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Medical travel has expanded rapidly in recent years, resulting in new markets and increased access to medical care. Whereas several studies investigated the motives of individuals seeking healthcare abroad, the conventional analytical approach is limited by substantial caveats. Classical techniques as found in the literature cannot provide sufficient insight due to the nested nature of data generated. The application of adequate analytical techniques, specifically multilevel modeling, is scarce to non-existent in the context of medical travel. This study introduces the guidelines for application of multilevel techniques in public health research by presenting an application of multilevel modeling in analyzing the decision-making patterns of potential medical travelers. Benefits and potential limitations are discussed.
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INTRODUCTION

In recent years there has been a global increase in international medical travel (Lunt and Carrera, 2010). To date, research on medical travel has been typically focused on patients traveling for treatment unavailable or inaccessible in their home countries (Lunt and Mannion, 2014). Although, country- or region-specific studies are starting to emerge (Johnston et al., 2012; Noree et al., 2014) little is known as to why potential patients travel to specific foreign locations to pursue medical treatment. Given the clear rapid growth of medical travel, understanding which factors influence patients' decisions on a cross-cultural level will provide essential background for the development of effective global health access policies (GHAPs).

A small number of qualitative and quantitative studies have attempted to unravel why individuals choose to travel for medical treatment. However, several shortcomings become evident when reviewing previous work in the psychological and epidemiological literature. First, the extended use of survey methods with a lack of psychometrically validated questionnaires. Second, the primarily descriptive approaches when analyzing medical travel data, which inadequate properties for statistical inference and high-confidence applications. Third, quantitative studies in the field applied traditional statistical methods—as multiple linear regression, that cannot take into account the complex relationship behind the factors analyzed (Gallup Organization, 2007; Varkevisser et al., 2007; Gill and Singh, 2011; Noree et al., 2014). To resolve these issues, better analytic tools combined with access to reliable, validated measurements are needed.

At present, knowledge of factors involved in patient choice is highly dispersed and vaguely connected (Johnston et al., 2012; Hanefeld et al., 2014). Although, available information may offer interesting insights, the findings of most studies cannot be directly integrated, indicating a lack of a robust, comprehensive, and validated model. To unravel the complex decision-making process, psychological drivers and barriers that precede medical travel need to be assessed beyond general economic and availability factors.

Two approaches—revealed and stated preference—have been used to study decision-making processes in economics. Stated preference (SP) is based on the individual's choice between hypothetical scenarios while revealed preference (RP) uses real observations of actual choices in order to infer individuals' preferences. SP studies are based on measurement tools in simulated conditions, where RP are based on observation of individual's choices in real-world setting. Studies suggest (Burge et al., 2005) that stated preference in this context may be used as a reasonable proxy for the measurement of revealed preference.

Each approach has its own strengths and limitations. Revealed preference models may generate results with higher external validity, but are limited to real-world choices, leading to collinearity problems among choices and the need for a high number of observations (Cherchi and Ortúzar, 2007). In contrast, analyzing stated preferences allows researchers not only to create hypothetical alternatives, but also to explicitly examine how different attributes of a given alternative influence the participants' choice, providing a robust and accepted methodology to model choice behavior (Small et al., 2005). Moreover, stated preference models have been widely used in the public health literature and have shown converging results with revealed preference models (Mark and Swait, 2004; Burge et al., 2005; Ryan et al., 2008; Watson and Ryan, 2010).

For the purpose of analyzing stated preference, two main methodologies have been developed: Conjoint Analysis (CA) and Discrete Choice Modeling (DCM). While both frameworks are highly related, in the past decades there has been an increasing support for using DCM over CA as a statistical tool for the analysis of decision-making (Louviere et al., 2010). DCM has also been successfully applied to public health research (Ryan et al., 2012). Detailed explanations of CA and DCM are not provided here and can be found in Louviere et al. (2010) or Small et al. (2005).

The present research design was developed to interpret data such as that from a prototypical DCM experiment in the field, the London Patient Choice Project (LPCP) by Burge et al. (2005). The LPCP investigated the impact of the factors that influenced the decision of choosing between a local and an alternative-hypothetical hospital. The factors included were waiting time, proximity, type of hospital, reputation, and the possibility of follow-up procedures or checks-ups. The design of the study was based on presenting hypothetical scenarios in a DCM design. While LPCP served as an inspiration, several differences can be noted between LPCP and the present study.

The LPCP required participants to choose between two alternative hypothetical scenarios. However, for the purpose of our study, a classical DCM methodology was not directly followed. Instead a hybrid approach was developed by using a psychometric framework focusing on participants' decisions when presented with a hypothetical scenario followed by further inquiry about the motivation behind those decisions.

Moreover, the LPCP and other patient choice studies focused solely on decision-making processes between local hospitals. In contrast, our method encompasses a global approach to the hypothetical scenarios. In particular, by using a country-specific approach (e.g., real locations, rather than hypothetical descriptions), specific country-related evidence can be obtaining, being directly relevant to medical travel policy development. A country-specific approach is obtained by including previously determined countries as attributes in the choice sets. The criteria for country selection can be found in the Medical Travel Data Collection section.

Finally, the LPCP focused on a patient population, similar to most of the literature in the field. The present study is the first of its kind considering a non-patient population. As every individual could be considered as a potential medical traveler, key information regarding which factors drive the decision-making processes could be effectively derived from both populations. While testing prospective choices has several drawbacks, the value of having this knowledge is crucial when developing evidence-based policies related to the implementation of large-scale medical travel programs.

Based on previous findings and the specific research purposes, a new approach to modeling decision-making process in medical travel was developed. This approach examines factors that influence the individuals' decision to travel abroad for non-urgent and essential medical purposes. Its core innovative features include the development of a new medical travel questionnaire based on country-specific hypothetical scenarios (targeting a non-patient population) and the application of a multilevel generalized linear model for analyzing the data collected with the mentioned tool.

The objective of this article is to introduce the new measurement and present the analysis method for medical traveling data by clarifying the theoretical considerations behind the choice of particular multilevel models and presenting results from a case study to highlight its flexibility and usefulness. Furthermore, it is intended to raise awareness of the need for advanced statistical methods when analyzing complex hierarchical structures commonly found in medical travel data (e.g., data from individuals traveling to different countries).

At the same time, the benefits and drawbacks of previous strategies that have been selected for studying decision-making processes underlying medical travel are discussed in comparison to the proposed methodology. Careful use of the data collection method and the statistical analysis could be of benefit not only to GHAP research, but also to other fields that use population measures to support evidence-based policymaking.

MATERIALS AND METHODS

This study adapted the framework proposed by Louviere et al. (2000) for conjoint experiment design. The present questionnaire relied on a previously validated pathway for the design process and involved the use of four steps as outlined below.

Step One: Defining Attributes

Specific Procedures

Two procedures, hip replacement and heart valve replacement, that were considered as elective, very common, costly or relevant enough to justify traveling were chosen as treatment parameters. Hip and heart valve replacement were considered proxies for invasiveness, with hip replacement being less dangerous or life-threatening than heart valve replacement. Previous studies have shown that patients' decision-making is affected by being in need of a more invasive procedure. In particular, the influence of interpersonal factors is greater when facing such a decision compared to the need for a less invasive procedure (Victoor et al., 2012).

