

  pathogens-10-00893




pathogens-10-00893







Pathogens 2021, 10(7), 893; doi:10.3390/pathogens10070893




Systematic Review



Models for Studying the Distribution of Ticks and Tick-Borne Diseases in Animals: A Systematic Review and a Meta-Analysis with a Focus on Africa



Olivier M. Zannou 1,2,3[image: Orcid], Achille S. Ouedraogo 2,3, Abel S. Biguezoton 3[image: Orcid], Emmanuel Abatih 4, Marco Coral-Almeida 5[image: Orcid], Souaïbou Farougou 6, Kouassi Patrick Yao 7, Laetitia Lempereur 2 and Claude Saegerman 1,*[image: Orcid]





1



Research Unit in Epidemiology and Risk Analysis applied to veterinary sciences (UREAR-ULg), Fundamental and Applied Research for Animal and Health (FARAH) Center, Department of Infectious and Parasitic Diseases, Faculty of Veterinary Medicine, University of Liège, 4000 Liège, Belgium






2



Laboratory of Parasitology and Parasitic Diseases, Fundamental and Applied Research for Animal and Health (FARAH) Center, Faculty of Veterinary Medicine, University of Liège, 4000 Liège, Belgium






3



Vector-borne Diseases and Biodiversity Unit (UMaVeB) of International Research and Development Centre on Livestock in Sub-humid Areas (CIRDES), Bobo Dioulasso 01 BP 454, Burkina Faso






4



Department of Applied Mathematics, Computer Sciences and Statistics, University of Gent, 9000 Gent, Belgium






5



Grupo de Bio-Quimioinformatica, Universidad de Las Américas, Quito 170122, Ecuador






6



Communicable Disease Research Unit (URMaT), Polytechnic School of Abomey-Calavi, University of Abomey-Calavi, Cotonou 01 BP 2009, Benin






7



UFR Biosciences, Université Félix Houphouët-Boigny, Abidjan 22 BP 582, Cote d’Ivoire









*



Correspondence: claude.saegerman@uliege.be







Academic Editor: Lawrence S. Young



Received: 22 May 2021 / Accepted: 12 July 2021 / Published: 14 July 2021



Abstract

:

Ticks and tick-borne diseases (TTBD) are constraints to the development of livestock and induce potential human health problems. The worldwide distribution of ticks is not homogenous. Some places are ecologically suitable for ticks but they are not introduced in these areas yet. The absence or low density of hosts is a factor affecting the dissemination of the parasite. To understand the process of introduction and spread of TTBD in different areas, and forecast their presence, scientists developed different models (e.g., predictive models and explicative models). This study aimed to identify models developed by researchers to analyze the TTBD distribution and to assess the performance of these various models with a meta-analysis. A literature search was implemented with PRISMA protocol in two online databases (Scopus and PubMed). The selected articles were classified according to country, type of models and the objective of the modeling. Sensitivity, specificity and accuracy available data of these models were used to evaluate their performance using a meta-analysis. One hundred studies were identified in which seven tick genera were modeled, with Ixodes the most frequently modeled. Additionally, 13 genera of tick-borne pathogens were also modeled, with Borrelia the most frequently modeled. Twenty-three different models were identified and the most frequently used are the generalized linear model representing 26.67% and the maximum entropy model representing 24.17%. A focus on TTBD modeling in Africa showed that, respectively, genus Rhipicephalus and Theileria parva were the most modeled. A meta-analysis on the quality of 20 models revealed that maximum entropy, linear discriminant analysis, and the ecological niche factor analysis models had, respectively, the highest sensitivity, specificity, and area under the curve effect size among all the selected models. Modeling TTBD is highly relevant for predicting their distribution and preventing their adverse effect on animal and human health and the economy. Related results of such analyses are useful to build prevention and/or control programs by veterinary and public health authorities.
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1. Introduction


Ticks are of veterinary, medical and economic importance because of their involvement in the transmission of various pathogens to animals and humans. Ticks carry a wider variety of pathogenic micro-organisms than any other arthropod. They are among the most important vectors of diseases affecting animals and humans [1].



Tick-borne diseases (TBD, e.g., theileriosis, babesiosis, anaplasmosis, cowdriosis, lumping skin disease) and tick-associated diseases (e.g., dermatophilosis) represent the main health and management problems of livestock in many developing countries. For example, in Tanzania, TBD have led to significant economic losses in cattle farming. Kivaria et al. in 2006 estimated the economic losses due to TBD in Tanzania at USD 364 million. This loss included cattle deaths estimated at 1.3 million head of cattle or 7.34% of the herd [2].



The most important Ixodidae tick species hampering livestock improvement in West Africa belong to the genera of Hyalomma spp., Rhipicephalus (Boophilus) spp., Rhipicephalus spp. and Amblyomma spp. [3]. Among these species, Rhipicephalus microplus was the most studied during the last two decades following its introduction in Côte d’Ivoire [4] and Republic of Benin [5] in 2002–2004. The other tick species most studied in West Africa is Amblyomma variegatum with its transmitted pathogens, especially Ehrlichia ruminantium.



The challenging epidemiology of TBD is closely linked to and dependent on environmental factors that impact host accessibility, vector richness and pathogen acquisition [6].



The rapid spread of ticks and TBD suggests the necessity of implementing prompt and efficient preventive and/or curative programs. Developing relevant control programs for tick spread and the various TBD requires a deep understanding of the epidemiology of these ticks and TBD through accurate epidemiological models.



A model is always a simplification of a complex system to improve understanding. There are several types of models, ranging from simple deterministic mathematical models to complex, spatially explicit stochastic simulation models. The approach and design used may vary depending on the degree of understanding of the epidemiology of a particular disease, the quantity and quality of the data available and the experience of the modelers [7]. Modeling is a very valuable decision-making tool for the development of animal disease management policies. It is currently a widely used tool to enhance the effectiveness of disease surveillance activities and to facilitate their evaluation [8]. The choice of model type depends on the objectives of the modeler or the study. In the field of animal health, models can be used in a variety of ways. Models can be used for retrospective analysis, contingency planning, resource planning, training, surveillance targeting and real-time decision support [9]. Taylor [9] has described six types of models according to the objectives of animal health: risk, analytical, disease, population, economic and specialized models. Some of these types of models have already been used or not used to study ticks and tick-borne diseases in the veterinary field. As ticks are living organisms with particular environmental requirements depending on their species, understanding their global distribution often requires the use of species distribution models [10,11]. These species distribution models can be used to assess the suitability of different habitats for certain species and to make decisions about the control of these ticks and the pathogens they transmit [12,13].



This review aimed to collect, evaluate and synthesize the existing knowledge on modeling of the distribution or the spread of ticks and TBD in animal health during the last 20 years. The meta-analysis was implemented based on the values of sensitivity, specificity and the accuracy of the models to assess their performance.



