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Editorial on the Research Topic
 Contemporary Medicine: Making Sense of Implementation Models and Methods




ARE STATISTICAL-MATHEMATICAL MODELS SUITABLE FOR STUDYING HUMAN DISEASES?

The practice of medicine, defined as “science and art of diagnosing and treating disease or injury” and, more recently, even “promoting preventive health care to improve patient well-being,” is more and more guided by statistical-mathematical models that are, indisputably, helpful tools, nonetheless they are subjective, fallible and, thus, confutable. Given that statistics may be more or less adequate, the appropriate use of models and their output can contribute to effective preventive, diagnostic and treatment strategies, however, misuse or misinterpretation of their output can mislead decision-making. In the early'90, to summarize probabilistic data and provide practical guidance to clinical decision making, we sought the birth of the evidence-based model and the diffusion of guidelines developed accordingly (1, 2). Nowadays this system, subject to public or private funding since guidelines are drafted by invited experts, represents the summation of multiple instances, on the one hand the idea of rationalizing the medical intervention, based on available scientific evidences, in order to contain the costs and to build a better system of health care in the public domain and, on the other hand, to provide a legal protection that allows physicians to preserve a wide professional autonomy (Ciulla). Besides, it should also be pointed out that in clinical practice a systematic assessment of health outcomes with post-study probability tests is needed to confirm the intervention effectiveness (3, 4) and, unfortunately, this doesn't happen often.

In this Research Topic, we collected critical reviews and original papers on the use of guidelines in clinical practice to provide and evaluate research methodologies developed for the improvement of patient care, for a better understanding and guiding of clinical decisions, as well as the implementation of new models.

The promise of digital technologies and data science to transform healthcare (5) is discussed in the light of compelling ethical, legal, and social challenges, by Cordeiro. When processing large quantities of health data, from different sources, the Author, against the risks of dehumanization of care, claims a normative framework in order to promote fairness, inclusiveness, creativity and innovation in health.

The goal of implementation science is to close the gap between evidence-based practices and the extent to which research findings are integrated into real world settings and practices (6). In such perspective, Huybrechts et al. in their review discuss the implementation of complex interventions within primary care practices by mapping existing theories, models, and frameworks from implementation science and combined insights across various disciplines. As a part of efforts intended to improve goal oriented care, self-management, and inter-professional collaboration, the Authors summarize three core phases to develop an overarching implementation model, development, translation and sustainment, and three main components, the intended change, the context and the implementation strategies.

A method to close the gap between research and practice consists in mixing design components of clinical effectiveness and implementation research in effectiveness-implementation hybrid design studies; unfortunately, translating these strategies into routine practice, especially in resource-constrained settings, is an arduous task. The results of a primary care-based integrated mobile health intervention for stroke management in Rural areas of China is discussed in the original paper by Gong et al. to describe the implementation indicators, related enablers and barriers, and illustrate some potential impact pathways that may influence the effectiveness of the intervention. The key factors identified to build an effective doctor-patient alliance, based on acceptance and fidelity on voice messages and follow-up visits, consists in supporting village doctors in clinical decision-making by training, financial compensation, and support from experienced physicians.

Statistical-mathematical models are often used to predict event outcomes and nomograms, representing geometrically the intersection of variables, are practical tools to provide rapid calculations. In the paper by Xu et al., a predictive model, consisting in a nomogram for identifying patients with acute decompensated cirrhosis at high-risk for readmission to the hospital, is proposed; the model, developed retrospectively on four independent clinical and laboratory indicators for each patient, may facilitate the development of effective interventions to reduce readmission rates.

Another predictive model is developed by Yu et al. combining data visualization and machine learning to predict the metabolic syndrome phenotype, especially in non-obese subjects where prevention is still challenging. As we know, artificial intelligence uses algorithms to learn and improve from experience and/or data without being explicitly programmed giving a perspective on the complicated relationships between metabolic components and potential risk factors.

Fragility fractures, even as pain experience, are very common in the elderly and, often, correlated; in the review by Chen et al. this relationship is analyzed supporting that frail patients with fractures were suffering from a continuous risk of pain exceeding the “typical” length of time assumed as essential for curing and resolution of pain. Thus, medical teams should develop treatment and rehabilitation protocols to prevent or reduce the pain of post-fracture, including meditation, exercises, and integrated physical treatment.