Specific Countries

The countries included in the questionnaire (see Table 1) are considered potential senders or receivers countries of foreign patients, and play a crucial role in the actual medical travel market. Moreover, they offer a broad range of various healthcare system characteristics. BRICS (Brazil, Russia, India, China, and South Africa) countries have intentionally been excluded due to their unique socioeconomic characteristics, which need to be considered in the future and are currently being studied individually in related work not discussed here.

Table 1. Summary of attributes and their levels.
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Traveling abroad for medical reasons requires patients to consider distance and inconveniences caused by physical travel. These factors have been shown to moderate the decision of traveling abroad for medical purposes (Burge et al., 2005; Exworthy and Peckham, 2006). Studies have shown that distance is a key factor, whereby patients (especially elderly patients), prefer closer healthcare providers. Nonetheless, this distance factor is dismissed if a method of easy access is available (by private or public transportation), if the individual is already willing to travel or if that person is highly educated (Victoor et al., 2012). Finally, the effect of distance could be also dismissed or foster depending upon the type of medical procedure under consideration (Damman et al., 2011). Therefore, distance is a highly influential factor on patient's decisions, as indicated in the literature, but is moderated by several second order factors.

Specific Driving Factors

Patients are more likely to travel abroad for medical purposes if the healthcare system in their home country is perceived as low quality, if the healthcare associated costs are considered unacceptable, or waiting times are too long (Burge et al., 2005; Jotikasthira, 2010; Gill and Singh, 2011). Moreover, the quality of the healthcare system has been found to be one of the most prominent indicators in the decision-making process when related to the destination country. Patients also highly value the availability of state-of-the-art technology (Horowitz et al., 2007).

When evaluating alternative destinations, medical travelers reject destinations that they perceive as providing inadequate care quality (Marlowe and Sullivan, 2007). However, people are willing to make a trade-off between the quality of the hospital and potential savings, leading to the choice of a lower quality hospital, if there is potential to save money, under certain circumstances (Jotikasthira, 2010). For instance, medical travelers from industrialized countries including Europe and North America (Gill and Singh, 2011) seek healthcare in less industrialized countries driven by the lower costs (Horowitz et al., 2007). Medical travelers thus consider financial savings as an important factor but only when there is also an acceptable quality standard of medical care (Jotikasthira, 2010).

Shorter waiting lists are also an important factor for individuals when considering going abroad for medical purposes, but only after considering the healthcare system's quality (Burge et al., 2005). Previous research provides evidence relative to how patients' motivation to travel for medical care is boosted if waiting time for medical travel can be reduced (Ryan and Gerard, 2003; Burge et al., 2005). The importance given to this potential reduction of the waiting list however depends on the medical condition of the patient (Ricketts et al., 2004; Exworthy and Peckham, 2006) and on the proximity of the new provider (Burge et al., 2005). Nevertheless, waiting list has also been consistently listed as a relevant factor in the existing literature (Burge et al., 2005; Jotikasthira, 2010; Johnston et al., 2012).

Individuals are generally most willing to travel for access to higher-quality treatment, followed by potential savings and the avoidance of long waiting lists (Burge et al., 2005; Gallup Organization, 2007; Keckley and Underwood, 2008; Jotikasthira, 2010). As argued by Exworthy and Peckham (2006), this may be due to a search for convenience, and thus understanding of the interaction of these variables along with trade-offs is very important. Important trade-offs are made between these specific factors and the home country's healthcare features. As a result, satisfaction with the perceived quality, cost, and waiting time of the home country's healthcare are assessed in order to obtain information relative to these trades-offs.

Demographic Questions

In addition to the promise of better quality, reduced costs and shorter waiting lists certain demographic characteristics are also known to play an important role in the decision to travel for medical care.

Employment status, income, and occupation are considered to be proxy measurements of socioeconomic status (SES) (American Psychological Association, Task Force on Socioeconomic Status, 2007). Highly educated patients and patients with higher income (Burge et al., 2005; Exworthy and Peckham, 2006) make an active choice of health care provider compared to patients without those characteristics (Victoor et al., 2012). Individuals with higher educational level (Exworthy and Peckham, 2006; Lako and Rosenau, 2009) are also more likely to travel abroad for medical purposes.

Previous medical travel experiences (Varkevisser et al., 2007; Victoor et al., 2012) are also an important moderator of patients' decisions, where individuals tend to rely on their previous experience as the most important information source (Kolstad and Chernew, 2009; Lux et al., 2011).

Step Two: Creating Scenarios

The chosen attributes were combinations of one of two procedures, one of three driving factors, and one of 12 destination countries. An example scenario would be:

“Imagine your doctor says you require heart valve replacement, yet the waiting list is long in your home country. However, in Malta, the waiting list is considerably shorter. Under these circumstances, would you consider traveling to Malta for this procedure?”

Attempting to simulate the real medical decision-making process as much as possible, the logic behind the scenario' structure is:

1. Patient receives the information about his medical condition and the necessity of a medical procedure.

2. Patient seeks information related to the conditions of the medical procedure in his home country.

3. Patient considers alternative countries that provide a better situation for that medical procedure.

Presenting the participant with a real-world based situation creates the possibility to capture generalizable trade-offs between factors, simulating realistic patient's decision making processes.

Step Three: Determining Scenario Sets

CA/DCM studies use factorial or fractional factorial designs, as they need to present two scenarios with a different set of characteristics at the same time for analyzing the differential factors behind the decision making processes. This results in an unmanageable number of possible combinations between scenarios and attributes (Louviere et al., 2000). In contrast, the proposed medical travel questionnaire is based on the presentation of only one scenario at a time, allowing a complete randomization of the possible 72 scenarios across participants, generating balanced conditions for each attribute.

The medical travel questionnaire was designed as an on-line questionnaire, prepared to be adapted to the contingencies associated by the data collection in social media. Qualtrics software was used for the generation of blocks randomly assigned to participants, once the country of origin was taken into consideration. Participants did not receive items assessing their home country, as home country was not fully randomized between participants. A country was therefore randomly assigned—only controlling for home country to be excluded—and remained constant across the combination of procedure and reasons, so that participants answered more than one item for a given country.

Block randomization involved developing blocks of six questions to ensure that all participants encounter all possible combinations between factors and procedures within a randomly given country. For each driving factor (quality, cost, and waiting list), two questions regarding the two procedures (hip or heart valve replacement) were generated. All the questions in each given scenario are explicitly referred to one country.

The decision to include only six scenarios can be justified by several means. Firstly, measurement fatigue leading to withdrawal was considered a legitimate concern if participants were presented with the all possible (72) scenarios. Furthermore, it is not necessary for patterns to emerge if the large sample is sufficiently large, which would make for even more insightful results if participants are unlikely to recognize that each scenario is entirely unique and not simply a collection of all possible permutations.

Therefore, the trade-off between a large inventory of responses per participant and a large sample of participants answering fewer items is a significant decision but may be modified in future versions if resources or samples are available to complete the entire questionnaire. Given the nature of the data and current purpose of this approach, it is considered preferable to have a large number of participants answering a smaller number of items.