In the literature, we did not find works that were interested in a systematic review of models used to study the distribution of ticks and tick pathogens. The studies that have conducted systematic reviews of work on ticks and TBD are recent. Generally, they focus on the distribution of single tick species or pathogens [14], on risk factors for TBD, on the economic impact of ticks and their pathogens on livestock [15]. A synthesis of the modeling of tick and pathogen distribution was necessary to highlight the different tools available in the field with an emphasis on their performance, hence the relevance and originality of our study.




2. Results


The keywords and Boolean operators used in the request in the two online databases selected 3009 articles, 2054 from PubMed and 918 from Scopus. Other sources (i.e., articles found in the references of the other ones) allowed us to collect an additional 37 articles. The Preferred Reporting Items for Reviews and Meta-Analysis (PRISMA) process in our study helped to, finally, select 100 articles. The PRISMA process results are depicted in Figure 1.



2.1. General Description of the Included Studies


This study selected 100 papers about 23 different models. The most used being the generalized linear model (GLM) with a frequency of 26.67%. The second most frequently used model was the MaxEnt model with a frequency of 24.17% (Table 1 and Figure 2).



The included papers in the analysis of this systematic review were grouped into four different categories: (1) articles modeling tick distribution or spread, (2) articles modeling TBD distribution or spread, (3) models with a sensitivity/specificity analysis and an accuracy analysis, (4) models without any sensitivity/specificity analysis or accuracy calculation. These categories are not mutually exclusive as some papers may model both the distribution of ticks and the pathogens transmitted by these ticks. These papers may analyze performance for some models and not for others. They will therefore be classified in several categories depending on the models.



The number of publications that focused on modeling ticks and TBD increased over time, which could reflect increased scientific attention or interest (Figure 3). America (43%) and Europe (38%) are areas more concerned by this modeling but Africa (14%) has also an interest in this research subject (Figure 4). Asia and Oceania are the less concerned by TTBD modeling with, respectively, 6% and 2% of the selected publications. Considering our study period (2001–2020), the first modeling of ticks and TBD in Africa took place in the first half of our study period, i.e., in 2003. The most recent tick modeling study over our study period was done in 2019. Oceania appeared as a continent less concerned by TTBD modeling. At the country level, the United State of America (USA) was the area the more concerned with modeling ticks and their transmitted pathogens. Globally, the majority of the studies took place in developed countries.




2.2. Modeling Ticks Distribution or Habitats


Seven genera of ticks have been modeled in 86 papers (Table 2 and Figure 5A). The most frequently modeled tick genus is Ixodes spp. (41 papers) and modeling areas are essentially in Europe (25 papers) and America (16 papers). The least modeled genus is Ornithodoros spp. (1 paper).



The most prevalent tick genus in terms of distribution patterns in Africa was Rhipicephalus spp. With 58% followed by Amblyomma spp. With 17%. The least prevalent genus in modeling distribution was Haemaphysalis spp.



On the American continent, the most prevalent tick genera in modeling were Ixodes spp. With 35% followed closely by Amblyomma spp. (33%). The least prevalent genera in distribution modeling were Hyalomma spp. And Ornithodoros spp.



In Asia, only the genera Dermacentor spp., Hyalomma spp. And Ornithodoros spp. Were modeled with a prevalence of 33% each.



In Europe, it was like in America with the genus Ixodes spp. (58%) followed by the genus Hyalomma spp. With 16%. The least prevalent genus in terms of modeling the distribution in Europe was Amblyomma spp.



In Oceania, only the genus Haemaphysalis spp. Has been modeled (Figure 5B).



Overall, these results showed that North America and Europe are more adapted to tick species of the genus Ixodes spp., notably I. scapularis and I. pacificus for North America and I. icinus for Europe. Africa is much more suitable for tick species of the genus Rhipicephalus spp. Ticks of the genus Amblyomma spp. do not seem to be widespread in Europe, unlike in America and Africa, where they seemed to be quite present.




2.3. Spatio-Temporal Modeling of Tick-Borne Diseases


Eleven genera of pathogens transmitted by ticks have been modeled, representing 39 papers (Table 3 and Figure 5B). The most modeled pathogen is Borrelia spp. (18 papers) and the modeling areas are essentially in America (10 papers) and Europe (7 papers). A similar distribution was observed for the genus Ixodes spp. This similarity is mainly due to the fact that Ixodes tick (Ixodes ricinus and Ixodes scapularis) is known to transmit Borrelia spp. as well. The most modeled pathogen genus in Africa is Theileria spp. transmitted essentially by the ticks of the genus Rhipicephalus spp.




2.4. Models with Estimation of Sensitivity, Specificity or Accuracy Values


Some of the selected publications have evaluated the predictive performance of their models by calculating sensitivity, specificity and/or the accuracy. Models that have a high sensitivity and specificity are supposed to well predict the presence (sensitivity) and the absence (specificity) of either the ticks or the associated pathogens. The study showed 39 papers with the value of the accuracy of the model given by the area under the curve (AUC) of a receiver operating characteristic (ROC) plot as the measure of prediction success, i.e., accuracy (Figure 6; Appendix C). Only nine papers provided values of sensitivity and/or specificity of the model (Table 4).



Most of the models that tested the predictive performance were classified as at least “useful” (AUC ≥ 0.7). Indeed, it is supposed that the models that are not useful are not published or the value of sensitivity is not clearly stated. The most commonly used model is the GLM but the best model according to the robustness analysis is the MaxEnt model. The MaxEnt model was classified on its robustness as (in a decreasing order) highly accurate (in 73.08% of cases), useful (in 25% of cases), and poorly accurate (in 1.92% of cases). While the GLM model was classified on its prediction accuracy as (in a decreasing order) useful (in 64.52% of cases) and highly accurate (in 35.48% of cases) (Figure 6). The papers that use the MaxEnt model stated the accuracy at 75.86% while those that use the GLM stated the accuracy at 37.5%.




2.5. Models without Any Estimation of Sensitivity, Specificity and Accuracy Values


The majority of the selected models included in 48 different papers did not mention any sensitivity, specificity or accuracy calculation to show the performance of their models or the authors do not clearly state this analysis (Table 5).




2.6. Focus on Modeling Ticks and Tick-Borne Pathogens in Africa


Six genera of ticks (Amblyomma spp., Dermacentor spp., Hyalomma spp., Ixodes spp., Ornithodoros spp. and Rhipicephalus spp.) and two genera of pathogen transmitted by ticks (Borrelia spp. and Theileria spp.) have been modeled in Africa (Figure 7 and Table 6). The most modeled tick species in selected studies in Africa is Rhipicephalus appendiculatus also called “Brown ear tick” or “African tick”. The invasive tick Rhipicephalus (Boophilus) microplus, has been modeled in Tanzania in Eastern Africa (2008), in Republic of Benin in Western Africa (2013 and 2015), in a more general study in Africa (2009) and recently in Zimbabwe (2018). The models that were used are presented in Table 6.




