  is the fatality rate, which controls the flow of individuals out of the compartment of hospitalized;



	
 k  and  n  respectively denote the fraction of exposed/asymptomatic and symptomatic moving into quarantine compartment thanks to the use of the Early Detection strategy (Section 3.1);



	
 j  and  l  respectively indicate the additional fraction of exposed/asymptomatic and symptomatic moving to the quarantine compartment due to the application of the Surveillance strategy (Section 3.2).








Assuming that people’s behaviour does not change and policymakers do not intervene to reduce the spread of the disease in any way (  c , k , n , j , l = 0  ), it is possible to model the flow of individuals between compartments as follows. The principal flow of individuals occurs between susceptible (S) and exposed (E), which in turn are able to infect susceptible) through contacts with infective individuals (exposed E, symptomatic I, and asymptomatic A) at a rate given by  β . After the incubation time    t γ   , a fraction  h  of the exposed (E) become symptomatic (I) and a fraction    (  1 − h  )    become asymptomatic (A). Then, a fraction  w  of the symptomatic are sufficiently symptomatic to self-isolate and flow toward the compartment of quarantined (Q) at a rate  ζ . A fraction  g  of the rest of the symptomatic (I), i.e., the fraction    (  1 − w  )  g   of the total number of symptomatic, can exit their compartment because they recover (R) from infection at a rate  δ , while the fraction    (  1 − w  )   (  1 − g  )    are hospitalized (H) at a rate  η . The asymptomatic (A) are removed at a rate   δ   due to remission (R), while a fraction  b  of home-isolated individuals (Q) leave their compartment upon recovery (R) at a rate  δ  and the fraction    (  1 − b  )    are hospitalized (H) at a rate  η .



Finally, a fraction  m  of hospitalized individuals (H) recover from infection (R), while the fraction    (  1 − m  )    pass away (D) at a rate  θ . Hereafter, this scenario is referred to as the No-DDEIS scenario.



The transition rates of people between different compartments are regulated by several parameters related to the probability of disease transmission, the clinical progression of the disease, epidemiological status of the individuals, and the proposed intervention measures. In order to gain insights about the effectiveness of the four DDEIS described in Section 3, this paper considers three different scenarios, each of which is characterised by different transition flows between compartments and, in some cases, taking into account the additional “confined” compartment in the model. For the sake of simplicity, the model combines the effect of Protection and Nowcasting strategies in the same scenario.



The effects of the different DDEIS can be modelled as follows:




	
Early Detection: a fraction  k  of exposed (E) and asymptomatic (A) individuals and a fraction  n  of not self-isolated symptomatic individuals (I), i.e., a fraction    (  1 − w  )  n   of symptomatic, become quarantined and are removed from the epidemics (Section 3.1);



	
Surveillance: an additional fraction  j  of exposed (E) and asymptomatic (A) individuals and an additional fraction  l  of symptomatic (I) are quarantined. This functionality allows better control over whether infected individuals stay in quarantine (Section 3.2);



	
Protection and Nowcasting: a fraction  c  of susceptible individuals (S) move to the confined compartment (C) and, similarly to the quarantine compartment, are removed from the epidemics but do not move to other compartments (Section 3.3 and Section 3.4).








In case all the DDEIS are simultaneously implemented, the fraction of people moving between compartments is modified accordingly, as shown in Equations (1)–(9). As an example, if the Early Detection strategy is applied, the model includes an additional flow of a fraction  k  of those exposed and asymptomatic towards the compartment of quarantined, while a fraction  n  not self-isolated symptomatic goes into quarantine at a rate  ε . We assume that the exposed and asymptomatic behave differently with respect to symptomatic (  k ≠ n  ).



It is worth remarking that our approach does not model intervention like mass-quarantine and lockdown, because the use of DPTT is aimed at avoiding the adoption of non-specific strategies, which might irremediably lead to negative impacts on the economy [59].