Step Four: Estimating Model Parameters

Why Should Multilevel Models Be Applied in Medical Travel Research?

Traditional statistical methods such as multiple linear regression have dominated quantitative research in medical travel. They provide valuable information regarding the different factors involved in medical travel, but these are limited to local settings and often hold unrealistic assumptions about the data analyzed. Medical travel is an international phenomenon that can be structured in different layers and levels of action. Fittingly, multilevel models are the proper analytical tool for taking into consideration these classes of structures, providing information regarding all the units involved. No traditional technique would therefore be adequate when analyzing medical travel data.

Classical statistical tools assume that all variables are constrained in one level of analysis, where all the predictors are hypothesized to be characteristics within the same level of analysis (Snijders and Bosker, 2012). However, this is not the case when studying the influence of the country of destination in the decision-making processes for medical travel. Due to advances in modeling approaches, the assumption of independence between observations is no longer a valid axiom in statistical analysis, as demonstrated by the increasing number of studies that use multilevel methods for analyzing the interdependencies among observations.

Here, multilevel methods are defined as the set of techniques that allow the estimation of parameters in different levels of the data in order to take into account the nested structure of the observations in a given dataset. The flexibility of the multilevel method is achieved by defining hierarchical structures where higher-level units capture the dependency among units in the lower level. Therefore, instead of assuming independency between observations, the researcher can explore those relationships by the inclusion of higher-level units, enhancing the quality of the information given by the model by providing an explicit explanation of first level units' shared variance.

Although, several names can be found in the literature for referring to these models (such as hierarchical linear models a random-effects models) here we will refer to them as multilevel methods (MLM). One of the main theoretical advantages of MLM is its ability to capture the country-specific effects arising from differences in regional characteristics that modulate the individual's response in a decision-making processes. At the same time, MLM relies on less strict assumptions than conventional DCM models and does not require non-independence among observations, hence providing a solution to the multicollinearity problem that is so common to questionnaire-based datasets. Snijders and Bosker (2012) recommended the use of the intraclass correlation coefficient (ICC) for examining the amount of variance explained by second level units in a model, where values ranging from 0.05 to 0.2 are common in cross-sectional social science research (Peugh, 2010).

Failing to take into account these interdependencies leads to underestimation of the standard deviation of the regresssion coefficients and dramatic increase of Type 1 error (Austin et al., 2003). As the ICC grows, standard deviation and parameter estimations tend to be inaccurate (Julian, 2001), generating potentially incorrect predictions and misleading conclusions. In addition, it is mandatory to take into consideration the higher-level units (e.g., countries) when disclosing medical travel patterns and processes. Conclusions drawn from classical techniques are based on biased estimation of the defined parameters (and incorrect standard error estimations), potentially leading researchers to draw misinformed conclusions and misguided recommendations for practitioners. Multilevel methods provide the solution for adjusting parameter estimation to the hierarchical nature of the data by modeling the existent interdependencies.

As country-specific scenarios were generated, a hierarchical model where country of destination was the second-level variable could be easily derived. Multilevel logistic models allow the study of the non-independent relationships between destination country and a set of fixed effects while placing the focus on these country-related random effects. Furthermore, country-specific information can be obtained when using these methods, simultaneously clarifying the complicated interactions between factors in the decision-making processes. This information is not only richer, but also more accurate than that obtained by using traditional methods, allowing the estimation of fixed and random effects along with their standard errors (Snijders and Bosker, 2012).

An exhaustive review of multilevel methods is beyond the scope of this article, and important features of multilevel logistic methods are omitted here. Interested readers may refer to the following literature (Pinheiro and Bates, 2000; Hox, 2002; Raudenbush and Bryk, 2002; Gelman and Hill, 2007).

Previous empirical evidence generated by multilevel models in medical travel has not been found using DCM/CA paradigms, but multilevel logistic methods have been widely used in other areas of public health research (Rice and Leyland, 1996; Duncan et al., 1998). Moreover, the effect of country as a second-level unit has been specifically analyzed (Stegmueller, 2013) and robust evidence exists to justify its use in this analytical method. The multilevel approach presented here is the first application of multilevel methodology to medical travel data.

Mathematical Definition of the Multilevel Model

The model under consideration is a two-level random intercept model. The individual's response i (i = 1,…, nj) for a country j (j = 1, …, J) is modeled (γij)as follows:
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The individual's decision to travel is assumed to be binomially distributed, where the logit of the probability of traveling (πij) abroad depends on a linear combination of the model intercept (β0), a set of k individual-level predictor variables xij—with their βi coefficients—the random error term at individual level (eij) plus the random error term at context level (u0j). Both error terms are assumed to be normally, identically [image: image]; and independently distributed (cov (u0j, eij) = 0). The distributions are defined as diagonal matrices with variance components in the diagonal elements and with zeros in the off-diagonal elements.

Individual-level variance is fixed as [image: image] = [image: image], as recommended by Goldstein et al. (2002) or Rasbash et al. (2009). The model is expressed in terms of the mean or expected value of γij for an individual i in a group j with a value xij. Individual terms predictors include the studied procedure, driving factors (e.g., how the individual decision changes when considering two different procedures) and sociodemographic features described in the previous section, plus relevant interactions among the variables at this level (e.g., if the influence of the considered procedure varies when considering potential savings, the quality or the waiting time for that specific operation).

A two-level random intercept model is sensitive to differences across country-level units, while concurrently holding all the effects constant across countries (Gelman and Hill, 2007), as random effects are only modeled regarding the error terms. Therefore, the effect of the included individual level variables is modeled as fixed for each given country. This model provides valuable information while representing the simplest model that could be derived. In order to generate evidence of the existence of country-specific trends in medical traveling previous to extent this methodology. Further developments could include random slopes models and more complex variance models (Rasbash et al., 2009), or alternatively revert to universal scenarios for parallels and predictors of pragmatic designs.

Although the random-intercept model is considered to be the most parsimonious of its class, it provides valuable information regarding the usefulness of the hierarchical linear model given the context. Firstly, a random-intercept model is the basis for demonstrating the necessity of multilevel models in a given data prior to the application of more complex multilevel models. Secondly, information about both, fixed and random effects could be obtained with an unbiased parameter estimation. The parameter estimates (and the corresponding estimation error) contain the relevant information for explaining the different trade-offs between the reasons, procedures and countries of destination, and how each of them are related to the decision of going abroad for medical care. Consequently, this model is expected to offer richer information than classical techniques for both, fixed and random effects defined therein. Multilevel logistic models allow not only parameter estimation for fixed and random effects, but also for cross-level effects, which is an important improvement over traditional multivariate analysis. The specific effect of driving factors (e.g., the impact of the cost of the procedure on the decision making process) or even the effects of second level units characteristics (e.g., geographical location of the country) can be estimated along with interactions between countries' and the driving factors or procedures They are not included in the previous formulation of the model for the sake of simplicity, but could be easily be incorporated to the model if needed, following the references previously provided.