2.7. Meta-Analysis of the Models’ Accuracy


This meta-analysis was possible with 20 of the 100 worldwide selected articles. The meta-analysis with sensitivity data was done with five studies. The forest plot shows that the sensitivities have different effect sizes in the various studies (Figure 8a). All effect sizes (ES) were positive and significant because none of their confidence intervals include zero. The study with the highest weight in this meta-analysis is that of Bermudez [16]. The one with the lowest weight is the study of Wimberly [102]. This meta-analysis revealed a very high degree of heterogeneity in the sensitivities ES (heterogeneity chi-squared = 87.20 (d.f. = 4) p < 0.001; I-squared (variation in ES attributable to heterogeneity) = 95.4%; test of ES = 0, z = 14.71, p < 0.001). This information suggests that there are some subgroups of sensitivities (i.e., type of models) in these studies. A meta-analysis by type of models was needed to check it. The meta-analysis considering the type of models as subpopulations showed a homogeneity (heterogeneity chi-squared = 0.57 (d.f. = 4) p = 0.966; I-squared (variation in ES attributable to heterogeneity) = 0.0%; test of ES = 0, z = 30.13, p < 0.001) with the sensitivity data (Figure 8b). The funnel plot (Figure 8c) confirmed this homogeneity. This funnel plot showed a symmetrical shape that means an absence of publication bias in the studies. It also showed that among the five models studied in this meta-analysis there was one that was very precise with a small standard deviation and located at the top of the funnel on the graph. Three models are very close to the average, proof of their very good precision (Figure 8c). There are three models (MaxEnt, GLM and LDA) in which sensitivity effect sizes are greater than the pooled effect size of the meta-analysis (Figure 8b). The MaxEnt model has the highest sensitivity effect size (i.e., 88.46).



The meta-analysis of specificity data was done with three studies. The forest plot of this meta-analysis (Figure 9A) also showed a high heterogeneity (heterogeneity chi-squared = 108.05 (d.f. = 2), p < 0.001; I-squared (variation in ES attributable to heterogeneity) = 98.1%; test of ES = 0, z = 10.21, p < 0.001). The analysis done considering the type of model as subgroups and plotted on Figure 9B showed a moderate heterogeneity in the specificity effect size (heterogeneity chi-squared = 7.66 (d.f. = 3), p = 0.054; I-squared (variation in ES attributable to heterogeneity) = 0.0%, test of ES = 0, z = 14.46, p < 0.001). Among the four model groups, the linear discriminant analysis (LDA) and the CART models specificity effect size are greater than the pooled one (Figure 9B). The LDA had the greatest specificity effect size (i.e., 97) and the Bayesian models had the lowest specificity (i.e., 64.35).



The AUC data meta-analysis was possible with 18 studies. There is a high heterogeneity (Figure 10A) in the effect size of the AUC data (heterogeneity chi-squared = 93.42 (d.f. = 17), p < 0.001; I-squared (variation in ES attributable to heterogeneity) = 81.8%; test of ES = 0, z = 104.62, p < 0.001). The analysis with the groups of models revealed a moderate heterogeneity (heterogeneity chi-squared = 14.98 (d.f. = 7), p = 0.036; I-squared (variation in ES attributable to heterogeneity) = 53.3%; test of ES = 0, z = 32.13, p < 0.001). There are four models (ENFA, ENM, MaxEnt and CART) in which effect sizes are greater than the pooled one (Figure 10B). The model with the highest AUC effect size was the ecological niche factor analysis (ENFA).



The large heterogeneity shown in the meta-analysis results of the sensitivity, the specificity and the AUC of the models at the study level shows the large uncertainty in the spatial distribution of ticks and TBD. This uncertainty was reduced considerably when the meta-analysis is done according to the types of models. The analysis is, therefore, better when done according to homogeneous groups of models.





3. Discussion


This study is the first systematic review of tick and tick-borne disease distribution models in animals with an assessment of the performance of these models through a meta-analysis. This study is also original in that it has a small focus on Africa following a global review of tick and tick-borne disease distribution modeling worldwide.



3.1. Models Used in the Selected Papers


The three models mostly used are the generalized linear model (GLM) with a frequency of 26.67%, the MaxEnt model with a frequency of 24.17% and the classification and regression tree (CART) with a frequency of 8.33%.



The GLM is a mathematical extension of the linear model that does not force data into unnatural scales and thereby allows for non-linearity and non-constant variance structures in the data. The data can be assumed to come from several groups of probability distributions, such as normal, binomial, Poisson, negative binomial or gamma, many of which better match the non-normal error patterns of many environmental data. This makes the GLM more accommodating and adaptable to the analysis of ecological linkages, that can be misrepresented by conventional Gaussian probability distributions [117]. In many standard statistical techniques, the absence/presence occurrence data are required for predictive modeling of species environmental requirements and geographic distributions. The use of spatial variables such as geographic coordinates is evident in machine learning models such as MaxEnt. However, these spatial data should be given special attention when used in regression models such as GLMs in species distribution modeling. The selection of predictors should also be given special attention to avoid collinearity, which should be seriously investigated. Predictors that show strong collinearities should be removed from the final model. Several processes exist for the analysis of collinearities. One of them is the variance inflation factor (VIF).



The MaxEnt method is a recent species geographic distribution modeling approach, which requires only presence data. High predictive accuracy is achieved with this model in addition to some interesting characteristics. The performance of the MaxEnt model is influenced by a limited set of factors [118]. It is a method of machine learning for general use. MaxEnt uses a straightforward and precise mathematical approach with certain aspects that make it well adapted to the modeling of species distribution [119]. A tick species absence in a geographic area is difficult to assert and needs very long and important investigations. The use of the MaxEnt model does not need great computer skills. That is certainly why many authors prefer to use this model. The MaxEnt model has a native probabilistic meaning, providing a gentle gradient from the most suitable to the least suitable conditions. The model may be conveniently explained by specialists, a characteristic of high functional relevance [120]. Some weaknesses have been identified with this model. These weaknesses concern the model transferability, the model evaluation and its selection. With the MaxEnt model, it is difficult to transfer results from one sampled area to another non-sampled area. This transferability could be a major problem since environmental variables vary by species. It is therefore important to do a good sampling in time and space (i.e., invasive species such as Boophilus microplus) to build good predictive models. It is therefore important to be careful about sampling bias [121]. When a model is built, this model is not necessarily informative. One of the biggest challenges MaxEnt faces is related to the evaluation of the model and the subsequent choice of model. Various approaches (i.e., AUC, Kappa, and Jackknife statistics) have been used to assess the importance of the models developed, although it is not clear which one is the most appropriate and whether they can help in the choice of the model [121]. The process of evaluation of models is very useful to know when a model can well predict the distribution of species. On the other hand, the evaluation process is not very useful to select the best model. The selection process is often based on one of these two approaches: the AUC approach and the Jackknife test. The AUC approach used by Hoenes and Baldwin [122,123] is based on the AUC score of listed models built from the most general to the parsimonious one. The best model selected is the one with the least variables with the best AUC score. The other selection approach is the Jackknife test of variable importance. This test is used to appreciate the strengths of each predictor variable of the model [124]. The principle of the Jackknife test is to remove one by one the predictor variable and appreciate the decrease in training gain when omitted. If the omission of a variable did not have a significant decrease on the average training gain it is removed from the model.