The zero-markup policy for essential drugs, a central point of the Chinese health reform started in 2009 (7), plays an important role in decreasing the cost of drugs for chronic diseases, such as type 2 diabetes, hypertension, metabolic syndrome, coronary heart disease, and cancer; Liu et al. in their systematic review discuss the effects of this policy on healthcare costs and utilization in China in the years 2015–2021 supporting a lower drug cost to patients but a rise in other expenditure categories such as healthcare services “induced” by physicians or response to unmet needs in the population.

High-dimensional data are unintuitive and difficult to interpret and derive insights, in the perspective article Bae et al. suggest to dimensionally reduce data by using pattern identification found in traditional Asian medicine, a diagnostic system using a limited amount of computation, to evaluate patient's clinical symptoms and signs and classify them. While this approach may appear biased by the underpinned heuristic system of belief in comparison to pathogen-based diagnosis, it provides an intuitive foundation for inductive reasoning.

Finally, when facing how to build a better healthcare system, a model of prevention/intervention, with a plausible design, is unavoidable, nonetheless, in the clinical setting, the application of a model requires a verification strategy, with a systematic assessment of its impact on health outcomes with post-study probability testing (Ciulla), and a continuous on-going refinement.
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Introduction: A third of the world's population is classified as having Metabolic Syndrome (MetS). Traditional diagnostic criteria for MetS are based on three or more of five components. However, the outcomes of patients with different combinations of specific metabolic components are undefined. It is challenging to be discovered and introduce treatment in advance for intervention, since the related research is still insufficient.

Methods: This retrospective cohort study attempted to establish a method of visualizing metabolic components by using unsupervised machine learning and treemap technology to discover the relations between predicting factors and different metabolic components. Several supervised machine-learning models were used to explore significant predictors of MetS and to construct a powerful prediction model for preventive medicine.

Results: The random forest had the best performance with accuracy and c-statistic of 0.947 and 0.921, respectively, and found that body mass index, glycated hemoglobin, and controlled attenuation parameter (CAP) score were the optimal primary predictors of MetS. In treemap, high triglyceride level plus high fasting blood glucose or large waist circumference group had higher CAP scores (>260) than other groups. Moreover, 32.2% of patients with high CAP scores during 3 years of follow-up had metabolic diseases are observed. This reveals that the CAP score may be used for detecting MetS, especially for the non-obese MetS phenotype.

Conclusions: Machine learning and data visualization can illustrate the complicated relationships between metabolic components and potential risk factors for MetS.

Keywords: machine learning, metabolic syndrome, non-obese phenotype, data visualization, preventive medicine, artificial intelligence


INTRODUCTION

Because of the increasing prevalence of obesity, metabolic syndrome (MetS) has become a common metabolic disorder. There are several diagnostic criteria for MetS including National Cholesterol Education Program's Adult Treatment Panel III (ATP III), Modified ATP III for Asians, International Diabetes Federation (IDF) Criteria, National Heart, Lung, and Blood Institute (NHLBI) Criteria, and Joint Interim Statement of the International Diabetes Federation Task Force on Epidemiology and Prevention; National Heart, Lung, and Blood Institute; American Heart Association; World Heart Federation; International Atherosclerosis Society; and International Association for the Study of Obesity (JIS) (1–4). A comparison of the above diagnostic criteria for MetS, which is relevant for Asians can be found in Supplementary Table 1. In general, these different Mets criteria are very similar, all of them looks at the presence of ≥ three anthropometric characteristics or clinical factors as listed below: large waist circumference (WC), high triglyceride level (TG), high blood pressure (BP), high fasting blood glucose (FBG), and low high-density lipoprotein (HDL) cholesterol level. When evaluating Mets for Asians, the modified ATP III, JIS, and NHLBI criteria are almost identical. The IDF criteria are the most different from the above three criteria as the criteria insist that a Mets person must have abdominal obesity.

In previous studies, Beydoun et al. assessed the adiposity indices for MetS from a cohort data, the performance of detecting MetS was 0.680 and 0.733 for men using body fat mass and WC, respectively, and women (0.581 vs. 0.686) (5). Zhang et al. used a routine biomarker-based risk in Cox regression to predict MetS in an urban Han Chinese population, the performance was 0.796 and 0.897 for males and females (6). Both studies only had a better performance on females, and the selection of predictors is not objective and automated.