CASE STUDY: APPLICATION TO MEDICAL TRAVEL DATA

Introduction to Zhukovsky et al. (2015) Medical Travel Data

Following the aforementioned approach, the proposed framework for collecting and analyzing medical travel was applied. An illustration of the methodology is provided in order to ease the comprehension of the previous theoretical approach, and to encourage researchers to confront the results thereupon presented with the evidence provided by alternative methods. Hence, both data and results presented hereafter are intended to be considered only as an example of the possibilities and flexibility of the presented method.

The method was illustrated by using data presented in Zhukovsky et al. (2015), and readers interested in further details on the dataset are referred to contact the authors of the paper. The data was collected under the auspice of the Global Health Access Project, developed by the Junior Researcher Programme, in May and August 2014. An online questionnaire was developed following the specifications abovementioned on this article. This dataset consisted of 3174 observations obtained from 529 participants, where the main characteristics of the sample can be found in Table 2. Only complete observations were included in the model, following the analysis decisions originally made by the authors in Zhukovsky et al. (2015). The decision to travel abroad (individual's response to undergo for medical care to a given country) differed across various attribute categories (Table 3), where procedure, reason and countries of destination were identified as the most influential factors both from a theoretical and statistical point of view. As indicated by Zhukovsky et al. (2015), an interaction between procedure and reason was observed and was included in the multilevel model presented here.

Table 2. Characteristics of study sample.
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Table 3. Frequency of agree to travel abroad due to medical purposes.
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Descriptive results (Table 3) show that individuals generally agree to travel for medical care, but the conditions surrounding that decision could play an important role for the final decision. Each individual responded to six questions that consisted of all six possible combinations of three procedures and two reasons and each of the six questions featured randomly assigned countries of destination. This design invites a hierarchical model where responses are nested within country. Therefore, the demographic variables, procedure, and reason are included in the model as first level variables (e.g., they are defined as fixed effects), nested in the country of destination (second level procedures, defined as random terms). Moreover, in order to illustrate the abovementioned approach, the consequent analysis will be restricted to be a random-intercept model with country of destination as the unique random term.

Random Intercept Model

Four multilevel models were included in the results. First, the null or unconditional model was created, including only the intercept and the random term (country of destination). Second, the unconditional model was expanded by including the main interest effects (procedure and reason). Thirdly, the interaction between the main effects was included, as it has been previously shown to play an important role in this analysis. Lastly, demographic variables described in Table 2 were included in the model as first level covariates to serve as control variables for the analysis of the main effects. Moreover, an additional single-level model was included for comparison purposes. This model includes all the fixed effects from the final model without the random term.

The reference categories were identified as follows: for procedure, the less invasive procedure (i.e., hip replacement) was selected as the reference category. For reason, cost was the reference category, as it was the most balanced procedure in terms of agreement and disagreement with traveling abroad for medical purposes. Female gender was the reference category for the named variable. Income and education were centered on their mode category (Income = Average income; Education = Master's degree, PhD, or equivalent). Three variables related to the evaluation of the home country's healthcare system were centered on their mean values. Any other variable was fixed to the categories that represented the absence of the referred variable (e.g., for “Previous Medical Travel Experience” the reference category was “No”).

All the models were estimated using restricted maximum likelihood with Gaussian-Hermite quadrature integration (10 integration points). ICC measures were provided in order to evaluate the percentage of variance due to the random effect. In order to evaluate the appropriateness of the specified models, AIC, BIC, and likelihood tests are used. R software (R Development Core Team, 2015) and lme4 package (Bates et al., 2015) were chosen as the software platform for performing the analysis.

Case Study Results

Parameter estimations for the fixed and random effects, as well as ICC, AIC, BIC, and likelihood ratio are presented in Table 4.

Table 4. Fixed effect estimates (top) and random effect estimates (bottom) for models of the predictors of agreeing to travel.
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Since adding interactive effects of procedure and reason and demographic effects improved the model fit, only the final model was interpreted. Firstly, ICC results shows that almost 20% variance in the first level units is accounted by the effect of the country of destination, demonstrating the necessity of taking this hierarchical structure into consideration for performing unbiased parameter estimation. Similarly, both AIC and BIC were decreasing within the nested models, and likelihood-ratio test is highly significant when comparing this model with a model without the fixed term demographic effects. Therefore, all the indicators reflect the adequacy of both the random intercept model and the model including the fixed term covariates for our data.

Results show that decisions to go abroad for medical purposes were influenced by several factors, and that those relationships were complex, with several factors interacting with each other.

Firstly, the odds of going abroad if a higher quality of the treatment was expected was 3.93 times the odds of agreeing to medical travel when considering the effect of the procedure's cost. Quality seems to be the most compelling factor when deciding to go abroad for medical traveling or not.

Moreover, an interactive effect between the procedure and the reason was found. When the procedure under consideration was heart valve replacement, the odds ratio between going abroad for this procedure was 2.13 times greater when considering shorter waiting time than when pondering costs. This effect was not found to be significant when the odds ratio were referring to the difference between the odds of deciding to go abroad for medical care between heart valve and hip replacement for quality and cost. Hence, it was observed that when individuals are faced with a highly invasive procedure (e.g., heart valve replacement), the associated time pressure is a highly relevant factor. However, when the procedure is less risky and less life threatening, the monetary cost become as important as waiting time. The interactive effect of waiting time or cost conditional upon the procedure was less important the main effect of quality, which is highlighted as the most influential of all the reasons analyzed here.

Demographic variables provide important information for creating profiles of medical travelers. Firstly, gender was not an influential variable in the decision-making process. Secondly, the odds of going abroad for medical care for individuals with high incomes are lower than the odds for those with average income by a 70%. Thirdly, the more educated an individual is, the less likely they are to decide to opt to receive medical treatment abroad. The odds of travel abroad for medical purposes for people who have only completed secondary school were 1.73 times higher than the odds for individuals with a Master or PhD or equivalent. Following the inverse relationship found to exist between education and medical traveling, the odds of agreeing to travel for care for individuals who completed their bachelor degree or equivalent were a 56% lower than the odds for individuals with a Master's degree, PhD, or equivalent.

Another important predictor of how likely an individual would be to decide to opt for medical travel is whether that individual has previously lived abroad. The odds of traveling for people living abroad for a time between 6 months and 1 year are 3.57 times higher than the odds of going abroad for medical purposes in individuals who spent less than 6 months abroad. Furthermore, the odds of deciding for medical travel for someone who has lived abroad more than 1 year are 6.18 times the odds of deciding for medical travel for someone who has not lived at least 6 months outside his/her home country.

Individual's perception of their own country's healthcare system was expected to be another important factor underlying their decision to undergo a medical procedure abroad. Again, the rating of the quality of the quality of the healthcare system is the most influential factor, as the odds for going abroad for medical care are decreased by 36% for each one-point increase of the quality rating. Furthermore, the odds of deciding for medical travel decreased by 25% with each increased point when evaluating waiting times. Surprisingly, the opposite effect was found when participants were asked to evaluate the cost of the healthcare system in their home country, whereby the odds of traveling increased by 30% for each increased point. While the effects of the rating of the cost and waiting time of the home healthcare are significant, they are less important (by means of the estimated odd ratio comparison) than the evaluation of the healthcare system's quality, which played a greater role than the other aspects of the healthcare in participants' home countries.