The third most frequently used model, the CART (classification and regression tree) model, also has strengths and weaknesses. The CART model is suitable for exploring data sets and can readily recognize linkages between factors. In contrast to logistic regression methods, CART has no requirement to specify the function used to analyze the covariates. These advantages are particularly valuable in dealing with the data non-uniformity (data from different sources) commonly associated with field data sets. The CART model is, however, vulnerable to incomplete data, which can be a problem when dealing with projectively sampled datasets [125]. There are some algorithms (the K-nearest neighbor algorithm, the E.M algorithm, the C4.5 algorithm and the CN2 algorithm) that can deal with the influence of missing data on the accuracy of a machine learning prediction [126].



Two types of models, depending on the variability and the uncertainty of data, are distinguished. Models that assign the mean, or the most probable value to all factors and models, which assign the mean or the most expected outcome of likely events, are called, deterministic models. They generate a unique outcome or response for each group of entry values [9]. Deterministic models are used in the following papers (e.g., [127,128]). Models that include variation and the effect of randomness in the approach are referred to as stochastic. Since the values of the model parameters are subject to variation and the arrival of probable events is random, stochastic models should be executed in a serial manner and generate a set of results from the same input case [9]. Stochastic models are used in the following papers (e.g., [119,129]). In addition, the treatment of time and space in the model can also lead to the definition of its type. The choice of a model depends on many parameters such as the object of modeling, the area where the model is supposed to be implemented, the data available, and the resources dedicated to the collection of data. All these parameters should be taken into account in the choice of the optimal and adapted model.




3.2. Performance of Models


The most accurate model was the MaxEnt model, which can accurately predict species environmental requirements and geographic distribution [119]. The most frequently used model, the generalized linear models (GLM) seems to be less suitable for modeling species distribution compared to the MaxEnt model. Other models such as classification and regression tree (CART), ecological niche factor analysis (ENFA) and environmental niche model (ENM), developed in some publications, also have at least an acceptable level of accuracy. Information on the performance of models is not always available in all studies on modeling the distribution of ticks and TBDs. The readers need to know about the quality of models developed in various studies. The authors should make this information available in their papers. Information on the performance parameters of the models is crucial in choosing the right model and assessing the quality of the message they provide. This information is essential to give relevance to the decisions of authorities in charge of managing ticks and TBD problems.




3.3. Evolution in Time of the Number of the Ticks and Tick-Borne Disease Modeling Studies


This systematic review highlights the increasing interest of scientists in the modeling of species environmental requirements and their geographic distribution (Figure 3 and Figure 4). It has also confirmed the continuous interest of governments, farmers and other stakeholders who provide funding for the development of such models. Ticks and TBD have both medical and economic importance, and this can be noticed through the huge economic losses caused to breeders and the various diseases that can transmit from animals to humans. A better understanding of these environmental requirements and geographic distribution can lead to better management of their control and/or eradication. Climate change as a driver also favors changes in the behavior of these parasites (ectoparasites and hemoparasites). Therefore, the various models help to know the adaptability of ticks to climate changes and forecast their distribution according to this adaptability to further changes.




3.4. Geographical Distribution of the Ticks and Tick-Borne Disease Modeling Studies


The large majority of the studies were conducted in developed countries (America and Europe). These results highlight the fact that ticks and TBD get more attention from scientists and funders in developed countries than developing ones. Currently, international organizations sponsor most research programs in developing countries and many projects are implemented using different north–south partnerships. However, the abundance and burden of ticks and TBD are more important in developing countries and the subsistence of the local population is more dependent on its livestock [130]. Moreover, transhumance is a traditional practice, which has an impact on the spread of ticks and TBD [131,132]. Due to these reasons, the governments of developing countries should pay more attention to the funding of scientific national or regional institutions to conduct more research on ticks and TBD modeling as a decision tool for management purposes. In addition, associated socio-anthropology studies are needed to understand the perception of local populations concerning ticks and TBD.



Most studies do not mention the exact geographical location of the collection points of the analyzed samples on which they have based their models [85,116]. In the majority of cases, the localities (city, country, and region) were mentioned, without specifying the geographical coordinates of the collection points [53,101,105,112]. This situation has made it difficult to map the distribution of the various species studied. The availability of these data would have made it possible to carry out a meta-analysis much more oriented towards the presence and absence of ticks and tick-borne diseases than towards the performance of the models.




3.5. Ticks and Pathogens Modeled


Ixodes spp. (Ixodes scapularis, Ixodes pacificus and Ixodes ricinus) and Borrelia spp. (Borrelia burgdorferi sensu lato) are, respectively, the ticks and the pathogens most frequently modeled in the selected articles. Ixodes scapularis and Ixodes pacificus are the primary vectors of Borrelia burgdorferi s.l. responsible for Lyme disease, one of the most prevalent TBD in the United States [71]. The tick Ixodes ricinus is responsible of the transmission of the pathogens that cause tick-borne encephalitis (TBE) and Lyme disease [133,134,135] in northern Europe. This review also showed that more than 75% of the models have been developed in this area (America and Europe). This situation is logical because the majority of the studies are located in northern (developed) countries. In these countries, the main species of ticks that has economic and medical importance is the Ixodes spp. and their transmitted pathogens.



According to our study, the most modeled tick genus in Africa is Rhipicephalus spp. (60%). Overall two genera of pathogens (Theileria spp. (75%) and Borrelia spp. (25%)) transmitted by the ticks have been modeled by our selected articles. Rhipicephalus appendiculatus is known as the African tick and is the vector of Theileria parva in eastern, central and southern Africa [136,137]. After the first detection of the invasive tick, Rhipicephalus (Boophilus) microplus in the southern part of Cote d’Ivoire [4] and Benin [5] it has spread into these two countries and to other neighboring West African countries like Burkina Faso, Mali, Niger, Nigeria and Togo [138]. All these facts highlight that this genus of tick (Rhipicephalus spp.) has a huge economic and medical importance in Africa and thus deserves serious attention for its control and/or eradication.



The less frequently modeled genus according to this study is the genus Ornithodoros spp. This genus hosts the species of soft ticks involved in the transmission of African Swine Fever (ASF). ASF has resurfaced and is spreading nowadays in Asia and Europe and is becoming a major concern for domestic and wild swine in these countries. This disease is still endemic in many West African countries and the role of the Ornithodoros spp. tick species in the persistence of ASF is not yet clearly established. More investigations are needed to clarify the role of Ornithodoros spp. in the persistence, the resurgence and the spread of ASF.



Lumpy skin disease (LSD) is an emergent and financially damaging viral illness of livestock. The infection is presently endemic in the majority of African countries and has been spreading beyond Africa to the Middle East region lately [139]. The principal means of transmission of the virus responsible for this disease is believed to be by hematophagous arthropod vectors such as ticks. This review did not get find article satisfying our criteria and that models the lumping skin disease. Therefore, these diseases (i.e., AFS and LSD) should be given more attention in the future.