A representative stock-flow diagram of the proposed model assuming that all scenarios occur (where   c , k , n , j , l ≠ 0  ) is shown in Figure 3. This diagram shows how individuals move through each compartment in the model. For integration of Equations (1)–(9), the standard real-valued variable-coefficient ordinary differential equation solver based on lsoda from ODEPACK [60] has been used. We adopt the following initial conditions (at   t = 0  ) for state variables:   S  ( 0 )  = 99800  ,   E  ( 0 )  = 100  ,   I  ( 0 )  = 60  ,   A  ( 0 )  = 40   while the rest of state variables are null.



The adopted model parameters are shown in Table 2, based on the estimates shown in Tang et al. and the results of the survey, as well as early reports and research on COVID-19 [58,61,62,63,64,65,66]. Moreover, our approach assumes that one-third of cases in the symptomatic compartments are sufficiently symptomatic to self-isolate (w = 0.33) within 2 days of symptom onset and that 95% of quarantined individuals recover without being hospitalized. Furthermore, to improve the modelling, we assume that people start using the digital proximity tracing technology around seven days after the beginning of the epidemic using a smoothed step-like function. In detail, the values of the parameters c, k, n, j, and l change as a logistic function swinging from the null value to the values listed in Table 2 at day 7 with a logistic growth timescale of one day. However, the model parameters have not been updated over time because we assume that no restrictions have been applied apart from those related to the use of the digital proximity tracing. It is worth remarking that, due to the limitation of compartment-based models and the increasing complexity in the nature of COVID-19 diseases and population models, validating the result of the model would be not practical in our case. As previously described, results can be interpreted as an indication of the power of DDEIS to control the disease. Finally, the model does not account for the limited capacity of the health care system to respond to the increasing number of hospitalized individuals. Specifically, the model does not limit the number of individuals within the hospitalized compartment to mimic the decreasing response to the health care system with epidemic evolution [67]. The model could mimic this effect by increasing the flux of individuals from the hospitalized to the deceased compartment by a factor related to the capacity of the health care system. However, since the health care system response relies upon several factors, such as hospital bed occupancy and the geographical distribution of hospitals, accounting for this effect would produce a loss of model generality. Since the approach developed in this paper is conceived to be as general as possible to fully figure out the effects of the proposed DDEIS, we therefore consider a constant response of the health care system during epidemic evolution.



The adopted value of  β  (see Table 2) indicates that an infected individual can infect around 3.5 susceptible over the duration of infectiousness (that can be roughly estimated by the average of    t γ   ,     t η    and    t δ   ). We run the simulation of the epidemic over a time period of 100 days.



5.1. NO-DDEIS Scenario


In the case where DDEIS are not adopted (where   c , k , n , j , l = 0  ), the confined compartment is not populated. Figure 4 shows the dynamical evolution of the number of individuals in each compartment of the epidemic model.



The first days after the beginning of the epidemic are characterized by a remarkable increase of the exposed individuals due to the contacts between susceptible and infected. After nearly 15 days, the initial population of susceptible flow toward the compartment of exposed, asymptomatic, and symptomatic. The number of exposed, symptomatic, asymptomatic, quarantined, and hospitalized peaks at different times due to the different flow rates and decreases to null values after about 50 days. The fraction of deceased people with respect to the total number of individuals is 2.1% at the end of the simulation. Moreover, the evolution of the number of hospitalized peaks at a value of around 10% of the initial population of susceptible individuals.




5.2. Early Detection


The Early Detection scenario is modelled by taking into account flows of infected individuals (exposed, symptomatic, and asymptomatic) toward the compartments of quarantined. In detail, a fraction  k  of individuals exposed (E) and asymptomatic (A) and a fraction  n  of not-self-isolated symptomatic (I) are assumed to move towards the compartment of quarantine. In this case, we assume   c , j , l = 0  ,   k = 0.86  , and   n = 0.86   (Table 2).