Non-alcoholic fatty liver disease (NAFLD) is a common comorbidity that is correlated with overweight and MetS. NAFLD is now primarily considered as a hepatic manifestation of MetS. Nevertheless, plenty of research has shown that NAFLD affects not only the liver but other chronic diseases such as chronic kidney disease (CKD), type 2 diabetes mellitus, and cardiovascular disease. Therefore, many chronic MetS-related diseases are directly caused by NAFLD, and better diagnoses and therapies of fatty liver disease are highly necessary (7–11). Currently, the detection of NAFLD has been enhanced with the capability of quantifying hepatic steatosis via measuring ultrasonic attenuation at the central frequency of the Fibroscan, termed the controlled attenuation parameter (CAP) (12–14). Previous study has found that CAP score alone can detect Mets with reasonable high accuracy of 0.79 and the combined use with machine learning can improve Mets accuracy detection to 0.904 (15, 16).

Machine learning is an artificial intelligence technique in which can the algorithm automatically learns and improves from experience or large amounts of data without being explicitly programmed. The kernel of machine learning is a statistical analysis that provides a powerful and purposeful method of observing specific patterns and correlations in health care issues by exploring undiscovered data, resulting in the establishment of data-driven prediction models (16–21). Several clinical issues—such as chronic kidney disease, postoperative sepsis, and alexithymia in fibromyalgia—have been explored using machine learning (22–24).

Data visualization is a useful technique that enhances clinicians' ability to analyze and summarize complex and large volumes of clinical data. Treemap visualization in particular is a conceivably advantageous method of visualizing clinical health care data. It enables the representation of high-dimensional hierarchical data in one diagram (21, 25, 26).

In this study, we will like to combine the use of data visualization and machine learning to find out if different levels of Mets will have different prediction accuracies. This is because the non-obese MetS population is difficult to discover, and this population is always the most challenging target in preventive medicine. In addition, we will like to find out if the CAP score alone can detect non-obese patients, as currently there are limited tools to detect non-obese patients without the invasive blood draw and inconvenient starvation. Use of CAP score for screening offers the clinical advantage of non-invasiveness, and no requirement for overnight starvation.



METHODS


Setting and Study Design

This retrospective cohort study was executed at Taipei Medical University Hospital (TMUH), a private teaching hospital with 800 beds in Taiwan. The electronic health care records of all participants were analyzed. The ability of treemap visualization and supervised machine learning to cluster different combinations of five metabolic components was assessed using patients who took a self-paid health examination at the Healthcare Center (HC) of TMUH, which has approximately 60 visits per day. This study was approved by the Institutional Review Board of TMUH (TMU-JIRB No.: N202003088).



Data Collection and Criteria

Patients had to meet the following inclusion criteria: older than 17 years, underwent a self-paid health examination at the HC of TMUH between March 2015 and May 2019, and underwent abdominal transient electrography inspection using the FibroScan 502 Touch (Echosens, Paris, France).

All patients underwent the regular processes of the HC (Supplementary Table 2). The blood samples required were collected from laboratory tests, and other anthropometric characteristics were also recorded (Supplementary Table 3). The definitions of measurement cut-offs and calculations are presented in Supplementary Tables 1, 4. The included patients were than follow-up for 3 years at Taipei Medical University Hospital (Figure 1), and it was found that ~60% of patients do not have follow-up data.


[image: Figure 1]
FIGURE 1. Flowchart from data collection to clinical follow-up. Multimodal Data. The input variables are divided into three types of sources in the clinical data collection. The detail list of inputs can be found in Supplementary Table 3. AI-Based Analysis. This study used both supervised machine learning model and unsupervised machine learning along with data visualization techniques. Clinical Follow-up. The result of the AI-based analysis feedback to physicians, and the physicians investigate the outcome of the patients through EMRs screening.




Statistical Analysis

The chi-square test and Kruskal–Wallis rank sum test were used to compare the groups of various participants with different numbers of metabolic components. Descriptive characteristics were also analyzed and are presented as discrete or continuous variables with frequencies or percentages and medians or interquartile ranges, respectively. A box plot was drawn for presenting data distributions and comparing groups. Multinomial stepwise logistic regression was used to determine which variables had significant differences and the odds ratios among the groups of patients with different numbers of metabolic components. Receiver operating characteristic (ROC) curves were plotted to demonstrate the diagnostic ability of machine-learning prediction models for MetS. Model performance was measured using c-statistic, sensitivity (recall), and specificity in ROC plots (27, 28).