Lastly, previous medical travel experience was found to be negatively related with the decision to travel abroad for care, as the odds of an individual with previous experience are only 0.61 times the odds of deciding to travel for individuals without any previous medical travel experiences.

Regarding the comparison with the single-level model, BIC results indicated that the final multilevel model fits the data better than the single-level model. Given the known problems of both the likelihood-ratio test and AIC (Richards, 2005; Bolker, 2008), it is advised to proceed with caution when interpreting them. Both techniques have been shown to be extremely conservative when comparing linear mixed effects models, but no information regarding their behavior in generalized linear mixed models was found. In order to provide as many insightful results as possible, likelihood-ratio test and AIC were presented. Estimates for fixed effects for the single-level model were expected to be similar to those found in the final multilevel model condition that could occur when comparing models with highly balanced structures. In this case, the randomness of the given country when providing the test to the participants generated a structure where the number of observations per country was similar (M = 2.61, min 249, max 268). Estimated standard errors were smaller for the single-level model than for the final multilevel model. The differences between the standard errors of both models is due to the failure for the single-model to take into account the non-independence of the observations. The inclusion of the random term in the final multilevel model lead to less biased estimation (Bolker, 2008). Therefore, both empirical and theoretical considerations support the use of the final multilevel model.

Case Study Discussion

The multilevel approach previously presented is not only important for providing a correct estimation of the fixed parameters, but also for providing estimates of random effects of country of destination (Table 5). These results allow us to map trends on the medical travel market, whereby participants are more likely to agree to travel to north European countries (Germany and United Kingdom) and the USA for medical care. Australia and New Zealand complete the map of the most compelling countries when deciding to seek medical attention abroad. Southern Europe (Portugal and Malta) are less preferred destination for receiving medical care. On the other hand, Middle East (Dubai and Qatar) are not deemed as compelling options. Lastly, individuals tend to choose not to travel to countries in Southern-Asia (Thailand, Philippines and Singapore) for medical purposes.

Table 5. Percentage, estimated odd ratios, and estimated probability of participants willing to travel for care for each country.

[image: image]

This case study outlines some of the advantages of the multilevel method. Firstly, multilevel modeling can generate unbiased parameter estimates for the fixed effects when a hierarchical structure are present in the data. In addition to random effect estimation, multilevel models can also measure the variance that is explained by those random terms by means of the ICC, becoming an indicator of the importance of those random effects. Lastly, multilevel modeling critically improves upon the classical statistical techniques by increasing the inferential power of the analysis and by taking into account the effects of higher-level variables that arise due to the nested structure of the data. A direct comparison between the multilevel model mentioned above and a single-level model illustrates how the inclusion of random effect terms can improve the model fit and lead to less biased estimates.

Direct comparison with other tools (i.e., the LPC) is difficult and controversial, as the DCM estimation techniques differ radically from those employed in multilevel methods. Several challenges arise when attempting such a direct comparison. Firstly, neither background theories supporting our study or DCM studies (that usually encompass utility theory), nor the data collection methods are relatable, hence allowing for only speculative conclusions from these comparisons. Ignoring such caveats would lead to the situation of comparing results from statistical methods commonly derived from the generalized linear family and regression analysis, in a situation where those results could not be directly comparable without a common theoretical framework (that to our notice, not psychologist, not econometricians have developed yet). Nevertheless, as both classes of studies are based on statistical methods from the generalized linear family, the aforementioned benefits of using multilevel regression methods apply to both types of studies, and the presented recommendations could be also extended to those studies. Even without a direct comparison of these methods, it is possible to point out the advantages of multilevel models over DCM methods and their usefulness to various types of medical travel data.

Lastly, several limitations could also be identified in the dataset analyzed here. Above we only presented the case for the random-intercept model. It includes the assumption that every first level effect is fixed to be constant across all the second level units, but this assumption might not hold in real-world datasets. Therefore, researchers should be aware that complex models (e.g., random-slopes, random-intercept and random-slopes, multilevel with cross-levels effects) could represent alternatives that are more realistic. Sadly, the inclusion of new random effects comes with the price that more second level units should be incorporated in the model and that larger samples are needed.

In addition, 90% of the participants were from European countries, which reduces the generalizability of our findings to populations outside Europe regardless of the statistical technique used. Further discussion of this dataset and its limitations can be found in Zhukovsky et al. (2015).

DISCUSSION

Implication for Medical Travel Data Analysis

The motivation behind this article was to demonstrate a new method not only for the study of the decision-making processes in medical travel, but also the exploration of existing trade-offs involved in that decision, aiming to improve the quality of the research methods in the field relevant to health policy.

A new questionnaire has been theoretically implemented along with a complementary analytical method. Both are the result of the application of widely used techniques in other research areas (i.e., CA/DCM studies) to psychology and public health. This approach aimed to transfer these methodologies to our field of interest to improve the quality of the generated evidence. We argue that multilevel analyses provide richer inferences due to its greater power, hence generate more insightful evidence that can be used by policymakers to adjust their interventions. In addition, the multilevel approach helps elucidate the complex relationships between the studied moderators and a certain set of countries of destination. The effect of a destination country on the effects of the other variables on the decision-making process can now be individually analyzed. This goes significantly beyond what can be inferred from theoretical, artificial destinations or care options for direct use in application.

As illustrated by the case study, the application of multilevel modeling can provide reliable estimation of the coefficients for various variables, providing trustworthy information about how the different procedures and reasons interact to enhance or discourage individual's decision of going abroad due to medical reasons. Moreover, the effect of demographic factors (i.e., gender, education, or income) allows the development of medical traveler profiles.

Multilevel methods are increasingly common in social science data analysis due to their flexibility for assessing relationships among different units of analysis and their moderators, but have so far been rather scarce in policy research (Cascio and Aguinis, 2008). In the future, more widespread application of these more complicated, yet more sensitive models could serve to increase the reliability and power of public health policy research studies. In addition, identifying country-specific trends and patterns could help international agencies provide most relevant information to patients and national governments.

As researchers, our ultimate objective is to provide trustworthy information to governmental agencies, stakeholders and patients, leading to the generation of evidence-based policies. New methodologies should be implemented for and by researchers to be able to analyze complex relationships and moderated effects in both psychology and public health areas. Medical traveling is becoming a global and significant phenomenon, with important economic and social consequences. Its growing importance is reflected in the increasing number of publications in this area. Investing time and effort in developing new research designs would only revert on social gains, as the quality of the implemented policies grow. Consequently, the personal benefits of the implementation of these policies for clients and users would lastly be fostered.

Lastly, the research presented was intended to illuminate the benefits and the caveats of the application of multilevel modeling to medical travel phenomena. Four main conclusions may be drawn from this study:

1. There is a soundly theoretical ground for justifying the implementation of multilevel modeling in medical traveling. When studying social phenomena involving hierarchical structures with several units (i.e., different procedures, different countries, different traveling patterns), research should seek for applying the appropriate statistical methods (i.e., multilevel modeled).