Figure 5 shows that nearly half of the population does not move from the compartment of susceptible due to the strong reduction of not-quarantined infected. The fraction of deceased people with respect to the total number of individuals is 0.5% at the end of the simulation. Comparing Figure 3 with Figure 2, it is possible to note a remarkable reduction of exposed individuals and the increase of quarantined people due to the implementation of the Early Detection strategy.




5.3. Surveillance


The Surveillance scenario is modelled by taking into account an additional flow of symptomatic individuals toward the compartments of quarantined. In this case, infected people are kept in quarantine thanks to the use of geofencing functions and police control.



In detail, we assume that a fraction  j  of individuals exposed (E) and an additional fraction  l  of symptomatic (I) move to the quarantine compartment. In this case, it has been assumed that   c , k , n = 0  ,   j = 0.72  , and   l = 0.72   (Table 2).



Figure 6 shows that the flow of people out of the compartment of susceptible is similar to the one shown in Figure 2. In this case, more people are kept quarantined compared to the No-DDEIS scenario (Section 5.1). The fraction of deceased people with respect to the total number of individuals is 0.92% at the end of the simulation. The increase of the number of deceased people with respect to the Early Detection scenario implies that the Surveillance strategy is not as effective as the Early Detection one to reduce the spread of the diffusion, confirming evidence from The Washington Post’s simulation illustration [68].




5.4. Nowcasting and Protection


The Nowcasting and Protection scenario is modelled as an additional flow of susceptible individuals toward the compartments of confined. As a result, more people are kept out of the epidemic without becoming infected since in the early stage of the epidemics, when the major part of individuals are susceptible, a fraction  c  of susceptible self-isolate at a rate  ε  (Equations (1) and (2)). In this case, we assume   k , n , j , l = 0   and   c = 0.87   (Table 2).



Figure 7 shows that the number of individuals in the compartment of confined is similar to the maximum number of quarantined people in Figure 3 and Figure 4. However, in this case, confined people cannot become infected and stay in that compartment until the end of the epidemic, leading to a decrease in the number of infected and exposed people. The fraction of deceased people with respect to the total number of individuals is 0.58% at the end of the simulation, around two times the number of deceased individuals in the Early Detection scenario.





6. Results and Discussion


This paper aims to clarify to what extent DDEIS could be effective and both technologically and socially suitable in reaching the objective of a swift return to normality for cities, guaranteeing public health safety and minimizing the risk of epidemic resurgence. The main contribution is the analysis of four different DDEIS from different perspectives, in terms of technical feasibility, spatial data requirements, social impact, personal data protection guarantees, and the power to mitigate infection. The key advantage is to infer the relative trend of the epidemic evolution among different scenarios in order to figure out the impact of the different DDEIS proposed and compare the effect of each strategy in terms of the reduction of the number of hospitalized and deceased individuals. By comparing the epidemic dynamics in each scenario, it is possible to note that the additional flux of people in the quarantine or confined compartments leads to a remarkable decrease in the number of infected individuals. These results confirm that the digital proximity tracing is a valuable intervention to reduce the spread of the disease without requiring any mass intervention such as lockdowns and avoiding overwhelming intensive care unit (ICU) capacity throughout the entire course of the epidemic. By targeting quarantine or confinement to those people potentially exposed or susceptible, i.e., users under Nowcasting and with active Protection strategy, the spread of disease is significantly reduced. Figure 8 shows the epidemic dynamical evolution if all the strategies are applied.



As expected, in this case, the number of deceased people reaches a value of 0.15% of the total number of individuals due to the strong reduction of not-confined and not-quarantined infected.



By comparing the number of deceased individuals in each scenario considered in this analysis, Figure 9 shows that using all DDEIS can reduce the number of deceased to nearly 92% of the number of deceased in the No-DDEIS scenario.



Figure 10 underlines the evolution of the number of hospitalized individuals resulting from the simulations. It can be noticed that the value peaks at nearly 20 days after the beginning of the epidemic. The use of the DDEIS leads to a remarkable reduction of the number of hospitalized individuals, strengthening the health system response to the epidemic and preventing hospital overcrowding.