3.6. Focus on Modeling Ticks and Tick-Borne Diseases in Africa


Six genera of ticks have been modeled in Africa among which the genus Rhipicephalus spp. is the most frequent. Within this genus, two important species are of special interest: Rhipicephalus appendiculatus known as the African tick and Rhipicephalus (Boophilus) microplus, a new invasive species resistant to usual acaricides available to breeders. Rhipicephalus appendiculatus, also known as the “brown ear tick” because of its color and strong tendency to feed on the ears of cattle, is the principal vector of Theileria parva. Theileria parva is the parasite that causes East Coast Fever (ECF) in the eastern, central and southern regions of Africa. It is the focus of several studies because of its involvement in East Coast Fever in cattle [140]. This tick is called the “African tick” because of its distribution located exclusively in the Africa continent. The tick Rhipicephalus appendiculatus is often found in savannah and temperate climates, ranging from hot coastal areas to cool highlands with a humid climate. This tick is widespread from southern Sudan to the southeast coast of South Africa [136,137,140]. Theileria parva is the only pathogen modeled in Africa in the selected articles. This pathogen is transmitted by the African tick Rhipicephalus appendiculatus. This pathogen is the cause of East Coast Fever one of the most important TBD in Africa [141]. Many other TBDs namely anaplasmosis, babesiosis and cowdriosis are also constraining to domestic ruminant production in Africa [2,142] and then need attention to understand the process of their spread.



Rhipicephalus (Boophilus) microplus is the recently introduced Asian cattle tick in Africa. It is an invasive tick characterized by a high level of resistance to usual acaricides. As this tick is responsible for the transmission of both B. bovis and B. bigemina, it represents a potentially higher burden on livestock husbandry than Rhipicephalus (Boophilus) decoloratus. Anaplasma marginale and Borrelia theileri are also transmitted by Rhipicephalus (Boophilus) microplus. Rhipicephalus (Boophilus) microplus needs more attention in the modeling of its distribution in Africa to predict. Since its introduction in West Africa through cattle trade in 2000 in Ivory Coast [4] and 2004 in Benin [5], this tick species had spread notably in many other West African countries [138]. Scientists should pay more attention to the mechanism of the spread of this species through models and suggest its control and/or eradication strategies.




3.7. Meta-Analysis of the Models’ Accuracy


The meta-analysis of the sensitivity, specificity and AUC of the various studies that provide these data reveal a very high heterogeneity between the sensitivities, specificities and the AUC of the studies. There are different effect sizes in different types of subgroups. These studies discussed five different types of models concerning the sensitivity data, four types of models concerning the specificity and eight different types of models concerning the AUC data. This variety of model types in the studies leads to the high heterogeneity in the effect size of the sensitivity, specificity and AUC. Therefore, when the meta-analysis was done after grouping the data according to the type of model there was a homogeneity with sensitivity and specificity effect sizes and a moderate heterogeneity with the AUC effect sizes. This means the different categories of models will have similar sensitivity, specificity and AUC effect size in ticks and tick-borne diseases modeling. These results also highlighted the good performance of some models to predict the presence of tick species (MaxEnt, GLM and LDA) according to their sensitivity above the level of the pooled effect size. Results also showed that some models had a better ability to predict the absence of vectors and pathogens species (LDA, CART and GLM) according to their specificity above the pooled effect size. These two models need species presence and absence data to predict their presence in an area. The input of these various models (only presence data for MaxEnt and presence and absence data for CART and GLM) could explain the quality (sensitivity and specificity) of their outputs (prediction).



Overall, the models in the selected publications for meta-analysis had good sensitivity, specificity and accuracy (AUC). Models with poor sensitivity, specificity and accuracy are not published and could lead to an overestimation of the quality of the different types of model. Many studies did not assess the sensitivity, specificity and/or accuracy data. These parameters make it possible to assess the quality of models developed in those studies. Data about the presence or absence of species and details of calculation of sensitivity, specificity and accuracy are often missing in many studies and complicated the meta-analysis of the quality of such models. We recommend that such studies should make available all data related to the building of models to make any meta-analysis of these data feasible.



Models that do not present data to assess their performance are not very useful for tick and TBD control. The performance parameters of the models (sensitivity, specificity and AUC) besides informing about the quality of the models presented also give an idea about the level of risk of the object (tick or TBD) modeled in the area studied. This helps to raise the awareness of the authorities about the need to take urgent action to counter the potential hazard. These parameters can also be used to measure the extent of a TBD or tick species already established in an area. This information is crucial in forecasting the budget and logistics to be mobilized for control or prevention.





4. Materials and Methods


4.1. Search Strategy and Study Selection


The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines were followed in this systematic review [118,119]. PRISMA is a minimum set of elements for evidence-based reporting in systematic reviews and meta-analyses. The PRISMA guidelines aim to provide writers with standards for formatting systematic reviews and meta-analyses. The PRISMA guidelines consist of a checklist of 27 items and a four-phase flow chart (Figure 1; Appendix A and Appendix B).



Published articles related to the dynamics of ticks and TBD modeling in animals were downloaded via two online databases: Scopus (www.scopus.com, accessed on 15 January 2021) and PubMed (www.ncbi.nlm.nih.gov/pubmed, accessed on 15 January 2021). The keywords and Boolean operators used were the following: ((modelling or modeling or models) and (animals and ticks) and (tick and borne and diseases) and (distribution or spread) and dynamic)). The references of the retrieved articles and journals were also consulted to see if there were any eligible articles for our study. When there were several articles for the same study, we retained the latest version, supplemented if needed, with information from the most complete version.




4.2. Eligibility Criteria


Potentially eligible articles for this systematic review were original articles, written in English or French, published in the period 2001–2020 and that describe models of the distribution of TTBD. Articles that describe biological or economic models instead of spatial and/or temporal distribution models of tick and/or TBD were not included. Details of the inclusion and exclusion criteria are summarized in Table 7.




4.3. Meta-Analysis of the Accuracy of Models in the Selected Studies


The selected publications were screened according to an analysis of the performance of their models. This analysis was based on the values of the sensitivity, specificity or accuracy available of some of the models elaborated in these studies. The sensitivity was defined as the proportion of established counties classified as tick-present locations by the model [33]. Sensitivity was also described as the percentage of areas with a known adequate habitat that were ranked as appropriate by the model. Specificity is the percentage of areas where no established tick population was recorded and which were ranked as such in the model [71]. Quantitative measurement was carried out by checking predictions against observations in an unrelated test data set with the area under the curve (AUC) of a receiver operating characteristic (ROC) plot as a gauge of prediction accuracy [143]. According to J.A. Swets [144] cited by Antoine Guisan [145], the accuracy of a model was estimated with the value of AUC. If the AUC value > 0.9, the model is considered as “highly accurate”. Models providing values in the range 0.7–0.9 were considered as “useful”, and those lower than 0.7 “poorly accurate”.