2. The use of multilevel modeling does not only provide more accurate information of each of the second-level units (e.g., each of the countries), but is also able to disclose the complex relationships between the unit of the model and the predictors of the model. Therefore, specific and unique information can be obtained by using multilevel modeling (e.g., variance explained by the random effects), which is not accessible in an accurate fashion by means of using traditional techniques.

3. This information can be directly extrapolated to national agencies and shareholders, and could have a direct impact on the decision-making processes and policy development. Multilevel models do not only provide a more realistic representation of the medical travel, but encompasses the analysis of medical travel data into a well-known statistical framework.

4. When applied to empirical data, the use of multilevel model allowed an unbiased estimation of the random and the fixed effects and their standard deviations, being superior to its single-level counterpart (see Appendix A in Supplementary Material). Results confirmed that individuals are more likely to travel to countries in Northern Europe (England and Germany) and less likely to go to Southern-Asia countries. Regarding which factors drive the decision-making processes in medical traveling, treatment's quality was the most compelling factor. When individuals faced non-invasive procedures (i.e., hip replacement), the treatments' costs were considered as prominent as the waiting lists. Contrarily, when individuals confronted life-threating procedures (i.e., heart valve replacement), the waiting time was seen as more influential factor than the treatments' cost. In addition, individuals with lower SES, who had lived abroad for more than 1 year, with no previous medical traveling experience and with negative views of the quality, cost and waiting times from their own healthcare system were more likely to travel abroad for medical care.

Further Developments

The development of strong theoretical approaches is a priority for gathering scientific knowledge, but it needs to be confirmed with real data in medical travel. This study introduced a new data collection method, highlighting its strengths and limitations and criticized the lack of appropriate statistical techniques in the field of health policy. Instead, we propose and defend multilevel modeling as a promising way of detecting effects that so far have been overlooked due to the inadequacy of traditional DCM methods. The finding that estimated probabilities of agreeing to travel to a given country differ from descriptive evidence provides sound evidence of the importance of the fixed effects in the data. Multilevel methods are an excellent method of exploring these effects since they offer greater power to detect small and possibly interactive effects that may be driven by higher-level units such as destination country, at the same time relaxing the assumption of non-independence.

In addition, the sample of participants and/or countries involved should also be representative of the population under study and specific to the research question. Studies targeting different populations and different travel trends could be carried out under the proposed method with small modifications. Nevertheless, 90% of the analyzed sample was formed by individuals from European countries. Having such a high percentage of the sample located in a “single” world region could be stated as a limitation in both the original and this case study.

The proposed method is just an approximation to the rich world of multilevel analysis. Further developments should include a generalization of this method using other complex multilevel architectures. Moreover, random slope, or a random intercept and random slope model—considering the inclusion of cross-levels interactions—should be analyzed in future research. These new models could be implemented to generate new evidence in the field of medical travel. Particularly interesting would be the development of models with cross-levels effects including procedures, reasons, countries of destination and home country of the participants, in order to properly identify trends in medical travel, mapping the current medical markets and their evolution. Presenting an example of the previously theoretically developed approach, it is expected that researchers on the field would feel encouraged to explore not only the aforementioned alternatives, but to incorporate the study of multilevel models in their own research.

AUTHOR CONTRIBUTIONS

KR designed and supervised the project as well as all writing. EG defined the scope and objectives of the paper, plus was the primary contributor of writing. EG, PZ, EH, SP, DF, and KR reviewed the literature on the field and designed the data collection. EG, PZ, IM, DF, and VM provided the technical expertise. EG, KR, SP, EH, and DP wrote the paper. All the authors (EG, PZ, EH, SP, DP, DF, IM, VM, and KR) reviewed the manuscript, approving the final version of the paper.

ACKNOWLEDGMENTS

We thank Áine Maguire, Elena Felice, Ivica Simkovicova, Frederick Thielen, Yu Zijun, and the Junior Research Programme 2013-2014/2014-2015 cohorts for their collaboration.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: http://journal.frontiersin.org/article/10.3389/fpsyg.2016.00752

REFERENCES

 American Psychological Association, Task Force on Socioeconomic Status. (2007). Report of the APA Task Force on Socioeconomic Status. Washington, DC American Psychological Association.

 Austin, P. C., Manca, A., Zwarenstein, M., Juurlink, D. N., and Stanbrook, M. B. (2010). A substantial and confusing variation exists in handling of baseline covariates in randomized controlled trials: a review of trials published in leading medical journals. J. Clin. Epidemiol. 63, 142–153. doi: 10.1016/j.jclinepi.2009.06.002

 Austin, P. C., Tu, J. V., and Alter, D. A. (2003). Comparing hierarchical modeling with traditional logistics regression analysis among patients hospitalized with acute myocardial infarction: should we be analyzing cardiovascular outcomes data differently? Am. Heart J. 145, 27–35. doi: 10.1067/mhj.2003.23

 Bates, D., Maechler, M., Bolker, B., and Walker, S. (2015). Fitting linear mixed-effects models using lme4. J. Stat. Softw. 67, 1–48. doi: 10.18637/jss.v067.i01

 Burge, P., Devlin, N., Appleby, J., Rohr, C., and Grant, J. (2005). London Patient Choice Project Evaluation: A Model of Patient's Choices of Hospital from Stated and Revealed Preference Choice Data. Cambridge; London: RAND Europe, King's Fund and City University.

 Bolker, B. M. (2008). Ecological Models and Data in R. Princeton, NJ: Princeton University Press.

 Bolker, B. M., Brooks, M. E., Clark, C. J., Geange, S. W., Poulsen, J. R., Stevens, M. H. H., et al. (2009). Generalized linear mixed models: a practical guide for ecology and evolution. Trends Ecol. Evol. 24, 127–135. doi: 10.1016/j.tree.2008.10.008

 Cascio, W. F., and Aguinis, H. (2008). Research in industrial and organizational psychology from 1963 to 2007: changes, choices and trends. J. Appl. Psychol. 93, 1062–1081. doi: 10.1037/0021-9010.93.5.1062

 Cherchi, E., and Ortúzar, J. D. D. (2007). Use of mixed revealed-preference and stated-preference models with nonlinear effects in forecasting. transportation research record. J. Transport. Res. Board. 1977, 27–34. doi: 10.3141/1977-06

 Damman, O. C., Spreeuwenberg, P., Rademakers, J., and Hendriks, M. (2011). Creating compact comparative health care information: what are the key qualities attributes to present for cataract and total hip or knee replacement surgery? Med. Decis. Making 32, 287–300. doi: 10.1177/0272989X11415115

 Duncan, C., Jones, K., and Moon, G. (1998). Context, composition and heterogeneity. using multilevel models in public health research. Soc. Sci. Med. 46, 97–117. doi: 10.1016/S0277-9536(97)00148-2

 Exworthy, M., and Peckham, S. (2006). Access, choice and travel: implications for health policy. Soc. Policy Adm. 40, 267–287. doi: 10.1111/j.1467-9515.2006.00489.x

 Gallup Organization (2007). Cross-Border Health Services in the EU. The Gallup Group.