Assuming that the percentage of adhesion to the different strategies can likely be inferred from the survey, this means that any public authority interested in adopting the strategies can tailor the model to verify the impact of a particular DDEIS mix which most likely responds to the preferences of a specific cultural context and to the legal restrictions of interest. In this case, the comparison shows that the adoption of Early Detection and the combination of Nowcasting and Protection strategies lead to a higher reduction in hospitalized and deceased individuals with respect to the adoption of the Surveillance strategy, which indeed worldwide has always been applied in combination with others. This result is related to the differences in percentage of adhesion of the Early Detection or Nowcasting and Protection strategies (87%, see Table 2) compared to that of the Surveillance strategy (72%, see Table 2). On the other hand, although Early Detection and Nowcasting and Protection seems to offer a comparable degree of impact, in order to function properly, the former implies a fully compliant and operating public health organizational infrastructure, whereas the latter is based on an automatic precaution mechanism distributed to each individual smartphone to prevent high-risk contacts and with the side-effect of relieving the operative management burden of traditional contact tracing.



6.1. Limitations of the Model


The greatest challenge in modelling the dynamic spread of specific diseases is to develop a model that fully captures the epidemiological progression of the epidemic by taking into account local demographic processes, the clinical and socioeconomic status of individuals, and the adopted intervention measures to mitigate the epidemic outbreaks. Due to the inherent complexity in including the effects of these aspects within the epidemic model, a trade-off between model complexity and accuracy should be achieved, bearing in mind the limitations of the model and how the results should be interpreted. The model developed in this paper is devoted to figuring out the relative impact of different DDEIS in the epidemic dynamic, thus carrying out a numerically controlled simulation to evaluate the relative fluxes of individuals among different compartments according to the different scenarios. This approach suffers from some uncertainties that might affect our results. The primary uncertainty of the model is related to the assumption of a homogeneous and well-mixed population, implying that all individuals in the population are assumed to have an equal probability of coming into contact with one another. This approach does not reflect human social structures, in which the majority of contact occurs within limited networks (i.e., the elderly are not adequately distanced from the younger members of their family and/or social circle). Additionally, the model simply assumes a closed population with no migration, births, or deaths from causes other than the epidemic and assumes immunity to the disease upon recovery. Furthermore, as previously described, the model does not limit the capacity of the health care system, thus implying that the transition between compartments is related to the epidemic properties (e.g., mortality, incubation time, etc.) and individuals’ behaviour. Moreover, it still must be proved how DDEIS might work out at different stages of the contagion spread; in the earlier stage for containment before the breakout, subsequently for mitigation to delay the epidemic peak and avoid broader-scale social distancing, and lastly in the de-escalating transition phase to normality to avoid a resurgence of the epidemic. Furthermore, the accuracy of absolute numbers of individuals in each compartment computed by the model depends strongly on how accurate structural assumptions and the assumed parameters are. Therefore, care should be taken when interpreting the results of the epidemic dynamics in a single scenario due to the uncertainties in the parameter values and the limitation of the model. However, it is worth remarking that the main findings of the paper are related to the comparison of the impacts of the different DDEIS on the epidemic dynamic, thus providing insights on the efficiency of these strategies to mitigate epidemic effects.




6.2. DDEIS Advantages and Drawbacks


Eventually, analytical results demonstrate that DDEIS have the potential to make a substantial impact against the COVID-19 epidemic. However, it is worth underlining potentialities, drawbacks, and limits in implementing them, aiming toward an improved understanding of their applicability [69].



Firstly, there have been a number of debates and discussions about the risk of violation of personal privacy when adopting DPTT. There is no doubt that the possibility of a systematic control on a large scale of the position and the contacts of people can be considered a dangerous interference with private lives. Importantly, concerns about the data protection might be raised by the population. The European committee has identified principles and conditions that the DPTT must satisfy in order to avoid any violation of the privacy of each individual, regardless of the aim of technology use.