Figure 1 describes the procedure of this study from data collection to clinical outcomes. In data preprocessing, multimodal data were summarized; a series of machine learning models were then constructed, and statistical analyses were performed. A feedback mechanism was working clinically as a prospective survey when remarkable findings were obtained by the machine learning models. A recommended threshold of risk factor was targeted before clinical physician scrutinized the potential MetS patients' follow up (16).



Machine Learning

Several supervised machine-learning models—k-nearest neighbor classification (KNN), linear discriminant analysis (LDA), logistic regression for classification, ensemble learning, support vector machine (SVM), naive Bayes classification (NB), and hierarchical clustering analysis (HCA)—were also executed using R (version 3.6.3). The factors used as input to each machine learning models were listed in Supplementary Table 3. And a series of data preprocessing, including structured query language command, database merging and text mining, were applied to integrate these databases in the study.

KNN has relatively simple implementation and is robust because the classes do not have to be linearly separable in the searching space. This advantage was the reason it was applied to missing value mutation in our study (29, 30). Variables will be excluded if the number of missing values is more than 10% of the sample size in this study.

LDA is a statistical method in which a linear combination of features separating two or more classes of objects is located. It can handle multivariate problems because its linear combination is more commonly used for dimensionality reduction before classification (31, 32).

Logistic regression is usually used in machine learning for classification because the probability of some obtained event is represented as a linear function of a combination of predictor variables. The technique is used when the response variable is categorical in nature, for instance, when it has the value yes/no or true/false. In contrast to linear regression, a linear relationship between dependent and independent variables is not required (33).

The main advantage of ensemble models in machine learning is that decisions from multiple models are combined to improve overall performance (34, 35). Random forest is a parallel ensemble method used for classification, regression, or other applications and is based on the structure of a decision tree. It eliminates the possibility of bias that a decision tree model may induce in the system. Moreover, it improves the predictive power considerably (36). Adaptive boosting (AdaBoost) is a sequential ensemble method in which the base learners are generated in series. The underlying purpose of sequential learning is to use the dependence between the base learners, and overall performance can be improved by giving previously mislabeled samples higher weights in the sequential training processes (37, 38).

SVM model constructs a hyperplane or set of hyperplanes in a high-dimensional space, which is used for classification, regression, or outlier detection. Although SVM performs relatively favorably when a clear margin of separation exists between classes, and it is effective in high-dimensional spaces (39).

NB classifiers are probabilistic classifiers based on the use of Bayes' theorem with naive assumptions of independence between features. They are simple and easy to implement and do not require as much training data as other methods. The leading advantage of NB classification is that it is highly scalable with the number of predictors and data points (40).

The machine learning algorithms were executed in R program, the library, package and function using in this study are listed in Supplementary Table 5.



Data Visualization

In data analysis, visualization is always the most intuitive and sufficient method of exploring a specific pattern in data reflecting unknown or complicated issues. In this study, we used an unsupervised learning model called HCA in heatmap and a large and complex data-mapping technique called treemap to depict the characterization of metabolic components, because these approaches clearly enable recognition of special patterns in high-dimensional data through the use of gradient colors and grids of different areas (26, 41).




RESULT

The statistical distribution and differences between patient groups with different numbers of metabolic components are shown in Table 1. The combinations of metabolic components are listed in Supplementary Table 6. Stepwise multinomial logistic regression reveals the odds ratios, compared with the healthy group without any metabolic components, among the significant variables in Table 2. When the number of metabolic components increases, a significant difference was observed in several predictors, such as age, body mass index (BMI), gamma-glutamyl transferase (γGT), CAP score, serum uric acid (UA), cholesterol, low density lipoprotein (LDL), and glycosylated hemoglobin (HbA1C) (p < 0.01).


Table 1. Descriptive statistics and non-parametric multinomial test for multiple levels of metabolic syndrome in health examination data.

[image: Table 1]


Table 2. Multinomial stepwise logistic regression analysis of risk factors related to metabolic syndrome.
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In the treemaps presented in Figure 2 and Supplementary Figure A, gradient colors display specific patterns of significant predictors comparing groups with different numbers of metabolic components. The non-obese potential MetS populations are highlighted with color rectangles as comparison in treemaps. In Figure 2, the upper panel on BMI shows there is general positive correlation between BMI and waist circumference (WC). However, the highlighted yellow rectangles show some patients without elevated WC/ has low BMI, and yet many of these subjects have Mets. CAP score. Figure 2's lower panel on CAP score, shows the distribution of CAP score for different types of subjects. The highlighted red rectangles show the non-obese subjects, where the mean of CAP score is ~260.