 Gelman, A. (2006). Multilevel (hierarchical) modeling: what it can and cannot do. Technometrics. 48, 432–435. doi: 10.1198/004017005000000661

 Gelman, A., and Hill, J. (2007). Data Analysis Using Regression and Multilevel/Hierarchical Models. Cambridge: University Press.

 Gill, H., and Singh, N. (2011). Exploring the factors that affect the choice of destination for medical tourism. J. Serv. Sci. Manag. 4, 315–324. doi: 10.4236/jssm.2011.43037

 Goldstein, H., Browne, W., and Rasbash, J. (2002). Partitioning variation in multilevel models. Underst. Stat. 1, 223–231. doi: 10.1207/S15328031US0104_02

 Hanefeld, J., Smith, R., Horsfall, D., and Lunt, N. (2014). What do we know about medical tourism? A review of the literature with discussions of its implications for the UK National Health Service as an example of a public health care system. J. Travel Med. 21, 410–417. doi: 10.1111/jtm.12147

 Horowitz, M. D., Rosensweig, J. A., and Jones, C. A. (2007). Medical tourism: globalization of the healthcare marketplace. Med. Gen. Med. 9:33.

 Hox, J. (2002). Multilevel Analysis: Techniques and Applications, Mahwah, NJ Lawrence Erlbaum Associates.

 Hox, J., van de Schoot, R., and Matthijsse, S. (2012). How few countries will do? comparative survey analysis from a bayesian perspective. Surv. Res. Methods 6, 87–93. doi: 10.18148/srm/2012.v6i2.5033

 Johnston, R., and Crooks, V. A, Snyder, J. (2012). “I didn't even know what I was looking for”: a qualitative study of the decision-making processes of Canadian medical tourists. Global. Health 8, 23. doi: 10.1186/1744-8603-8-23

 Jotikasthira, N. (2010). Salient Factors Influencing Medical Tourism Destination. Choice. Thesis, Southern Cross University.

 Julian, M. (2001). The consequences of ignoring multilevel data structures in nonhierarchical covariance modeling. Struct. Equation Model. 8, 325–352 doi: 10.1207/S15328007SEM0803_1

 Keckley, P. H., and Underwood, H. R. (2008). Medical Tourism: Consumers in Search of Value. Washington, DC: Deloitte Centre for Health Solutions.

 Kolstad, J., and Chernew, M. (2009). Quality and consumer decision making in the market for health insurance and health care services. Med Care Res. Rev. 66, 28–52. doi: 10.1177/1077558708325887

 Lako, C. J., and Rosenau, P. (2009). Demand-driven care and hospital choice. Dutch health policy toward demand driven care: results from a survey into hospital choice. Health Care Anal. 17, 20–35. doi: 10.1007/s10728-008-0093-9

 Lunt, N., and Carrera, P. (2010). Medical tourism: assessing the evidence on treatment abroad. Maturitas 66, 27–32. doi: 10.1016/j.maturitas.2010.01.017

 Louviere, J. J., Flynn, T. N., and Carson, R. T. (2010). Discrete choice experiments are not conjoint analysis. J. Choice Model. 3, 57–72. doi: 10.1016/S1755-5345(13)70014-9

 Louviere, J. J., Hensher, D. A., and Swait, J. D. (2000). Stated choice methods: analysis and application. J. Appl. Econom. 17, 701–704. doi: 10.1017/cbo9780511753831

 Lunt, N., and Mannion, R. (2014). Patient mobility in the global marketplace: a multidisciplinary perspective. Int. J. Health Policy Manag. 2, 155–157. doi: 10.15171/ijhpm.2014.47

 Lux, S., Crook, T. R., and Woehr, D. J. (2011). Mixing business with politics. a meta-analysis of the antecedents and outcomes of corporate political activity. J. Manag. 37, 223–247. doi: 10.1177/0149206310392233

 Mark, T. L., and Swait, J. (2004). Using stated preference and revealed preference modeling to evaluate prescribing decisions. Health Econ. 13, 564–573. doi: 10.1002/hec.845

 Marlowe, J., and Sullivan, P. (2007). Medical tourism: the ultimate outsourcing. HR. Hum. Resour. Plann. 30, 8–10.

 Noree, T., Hanefeld, J., and Smith, R. (2014). UK medical tourists in Thailand: they are not who you think they are. Global. Health. 10:29. doi: 10.1186/1744-8603-10-29

 Peugh, J. L. (2010). A practical guide to multilevel modeling. J. Sch. Psychol. 48, 85–112. doi: 10.1016/j.jsp.2009.09.002

 Pinheiro, J. C., and Bates, D. M. (2000). Mixed-Effects Models in S and SPLUS. New York, NY: Springer. doi: 10.1007/978-1-4419-0318-1

 Pinheiro, J. C., and Chao, E. C. (2006). Efficient Laplacian and adaptive gaussian quadrature algorithms for multilevel generalized linear mixed models. J. Comput. Graphical Stat. 15, 58–81. doi: 10.1198/106186006X.96962

 R Development Core Team (2015). R: A Language and Environment for Statistical Computing. Vienna: R Foundation for Statistical Computing, Vienna. Available online at: http://www.R-project.org

 Rasbash, J., Steele, F., Browne, W. J., and Goldstein, H. (2009). A User's Guide to MLwiN, Vol. 2.10. Centre for Multilevel Modeling, University of Bristol.

 Raudenbush, S. W., and Bryk, A. S. (2002). Hierarchical Linear Models, 2nd Edn. Thousand Oaks: Sage Publications.

 Rice, M., and Leyland, A. (1996). Multilevel models: applications to health data. J. Health Serv. Res. Policy 1, 154–164.

 Richards S. A. (2005). Testing ecological theory using the information-theoretic approach: examples and cautionary results. Ecology 86, 2005, 2805–2814. doi: 10.1890/05-0074

 Ricketts, T. C., Greene, S., Silberman, P., Howard, H. A., and Poley, S. (2004). Evaluation of Community Care of North Carolina Asthma and Diabetes Management Initiatives: January 2000-December 2002. Raleigh, NC: Cecil G. Sheps Center for Health Services Research.

 Ryan, M., Gerard, K., and Amaya-Amaya, M. (2008). Using Discrete Choice Experiments to Value Health and Health Care, Vol. 11. Dordrecht: Springer.

 Ryan, M., Gerard, K., and Currie, G. (2012). “Using discrete choice experiments in health economics,” in Elgar Companion to Health Economics, 2nd Edn., eds A. M. Jones (Cheltenham: Edward Elgar Publishing Ltd.), 437–446.

 Ryan, M., and Gerard, K. (2003). Using discrete choice experiments to value health care programmes: current practice and future research reflections. Appl. Health Econ. Health Policy 2, 55–64.

 Singer, J. D., and Willett, J. B. (2003). Applied Longitudinal Data Analysis: Modeling Change and Event Occurrence. New York, NY: Oxford University Press.

 Small, K. A., Winston, C., and Yan, J. (2005). Uncovering the distribution of motorists' preferences for travel time and reliability. Econometrica 73, 1367–1382. doi: 10.1111/j.1468-0262.2005.00619.x

 Snijders, T. A. B., and Bosker, R. J. (2012). Multilevel Analysis: An Introduction to Basic and Advanced Multilevel Modeling, 2nd Edn. London: Sage Publications.