As regards the Early Detection strategy, if information about positives or potential positives were to be disseminated without strict anonymization, there would be a risk of causing social stigma, discrimination, or an unintentional witch-hunt. One solution to overcome such a risk is to conduct lottery-style randomized testing within a population [24]. Conversely, it must be considered if it should be left only up to the recipients of the warning message whether to choose to comply with it, as well as if users should be allowed to deactivate the tracking or to delete the data collected. This is because the time that potentially infected individuals take to contact the health authorities and isolate themselves and whether this is done before the onset of symptoms are crucial to control the spread. Indeed, this strategy might be deployed not only for those directly in contact with infected persons, but also along the chain of secondary and tertiary contacts. Although the positive infection status of the root individual should be confirmed by testing, it may not be required to implement preventative measures on potentially infectious derived contacts, since acting only after an official confirmation might be too slow to stop the spread. On the other hand, a system based on self-diagnosis is vulnerable to abuse since it affords the opportunity to broadcast panic. Therefore, the system may provide a different alert based on whether the infection report is self-made or uploaded by an approved testing service or public health professionals.



Early Detection adopts Bluetooth Low-Energy (BLE) signatures to obtain contact matching information, where signal strength between interacting devices is used to estimate distance. This works by collecting an anonymous list of constantly changing IDs of other devices that entered a certain proximity range from the infected one. These must run the same or a compatible app, which must also be active. Besides this, concerns regarding security vulnerabilities in Bluetooth technology have been posed [12]. Moreover, with BLE-based systems, no geolocation information is available compared to a strategy based on GPS, which can be integrated. Location tracking allows for the recording of path and positions of individuals to identify spatial interaction with others whose devices are also tracking their movements with GPS. This will allow for the retrieval of location history of an infected subject prior to the installation of the app to cross-check the recorded data up to the period of incubation. However, GPS technology alone does not guarantee the sensitivity of the reciprocal distance between devices offered by BLE, especially indoors. In addition, it could easily generate false positives, since the system may not discern whether the recorded movement was made on foot or by vehicle, creating the risk of warning people who had never been in real proximity to the virus. Finally, it is important to highlight that the Early Detection strategy makes smartphones a network of widespread sensors and that therefore its effective functioning would imply rapid follow-up testing (actuators) and professionals on hand to analyse samples. Furthermore, for this to be effective, the adoption of DPTT by a minimum number of users is required. This should reach at least 60% of the population [70], which is equivalent to 80% of people who own smartphones [9]. If the adoption of the technology does not exceed this threshold, it could lead to the unintentional consequence of lulling individuals into a false sense of security and thus lowering the attention given to other types of precautions. In this regard, if it is requested that users voluntarily join the tracking program, it may be necessary to provide incentives for its adoption.



Given all these complications and organizational, functional, and technological issues, the desired results from Early Detection implementation have been almost universally underwhelming with regard to initial hopes. Moreover, in the context of DDEIS, it is useful to note that the Early Detection strategy remains a public health measure, i.e., it does not offer the individual any means of prevention from coming into contact with infected people, which would only be known after contact has occurred.



With the Surveillance strategy, it is practical to include all the functions offered by Early Detection, which are overcome in favour of direct and constant control over the entire population through a centralized system. This strategy largely relies on the use of GPS integrated with Bluetooth, and the accuracy of location detection can be improved with position recordings by means of QR code scanning. In addition, this can be complemented by the monitoring and recording of infection-related symptoms at least once a day to support control decisions for epidemic management. Thus, it is simple to reach every individual present in a geographical area by broadcasting alerts or personalized information messages [71]. Obviously, for this strategy, there is no need to reach a minimum user number nor a voluntary adherence, as it is imposed on the entire population or on a targeted portion of it, e.g., arrivals from abroad; this is because it is automatically activated on devices or it is required by law. Beyond the vulnerability of the centralized servers to hacker attacks, the greatest limit of this strategy is the possibility of implemented control abuse. This may become a dangerous tool in the hands of authoritarian regimes that want to maintain power and create a constant state intrusion into individuals’ lives at the expense of democracy, and in these cases, there is a real risk that this emergency solution lasts beyond the original crisis [13]. This risk is mitigated in countries, many Western, where digital surveillance is not accepted, since the privacy and freedom rights of individuals are preserved over government intrusion. In these countries, individuals have the control of their personal data. For example, they can ask about the erasure of data, rectification, and restriction of processing. For the same reason, only Early Detection strategies based on decentralized and voluntary contact-tracing apps have been implemented so far. In contrast, many Eastern countries have accepted some degree of privacy trade-off for the public good [24].