A subsequent meta-analysis was performed with these data (sensitivity, specificity and AUC) to appreciate the quality of the different models developed in the selected articles. A random-effect model was used to see the level of heterogeneity of the means of the sensitivity, specificity and AUC of the selected studies in which these data are available. We used Stata’s “metan” meta-analysis command. This command allows the user to enter the frequencies of the 2 × 2 table cells for each study (for binary results), the mean and standard deviation in each group (for numerical results), or the effect estimate and standard error of each study [146]. In our study, we used the mean and standard deviation of the sensitivity, specificity and AUC data of the models developed in the selected papers. We chose the random effect option because of the diversity of the studies in their methodologies. The heterogeneity in the meta-analysis was quantified by the I2 that is the percentage of variation attributable to heterogeneity [147,148]. According to the classification of Higgins [148] adjectives of low, moderate and high are assigned to I2 values of 25%, 50% and 75%. In the case of high heterogeneity, the existence of subgroups was checked [149,150]. When the homogeneity was obtained, a funnel plot assessed the risk of publication bias. This meta-analysis was performed with Stata 14®.





5. Conclusions


Modeling ticks and TBD distribution is important to help all stakeholders in animal health and public health to identify high-risk areas of these parasites for animals and humans. Modeling the distribution of these parasites is very useful for authorities to inform decisions for the prevention and/or control programs. In addition, this review highlighted also the importance of vector surveillance and prevention/control in countries that have not yet detected invasive tick species (e.g., Rhipicephalus microplus) but are in the areas predicted to host suitable habitats. Indeed, awareness raising and training of different stakeholders must be reinforced for better prevention and control of this tick in these different countries according to their status.



The GLM models appear to be the most used in modeling the distribution of ticks and TBD. The maximum entropy model (MaxEnt) revealed to have good performance in the prediction of the presence of tick species. The particularity of this modeling system is the use of the tick presence data only without the need for the absence data. This aspect is beneficial in tick distribution modeling in Africa where tick absence data are rarely available. Indeed, this kind of model combined with the GLM will be very powerful in ticks and TBD modeling in Africa. Above all, the choice of a model depends on several parameters and criteria that deserve special attention to achieve objectives set during the modeling process.
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Appendix A


PRISMA checklist.





	
Section/Topic

	
#

	
Checklist Item

	
Reported on Page #




	
Title




	
Title

	
1

	
Identify the report as a systematic review, meta-analysis, or both.

	
1




	
Abstract




	
Structured summary

	
2

	
Provide a structured summary including, as applicable: background; objectives; data sources; study eligibility criteria, participants, and interventions; study appraisal and synthesis methods; results; limitations; conclusions and implications of key findings; systematic review registration number.

	
1




	
Introduction




	
Rationale

	
3

	
Describe the rationale for the review in the context of what is already known.

	
2




	
Objectives

	
4

	
Provide an explicit statement of questions being addressed with reference to Participants, Interventions, Comparisons, Outcomes, and Study design (PICOS).

	
4




	
Methods




	
Protocol and registration

	
5

	
Indicate if a review protocol exists, if and where it can be accessed (e.g., Web address), and, if available, provide registration information including registration number.

	
4




	
Eligibility criteria

	
6

	
Specify study characteristics (e.g., PICOS, length of follow-up) and report characteristics (e.g., years considered, language, publication status) used as criteria for eligibility, giving rationale.

	
4–5




	
Information sources

	
7

	
Describe all information sources (e.g., databases with dates of coverage, contact with study authors to identify

additional studies) in the search and date last searched.

	
4–5




	
Search

	
8

	
Present full electronic search strategy for at least one database, including any limits used, such that it could be repeated.

	
4–5




	
Study selection

	
9

	
State the process for selecting studies (i.e., screening, eligibility, included in systematic review, and, if applicable,

included in the meta-analysis).

	
4–5




	
Data collection process

	
10

	
Describe the method of data extraction from reports (e.g., piloted forms, independently, in duplicate) and any processes for obtaining and confirming data from investigators.

	
4–5




	
Data items

	
11

	
List and define all variables for which data were sought (e.g., PICOS, funding sources) and any assumptions and

simplifications made.

	
4–5




	
Risk of bias in individualstudies

	
12

	
Describe methods used for assessing the risk of bias of individual studies (including specification of whether this was done at the study or outcome level), and how this information is to be used in any data synthesis.

	
5




	
Summary measures

	
13

	
State the principal summary measures (e.g., risk ratio, the difference in means).

	
5




	
Synthesis of results

	
14

	
Describe the methods of handling data and combining results of studies, if done, including measures of consistency (e.g., I2) for each meta-analysis.

	
5




	
Risk of bias across studies

	
15

	
Specify any assessment of the risk of bias that may affect the cumulative evidence (e.g., publication bias, selective

reporting within studies).

	
5




	
Additional analyses

	
16

	
Describe methods of additional analyses (e.g., sensitivity or subgroup analyses, meta-regression), if done, indicating which were pre-specified.

	
5




	
Results




	
Study selection

	
17

	
Give numbers of studies screened, assessed for eligibility, and included in the review, with reasons for exclusions at each stage, ideally with a flow diagram.

	
5–9




	
Study characteristics

	
18

	
For each study, present characteristics for which data were extracted (e.g., study size, PICOS, follow-up period) and provide the citations.

	
5–9




	
Risk of bias within studies

	
19

	
Present data on the risk of bias of each study and, if available, any outcome level assessment (see item 12).

	
9




	
Results of individual studies

	
20

	
For all outcomes considered (benefits or harms), present, for each study: (a) simple summary data for each intervention group (b) effect estimates and confidence intervals, ideally with a forest plot.

	
9




	
Synthesis of results

	
21

	
Present results of each meta-analysis done, including confidence intervals and measures of consistency.

	
9




	
Risk of bias across studies

	
22

	
Present results of any assessment of the risk of bias across studies (see Item 15).

	
9




	
Additional analysis

	
23

	
Give results of additional analyses, if done (e.g., sensitivity or subgroup analyses, meta-regression (see Item 16)).

	
7–9




	
Discussion




	
Summary of evidence

	
24

	
Summarize the main findings including the strength of evidence for each main outcome; consider their relevance to key groups (e.g., healthcare providers, users, and policymakers).

	
9–15




	
Limitations

	
25

	
Discuss limitations at study and outcome level (e.g., risk of bias), and review-level (e.g., incomplete retrieval of

identified research, reporting bias).

	
9–15




	
Conclusions

	
26

	
Provide a general interpretation of the results in the context of other evidence and implications for future research.

	
15




	
Funding




	
Funding

	
27

	
Describe sources of funding for the systematic review and other support (e.g., supply of data); the role of funders for the systematic review.