 Stegmueller, D. (2013). How many countries for multilevel modeling? A comparison of frequentist and bayesian approaches. Am. J. Polit. Sci. U.S.A. 57, 748–761. doi: 10.1111/ajps.12001

 Varkevisser, M., van der Geest, S. A., and Schut, F. T. (2007). Why do patients bypass the nearest hospital? An empirical analysis for orthopaedic care and neurosurgery in the Netherlands. Eur. J. Health Econ. 8, 287–295. doi: 10.1007/s10198-006-0035-0

 Victoor, A., Delnoij, D. M. J., Friele, R. D., and Rademakers, J. J. D. J. M. (2012). Determinants of patient choice of healthcare providers: a scoping review. BMC Health Serv. Res. 12:272. doi: 10.1186/1472-6963-12-272

 Watson, V., and Ryan, M. (2010). Valuing Patient Experience Factors in the Provision of Chlamydia Screening. Aberdeen: HERU Briefing Paper, University of Aberdeen.

 Wolfinger, R., and O'Connell, M. (1993). Generalized linear models: a pseudo-likelihood approach. J. Stat. Comput. Simul. 48, 233–243.

 Zhang, H., Lu, N., Feng, C., Thurston, S. W., Xia, Y., and Tu, X. M. (2011). On fitting generalized linear mixed-effects models for binary responses using different statistical packages. Stat. Med. 30, 2562–2572. doi: 10.1002/sim.4265

 Zhukovsky, P., Ruggeri, K., Garcia-Garzon, E., Plakolm, S., Haller, E., Petrova, D., et al. (2015). Global health policy and access to care: investigating patient choice on an international level using social media. Front. Public Health 3:284. doi: 10.3389/fpubh.2015.00284

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2016 Garcia-Garzon, Zhukovsky, Haller, Plakolm, Fink, Petrova, Mahalingam, Menezes and Ruggeri. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) or licensor are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fpsyg-07-00752-t005.jpg
Country  Sample agreement  Estimated odds Estimated probability

to travel (%) ratios for travel of travel (%)
Australia 728 128 56.1
Dubai 660 086 464
Germany 916 419 8.7
Great Bitain 8.1 365 785
Mata 700 1.01 503
New Zealand 737 138 580
Philppines 414 029 228
Portugal 680 1.00 500
Qatar 57.8 062 383
Singapore 567 055 37
Thailand 425 028 2186
United States 740 1.49 598

of America





OPS/images/inline_1.gif
oy ~ N(0.Q) 0 Qu= o |; & ~ N (0,Q):Q = [oZ]






OPS/images/fpsyg-07-00752-t003.jpg
Condition Value Percentage of agreement to travel (%)

Would agree to travel 669
BYPROCEDURE
Hip Replacement 640
Heart Valve 698
BYREASON
Qualty 820
Waiting Time 635
Cost 554
Australia 728
Dubai 660
Germany 916
Great Britain 891
Malta 700
New Zealand 737
Philippines 414
Portugal 680
Gatar 578
Singapore 567
United States of America 740

Thailand 25






OPS/images/fpsyg-07-00752-t004.jpg
Parameters® Nullmodel ~ Maineffects  Maineffectsand  Final model  Single-level model
interaction

Intercept 2.24(1.26)" 112(1.27) 1.38(1.29) 471(1.62) 5.73(1.49"
Procedure

Heart valve replacement 1.36(1.08)" 097 (1.14) 1.00 (1.15) 098 (1.14)
Reason

Waiting List 1.46 (1.09)" 1.01(1.14) 0.99(1.15) 1.00(1.14)

Qualty 4.26(1.4) 376 (1.16)" 398 (1.15)" 352(1.16)"
Procedure x Reason

Heart valve replacement x Wating list 219(121)" 2143(1.22 247 (121

Heart valve replacement x Quality 1.27 (1.24) 1.31(1.25) 127 (1.23)
Income

Below Poverty 064 (1.36) 049 (1.3

Low 0.84(1.18) 0.75(1.17)

Above Average 067 (120 080(1.19)

Very High 0.30 (1.48)" 0.37 (1.45)"
Time Abroad

Between 6 months and 1 year BAT (117"

More than a year 664(1.29) "
Rating of local healthcare

Waiting list 0.75(1.10) 0.75 (1.0

Cost 1.30 (100 1.19(1.08)

Qualty 64(1.10"" 0.6(1.10"
Education

Secondary School 173(121)" 14(120)

Vocational School 1.25(1.22) 1.05(1.21)

Bachelor Degree or eq. 044(1.21)" 045(1.19
Previous medical travel

Experience in medical travel 061 (1287 059(1.26)*
Gender

082(1.17) 08(1.16)

Level 2 (Country of destination)

Intercept 180 (2.16) 193 (2.24) 1.94(2.24) 1.99(2.29) -
Model summary

1cc - 16.70% 16.77% 21.07% -
Deviance statistic 3774 34881 3470 32048" 35901
AC 3708 3498.1 3527.1 33368 3630.1
BC 37208 3528.4 34848 3463.9 37512

Al the results are presented as odd ratios with standard errors in parentheses *Significant at 0.05 level. **Significant at 0.01 level.





OPS/images/math_1.gif
-

= o+ iz +Baxy +

+ By + o +





OPS/images/inline_2.gif





OPS/images/inline_3.gif
w| ¥,





OPS/images/math_4.gif





OPS/images/fpsyg-07-00752-t001.jpg
Countries Procedures. Driving
factors.

Australia Heart valve Qualty
replacement

Dubai Hip replacement  Cost

Germany Waiting
list

Great Britain
Malta

New Zealand
Phiippines
Portugal

Qatar
Singapore
United States of
America

Thailand

Demographic
measures

Previous medical
raveling experience

Home country quality
Home country cost

Home country waiting list
Socioeconomic Status
Income
Employment status.
Gender





OPS/images/fpsyg-07-00752-t002.jpg
Variable  Value Freq. % Mean (D)

Female 678
Age 27.6(10.36)

No 96.0

Europe’ 87.7
Other 123
Master Degroe, PhD or eq. 436
Bachelor Degree or q. 209
Secondary School 190
Higher Vocational Training 65
Very high 17
Above average 221
Average 435
Low 208
Bolow poverty 29
MIMEABROAD
No time abroad 62.1
Between 6 months and 1 year 145
More than a year 233
Quality 3.7(0.98)
Waiting 27(113)
Cost™ 35(1.11)

“Europe = Germany; Slovenia, UK, Spain, and other countries **Vales refer to a Likert
scale ranging from one to five, with 1 = very negative, 2 = negative 3 = neutral, 4 =






OPS/images/math_3.gif
eii~N(0, ;) : Q= [0]]





OPS/images/math_2.gif
ugi~N(0, ;) : Q= [o]]





OPS/images/cover.jpg
, frontiers
in Psychology

Multilevel Modeling and Policy
Development: Guidelines and
Applications to Medical Travel









OPS/images/crossmark.jpg
®

o fark





OPS/images/logo.jpg
, frontiers
in Psychology