The Protection strategy could also incorporate the function offered by Early Detection if a decentralized data management solution is provided. Indeed, since the available data granularity reaches the range offered by BLE technology, this would also be valid for public places and indoor settings if these were also equipped with Bluetooth beacons or if they relied on cross-references with GPS data. For instance, it could alert the user to the possibility of having already crossed the path of a potentially infected person or a place where he has been, e.g., the same carriage on a train. However, it should be underlined that it primarily works as a preventative protective shield at the individual level to avoid the virus and not as a reminder of past contacts for people. Indeed, this informs individual decisions beforehand, which are directed according to the risk computed, which in turn should incorporate machine learning mechanisms to improve its accuracy. This strategy gives everyone a tool for knowledge to conduct risk prevention behaviours commensurate with what they consider appropriate for their own safety and that of their loved ones. This empowers people by giving them back the right to decide and freedom to socialize, and for these reasons it might gain public success. To function at its best, such a strategy would need to reach widespread adoption, which could take place if a social pressure mechanism arises such that it would be a social phenomenon emerging from the sum of individuals’ behaviours that would push the non-compliant percentage of the population to adopt it. Compared to the centralized Surveillance strategy, the Protection strategy harnesses the greater number of data recorded on devices without the risk that a malicious authority or company could abuse or misuse it [33]. In fact, by sharing peer-to-peer information on the scored risk of infection at the same time for everybody, privacy would be equally breached in favour of all. This also means that information about whom you have encountered and where you have been and when would not be stored or shared, thereby preserving everyone’s privacy.



At a technological level, this strategy requires a risk-prediction model based on an accurate risk scoring algorithm calculating a reliable probability that contact resulted in transmission (contagion/contamination). Indeed, to quantify the risk of contagion transmission, it would not be sufficient to consider only the degree of proximity and the duration of space sharing. Other parameters to be accounted for by the calculation may include the type of interaction, i.e., the activity risk conducted by agents, medical information (e.g., susceptibility of the recipients), the use of personal protective equipment or hand hygiene, the stage of infection, the infectivity of the transmitter, and more [30]. The score risk should also be tuned to avoid missing transmissions due to short but recurring contacts between individuals, none of which exceed the alert threshold. The algorithm should also set itself automatically for indoor places to consider for the absence of fresh air or for artificial ventilation. Lastly, a safety threshold should be set in favour of the precautionary principle and following indications from the fatality rate, which increases with age and is higher in people with comorbidities; this should be coherently adapted for these users [72]. Given such a wide possibility to fine-tune the model with comprehensive data, this strategy could be strongly recommended or even mandatory in high-risk workplaces such as a healthcare environment, where other strategies are not sufficient [73].



Finally, the Nowcasting strategy is designed to exploit the power of Big Data significantly better than other strategies. For instance, it is viable to feed simulations of risk scenarios that show how the contagion will develop within an error range and whether it will become an epidemic or disappear [74]. An example of the use of infection spread simulation at a microscale for decision support is presented by Esposito [75]. Moreover, geographic-based informative platforms, e.g., the COVID-19 Map implemented at Johns Hopkins University, could be part of the Nowcasting strategy. However, these for the public at large are mainly aimed at displaying quantitative information about the spatial development of the pandemic at glance; thus, their usefulness is limited by the aggregate nature of the provided data, which cannot properly drive individual behaviours at a local scale [3].