	
16








Appendix B


Search strategies and results for PubMed and Scopus databases



	
Last Date of Search

	
Database Consulted

	
Search Algorithms Applied

	
Results




	
28 September 2018

	
Scopus

	
((modelling or modeling or models) and (animals and ticks) and (tick and borne and diseases) and (distribution or spread) and dynamic)

	
901




	
28 September 2018

	
Pubmed

	
((modelling or modeling or models) and (animals and ticks) and (tick and borne and diseases) and (distribution or spread) and dynamic)

	
445




	
28 September 2018

	
Scopus

	
modelling the distribution dynamic of animals ticks AND tick borne disease

	
306




	
28 September 2018

	
Pubmed

	
modelling the distribution dynamic of animals ticks AND tick borne disease

	
128




	
28 September 2018

	
Scopus

	
qualitative modelling of the distribution dynamic of animals ticks AND tick borne disease

	
57




	
28 September 2018

	
Pubmed

	
qualitative modelling of the distribution dynamic of animals ticks AND tick borne disease

	
29




	
28 September 2018

	
Scopus

	
quantitative modelling of the distribution dynamic of animals ticks AND tick borne disease

	
183




	
28 September 2018

	
Pubmed

	
quantitative modelling of the distribution dynamic of animals ticks AND tick borne disease

	
63




	
28 September 2018

	
Scopus

	
animals ticks and tick-borne disease spread risk modelling

	
543




	
28 September 2018

	
Pubmed

	
animals ticks and tick-borne disease spread risk modelling

	
217




	
15 January 2021

	
Scopus

	
((modelling or modeling or models) and (animals and ticks) and (tick and borne and diseases) and (distribution or spread) and dynamic)

	
64




	
15 January 2021

	
Pubmed

	
((modelling or modeling or models) and (animals and ticks) and (tick and borne and diseases) and (distribution or spread) and dynamic)

	
36




	
All results for Scopus

	
2054




	
All results for Pubmed

	
918




	
Overall results

	
2972










Appendix C


Classification of the models, which area under the curve (AUC) are available, based on J.A. Swets rules.



	
Models

	
References

	
Accuracy




	
Bayesian hierarchical model

	
[102]

	
Useful




	
Classification and regression tree (CART)

	
[17,91]

	
Highly accurate




	
[17,33,71,77]

	
Useful




	
Ecological niche factor analysis

	
[39]

	
Highly accurate




	
[39]

	
Useful




	
Environmental niche model (ENM)

	
[75,93]

	
Highly accurate




	
Generalized linear model (GLM)

	
[17,38,53,91]

	
Highly accurate




	
[17,33,59,63,71,83,99,108,109]

	
Useful




	
Linear discriminant analysis (LDA)

	
[91]

	
Highly accurate




	
[17]

	
Useful




	
Maximum entropy (MaxEnt)

	
[17,20,21,43,44,46,50,84,88,94,95,103,107]

	
Highly accurate




	
[17,30,33,35,40,44,49,50,58,64,70,71]

	
Useful




	
[44]

	
Poorly accurate




	
Multi-criteria decision analysis (MCDA)

	
[12]

	
Useful




	
Specie distribution modeling (SDM)

	
[17,41]

	
Useful




	
[17]

	
Poorly accurate




	
Survival model

	
[76]

	
Useful
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Figure 1. The Preferred Reporting Items for Reviews and Meta-Analysis (PRISMA) Flow Diagram. R1: Records without a clearly stated model; R2: Records with model explanations without field application; R3: Records with a compilation of case studies. 
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Figure 2. Frequency of models used in the selected publications (decreasing order). 
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Figure 3. Publication trend on modeling ticks and tick-borne diseases during the last 20 years. 
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Figure 4. Geographic distribution of the selected publications on ticks and tick-borne diseases modeling. 
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Figure 5. Geographical distribution of the different studies according to the object ((A) ticks and (B) tick-borne pathogens) of the models. 
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Figure 6. Classification of the models based on the area under the curve (AUC) of a receiver operating characteristic (ROC) plot as the measure of prediction success using the scale established by J.A. Swets in 1988. 
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Figure 7. Genera of ticks modeled in Africa based on this systematic review. 






Figure 7. Genera of ticks modeled in Africa based on this systematic review.



[image: Pathogens 10 00893 g007]







[image: Pathogens 10 00893 g008a 550][image: Pathogens 10 00893 g008b 550] 





Figure 8. Forest plots (A,B) and funnel plot (C) of the sensitivity of models using meta-analysis. Forest plot legend: ES (effect size); CI (confidence interval); names on the left (first author of primary studies); solid line (sensitivity mean); grey square size (weight of each study); horizontal lines (95 confidence intervals); vertical line (line of no effect); diamond (overall sensitivity effect); vertical dash line (combined sensitivity effect); tips of diamond (95% confidence intervals). 
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Figure 9. Forest plots (A,B) of the specificity of models using meta-analysis. Forest plot legend: ES (effect Size); CI (confidence interval); names on the left (first author of primary studies); solid dot (specificity mean); grey square size (weight of each study); horizontal lines (95 confidence intervals); vertical line (line of no effect); diamond (overall specificity effect); vertical dash line (combined specificity effect); tips of diamond (95% confidence intervals). 
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[image: Pathogens 10 00893 g009]







[image: Pathogens 10 00893 g010 550] 





Figure 10. Forest plot (A,B) of the AUC of models using meta-analysis. Forest plot legend: ES (effect size); CI (confidence interval); AUC (area under the curve); names on the left (first author of primary studies or model’s name); solid dot (AUC mean); grey square size (weight of each study); horizontal lines (95 confidence intervals); vertical line (line of no effect); diamond (overall AUC effect); vertical dash line (combined AUC effect); tips of diamond (95% confidence intervals). 
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Table 1. Categories and objectives of main modeling techniques collected in this review.
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Category

	
Model

	
Objective






	
Regression models

	
Generalized linear models (GLM)

	
Investigate the levels of tick aggregation at different spatial ranges, determine and disaggregate the drivers of tick density and probability of presence, and provide robust estimates of tick densities between landscape segments.

Study the effect of environmental conditions on the prevalence of different stages of ticks and in the epidemiology of the tick-borne disease (TBD).




	
Species distribution modeling

	
Maximum entropy (MaxEnt)

	
Explore the limits of the potential distribution by extrapolating the environmental requirements of ticks.

Analyze the possible spatial range of tick species, to explore how climate changes can shape the distribution of these species.




	
Classification and regression tree (CART)

	
Review data on tick distribution and prevalence of TBD for a national TBD management approach using the current ecological and epidemiological information on ticks and the related diseases they transmit.




	
Species distribution modeling (SDM)

	
Discuss and illustrate the precise boundaries of the present range of ticks based on computational map modeling and demonstrate the way in which local populations of these ticks differ in abundance towards the boundaries of the range.




	
Ecological niche factor analysis (ENFA)

	
Measuring the extent to which the requirements of a given species deviate from average conditions and the extent to which the species is selective over the range of environmental conditions available in a country.