7. Conclusions


Data collection and epidemiological analysis are essential parts of assessing the impacts of mitigation strategies within cities alongside clinical research. In contributing to epidemic control, DPTTs were adopted in a large number of countries and cities.



The paper is a study of data-driven strategies to minimize the impact of global pandemics without extreme lockdown measures. An epidemiological model was fed with parameters, informed by responses to an online survey on user preferences for smartphone tracing. This system of nonlinear differential equations model enables predictions of death, peak hospital occupancy, and other measures of utility to policymakers. The paper’s added value is to shed light on the importance of adopting model-driven strategies based on digital technologies to reduce the spread of the disease in cities by taking into account citizens’ adherence and to speed up governments’ evidence-based decisions. Indeed, this paper defined functions and purposes of different DDEIS based on DPTT and discussed possible implications for society through different scenarios for potential uses. A modified SEIR epidemiological model was developed with preliminary data from an online survey to simulate their impact on COVID-19 spread dynamics and allow for an initial comparison. However, this represents a first step in discussing the potentialities of DDEIS implementation using a simulation model; further research in this direction is needed. Lastly, key advantages and limitations regarding DDEIS implementation and technological and privacy concerns have also been pointed out.



Almost certainly, integrating a combination of DDEIS at flexible ranges in a wider decision-making for public health programs for epidemic containment and mitigation measures development would (i) support governments in designing more effective and scalable policies (e.g., to avoid an epidemic peak that overwhelms health-care services, to allocate personnel and resources according to need, and to precisely measure the social and economic impact to keep the effects on the economy manageable) [15]; (ii) foster an active involvement of the population in controlling propagation, e.g., improving social distancing and increasing the use of personal protective equipment in high-risk locations; (iii) enable a timely and precise backtrack of the transmission chain and rapid identification of outbreaks to enhance contact tracing and to address testing and quickening isolation and quarantine, e.g., understanding if certain areas need to enforce stronger measures such as lockdown; (iv) allow researchers to gain time to learn more about COVID-19, e.g., understanding the virus transmission dynamic and the different manifestations of the illness, identifying effective cures, and manufacturing drugs and vaccines.



Furthermore, this paper argues that a balanced combination between DDEIS desired results and the requirements of the cultural context of application should be pursued. This should complement rather than replace conventional public health strategy efforts, e.g., population screening for infection. For instance, it has been recognized that manual contact tracing also continues, given the low penetration of the DPTT among certain groups in the population, e.g., the elderly [8]. It is worth also remarking that additional non-pharmaceutical interventions such as mass quarantine and lockdown can successfully control the spread of the disease in a non-immune population [76]. However, the use of DPTT solutions is aimed at avoiding the adoption of non-tailored strategies, which might irremediably lead to negative impacts on the economy and psycho-social aspects [59]. At the same time, as underlined by the preliminary online survey, the acceptance of DDEIS by individuals depends on whether the public perceives them as effective, accurate, and trustworthy, avoiding mass surveillance and strictly limited in time to the duration of the current crisis.



Finally, since the choice of each strategy lies in the hands of local governments, based on national laws, citizens’ preferences, and many other variables, it is not possible to define once and for all the best performer among them. However, this paper presents a thorough analysis of their potential impacts, together with an extended comparison between numerous aspects, prerequisites, and effects, which must be taken into consideration and weighed by decision-makers. This is needed in order to evaluate a more mindful adoption of DDEIS or possibly to reach a mixed trade-off that is both effective against the spread and adaptable to each local condition and context. This is the most significant finding of the study, which makes it a valuable support guide for decision-makers. Further developments will be devoted to structuring a more formal decision support tool.
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Appendix A


Sampling Strategy


The sampling frame was based on a non-probability method. This form of sampling method is adopted when it is not possible to determine the probability of respondents participating or when respondents can choose to participate in the survey. For this reason, in this study, the type and number of respondents were not established in advance. Specifically, among the types of non-probability sampling, snowball sampling was chosen. and the survey was distributed through social media. This is used when the desired sample characteristic is difficult to find or when it is difficult or prohibitively expensive to reach a sufficiently large number of respondents by other means, such as simple random sampling [77]. The survey was built and shared online using Google Forms, a free tool available online. The survey was developed between March and May 2020 and tested in two trial sessions starting in April 2020. The first involved experts in the field, the second involved non-experts. The former trial session provided suggestions concerning the formulation of contents to guarantee users’ acceptability, while some small formal changes were suggested by the latter to improve comprehension and readability.





Appendix B


Key Questions for SEIR Model


The full survey reached 584 Italian citizens and was carried out in the spring of 2020. Of all the 22 questions in the survey, only two were considered in the present study since these were sufficient for the modelling scope. Specifically, the questions selected were:



Question 1: Please indicate the most important user rights you think should be guaranteed for each strategy;



Question 2: Now that you have expressed your preferences about Why, How, When you would use digital tracking technology and with Whom and What information you would share, indicate whether you would be willing to use it.



Each question offers multiple answer options, and each was accompanied by a description of the DDEIS, as reported in the following Table A1, in order to provide a clear understanding of the different scenarios eventually obtained.
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Table A1. DDEIS descriptions provided in the survey.






Table A1. DDEIS descriptions provided in the survey.





	Digital Contact Tracing Technology
	Description





	Early Detection
	This is only used after an infected person has been identified to find other potentially infected people as rapidly as possible, including asymptomatic subjects. These can be reached by health officials or anonymously by a phone message from the IT system.



	Surveillance
	This allows authorities to check that each person in the population follows restrictions and laws linked to the COVID-19 emergency.



	Protection
	This allows each person to better manage social distancing; it warns on each person’s smartphone of the risk associated with a visit to a particular place or contact with a particular person to allow for a more appropriate behaviour.



	Nowcasting
	This term refers to a combination of data from smartphones with Census Data and Big Data, to allow authorities to forecast the risk that certain subjects/places, singly/by type, may likely become infected in order to intervene in advance.
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Figure 1. Users’ preferences related to each strategy. 
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Figure 2. Degree of acceptance of the proposed Data-Driven Epidemic Intelligence Strategies (DDEIS). 
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Figure 3. Schematic graphical diagram representing the flow of individuals between compartments. 
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Figure 4. Evolution of the epidemic in the No-DDEIS scenario. 
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Figure 5. Evolution of the epidemic in the Early Detection scenario. 
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Figure 6. Evolution of the epidemic in the Surveillance scenario. 
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Figure 7. Evolution of the epidemic in the Nowcasting and Protection scenario. 
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Figure 8. Evolution of the epidemic assuming that all the DDEIS strategies are adopted. 
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Figure 9. Number of deceased individuals in the considered scenarios along the epidemic evolution. 
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Figure 10. Number of hospitalized individuals in the considered scenarios along the epidemic evolution. 
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Table 1. Summary of obtained results.
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Sample Size: 584

	
Contact with Positive People

	
COVID-19 Symptoms




	
N° Interviewed

	
%

	
N° Interviewed

	
%




	
Yes

	
No

	
Yes

	
No

	
Yes

	
No

	
Yes

	
No




	
28

	
556

	
4.7

	
95.3

	
31

	
553

	
5.3

	
94.7




	
tested

	
11

	
17

	
39

	
61

	
5

	
26

	
16

	
84




	
infected

	
3

	
8

	
27

	
73

	
3

	
2

	
60

	
40
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Table 2. Model parameters.






Table 2. Model parameters.





	Parameter
	Value





	  β  
	0.75



	  f  
	1.5



	    t γ    
	5.2 days



	    t η    
	3 days



	    t ζ    
	2 days



	    t δ    
	5.16 days



	    t θ    
	12.5 days



	  h  
	0.375



	  w  
	0.33



	  g  
	0.097



	  b  
	0.95



	m
	0.098



	k
	0.86



	n
	0.86



	j
	0.72



	l
	0.72



	c
	0.87
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