Develop a rigorous definition of the climatic niche of a set of relevant tick species in a geographical area.
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Table 2. Ticks modeled by the selected publications.
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	Ticks Studied
	Country or Continent of Interest
	References





	Amblyomma spp.
	Africa, Brazil, Central and Southern America and USA.
	[16,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,34]



	Dermacentor spp.
	Europe, Czech Republic, Mediterranean region, Panama and USA.
	[16,17,34,35,36,37,38,39,40,41,42,43,44]



	Haemaphysalis spp.
	Europe, New Zealand and USA.
	[38,44,45,46,47]



	Hyalomma spp.
	Europe, Mediterranean region, Romania, South Africa, Spain and Western Palearctic.
	[18,39,44,48,49,50,51,52]



	Ixodes spp.
	Belgium, Canada, Europe, France, Germany, Iceland, Ireland, Italy, Netherlands, Norway, Panama, Scotland, Slovakia, Spain, UK, USA and Western Palearctic.
	[17,22,36,38,44,51,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68,69,70,71,72,73,74,75,76,77,78,79,80,81,82,83,84,85,86,87,88]



	Ornithodoros spp.
	Africa, Asia and Europe.
	[12]



	Rhipicephalus spp.
	Africa, America, Republic of Benin, Djibouti, Eritrea, Ethiopia, Europe, France, Mediterranean region, Panama, Romania, Somalia, South Africa, Tanzania, USA, Zimbabwe.
	[16,17,18,22,26,27,36,39,44,50,89,90,91,92,93,94,95,96,97,98,99,100]
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Table 3. Pathogens modeled according to this systematic review (alphabetic order).
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	Pathogen
	Country or Continent of Interest
	References





	Anaplasma spp.
	USA
	[62,101,102]



	Babesia spp.
	Europe
	[72,84,103]



	Borrelia spp.
	Canada, Italy, Scotland, Slovakia, Spain, USA and Western Palearctic
	[55,56,60,62,65,73,80,81,83,85,88,104,105]



	Capripoxvirus
	Asia and Europe
	[106]



	Coxiella spp.
	Spain
	[107]



	Cytauxzoon spp.
	USA
	[108]



	Ehrlichia spp.
	Australia and USA
	[24,32,102,105,109]



	Flavivirus
	Europe, Italy and Scotland
	[57,110]



	Orthonairovirus
	Iran, Turkey
	[111]



	Rickettsia spp.
	Brazil, Panama and USA
	[16,22,29,35,43]



	Theileria spp.
	Africa, Djibouti, Eritrea, Ethiopia, Greece, New Zealand and Somalia
	[45,46,95,97,103]
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Table 4. Models with only sensitivity and/or specificity values.
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	Type of Model
	References
	Sensitivity (%)
	Specificity (%)
	Youden Index





	Classification and regression tree (CART)
	[71]
	75
	78
	0.53



	Classification and regression tree (CART)
	[91]
	89
	96
	0.86



	Classification and regression tree (CART)
	[33]
	87
	-
	ND



	Generalized linear model (GLM)
	[53]
	100
	80
	0.80



	Generalized linear model (GLM)
	[59]
	91.3
	96.4
	0.87



	Generalized linear model (GLM)
	[63]
	89
	82
	0.71



	Generalized linear model (GLM)
	[91]
	90
	95
	0.85



	Generalized linear model (GLM)
	[33]
	88.5
	-
	ND



	Linear discriminant analysis (LDA)
	[91]
	85
	98
	0.84



	Maximum entropy (MaxEnt)
	[16]
	95.76
	76
	0.72



	Maximum entropy (MaxEnt)
	[71]
	79
	78
	0.57



	Maximum entropy (MaxEnt)
	[64]
	79.5
	-
	ND



	Maximum entropy (MaxEnt)
	[33]
	84
	-
	ND



	Bayesian hierarchical models
	[102]
	>90
	<60
	ND







The Youden index represents the sum of the sensitivity and the specificity (expressed between 0 and 1) minus 1; ND: not determined.
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Table 5. Models without any sensitivity, specificity or accuracy analysis and their related papers.
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	Model
	Reference





	Agent-based model
	[23,73,85]



	Bayesian hierarchical models
	[32,101,105,106,112]



	Cellular automata model
	[66]



	Classification and regression tree (CART)
	[26,87,96]



	Deterministic model
	[48,54,72,90]



	Differential equation model
	[24,56]



	Digital elevation raster model (DEM)
	[78]



	Ecological niche factor analysis (ENFA)
	[18,26,39,96]



	Environmental niche model (ENM)
	[93,106]



	Epidemiological model
	[113]



	Generalized linear model (GLM)
	[19,22,25,27,31,34,57,61,62,68,69,78,79,80,100,104,111]



	Leslie models
	[114,115,116]



	Markov model
	[110]



	Maximum entropy (MaxEnt)
	[20,28,37,44,45,47,50,58,65,92]



	Multi-criteria decision analysis (MCDA)
	[74]



	Multi-habitat model
	[67]



	Next generation matrix (NGM) model
	[55,60]



	Process-driven model
	[52]



	Reaction-diffusion model
	[29]



	Species distribution modeling (SDM)
	[42,51,78,97,98]



	Weather research and forecasting (WRF) model
	[36,89]



	Weights-of-evidence method (WofE)
	[26]
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Table 6. Modeling Rhipicephalus (Boophilus) microplus in Africa between 2001 and 2020.
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	Year
	Country
	Models
	References





	2008
	Tanzania
	Ecological niche factor analysis (ENFA)

Classification and regression tree (CART)
	[96]



	2009
	Africa
	Logistic regression
	[100]



	2013
	Republic of Benin
	Maximum entropy (MaxEnt)
	[92]



	2015
	Republic of Benin
	Generalized linear model (GLM)

Linear discriminant analysis (LDA)

Classification regression tree (CART)
	[91]



	2018
	Zimbabwe
	Generalized linear model (GLM)
	[99]
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Table 7. Inclusion and exclusion criteria.






Table 7. Inclusion and exclusion criteria.









	Inclusion Criteria
	Exclusion Criteria





	
	
Original articles written in English or French;



	
Articles should be published in peer-reviewed journals during the last 20 years (from 2001 to 2020);



	
Articles outlining quantitative and/or qualitative risk modeling of the spread or distribution of ticks and/or TBD;



	
Studies on spatial and temporal distribution of ticks and TBD.





	
	
Studies focused on vectors and vector-borne diseases different from ticks and associated diseases;



	
Studies related to ticks and TBD concerning only humans;



	
Articles that describe biological models instead of statistical or mathematical ones;



	
Articles focused on efficacy or resistance analysis of acaricides on ticks;



	
Articles that did not address ticks and/or TBD distribution, and risk factors for their spread;



	
Review articles on modeling the risk of spread or distribution of ticks and/or TBD;



	
Studies related only to economic models;



	
Studies related to vaccine efficacy models;



	
Studies related to simulation models;



	
Studies related to TBD transmission modeling.












TBD, tick-borne diseases.
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