[image: Figure 2]
FIGURE 2. Treemaps of significant predictors within different combinations of metabolic components for non-MetS and MetS subjects. Body mass index (BMI) is the upper panel and CAP score is the lower panel.


Unsupervised hierarchical clustering determined the similarity and classification between groups with different numbers of metabolic components; the corresponding heatmap is displayed in Figure 3. Patients with similar physiological records were clustered into the same group via hierarchical clustering analysis. In general, the upper red rectangle contains subjects with increased numbers of metabolic components, and the lower red rectangle contains healthy subjects (green), which do not have any Mets components. However, occasionally a few of the subjects do not follow the above described pattern.


[image: Figure 3]
FIGURE 3. Heatmap for clustering patients according to the results from the medical records.


Several supervised learning models were used to predict MetS according to both ATP III and International Diabetes Federation (IDF) criteria as the ground truth, and the performance of these models is illustrated in Figures 4A,B and Table 3. The rank of variable importance for ensemble learning summarization of multiple classifiers is represented in Figure 4C.


[image: Figure 4]
FIGURE 4. (A) ROC curves of several machine-learning models based on the comparison of ATP III criteria. (B) ROC curves of several machine-learning models based on the comparison of IDP criteria. (C) Ranking of predictors according to ensemble learning. The respective C-statistics for each model, are given according to the chosen color for the model.



Table 3. Performance of different machine-learning models on predicting metabolic syndrome using ATP III, JIS, NHLBI, and IDF criteria.

[image: Table 3]

The relationship between CAP score and obesity, as well as MetS, is shown in Figures 5A,B. The box plots presented in Figure 5B show that CAP score was positively related to MetS. Four attending physicians conduct an approximately 3 year follow-up of the patients with a CAP score higher than 260, and recorded metabolically associated diseases—including diabetes, cardiovascular disease, stroke, CKD, and dyslipidemia. The follow-up results are presented in Figure 5C, which shows that 32.2%, 22.4%, 18.6%, and 16.4% of the patients had metabolic diseases, liver-related diseases, kidney diseases, and cardiovascular diseases, respectively.


[image: Figure 5]
FIGURE 5. (A) Boxplot of CAP score comparing patients with and without obesity. (B) Boxplot of CAP score comparing patients with and without MetS. (C) Percentage of outcome diseases among patients with CAP score of higher more than 260. Patients that were loss during follow-up were deleted in the calculation of percentage.




DISCUSSION

In statistical analysis, significant differences between groups with different numbers of metabolic components were discovered for several predictors. Because patients who have the same number of metabolic components may nonetheless have different combinations of the five components, their physical characteristics are diverse.

Furthermore, the classification of patients with different numbers of metabolic components that was visualized using clustering and a heat map revealed an overlapping representation at the left cluster label, although unsupervised machine learning made a strong contribution to the separation of the group with severe MetS (more than three components) and group with mild MetS (fewer than two components). Most patients with MetS were clustered in the upper portion, whereas healthier patients were clustered in the lower portion. Therefore, we applied several supervised learning models to predict MetS and found some representative predictors—such as CAP score, BMI, HbA1C, and γGT—that resulted in high accuracy and performance without any of the five criteria being involved in the models. Ensemble learning of random forest had highest performance in both ATP III and IDF criteria as ground truth with respective accuracy of 0.922 and 0.947 and c-statistic of 0.893 and 0.921; BMI with obesity, HbA1C, and CAP score were observed to be the best primary predictors for MetS (Figure 4C).

CAP score represents the severity of MetS because it reveals the extent of NAFLD (15, 42, 43). In previous research of several decision tree algorithms for MetS prediction, the threshold range of CAP score is also found to be approximately 290–300 (16). Similar to previous study, we found that if the goal is to identify both obese and non-obese patients, the cut off is ~290 (average of the 320 obese cut-off and 260 non-obese cut-off). Using the 260 non-obese CAP cut-off, we found that ~60% (43/72) of non-obese patients can be identified. This is likely because CAP is detecting NAFLD. In liver cells, NAFLD is caused by a considerable accumulation of triglycerides (44). Many evidence supports the connection between MetS and NAFLD. NAFLD is actually considered as the hepatic manifestation of MetS. Insulin resistance is the failure of cell to normally respond to insulin to reduce blood glucose level and is the key pathogenic feature of MetS. Insulin resistance is now identified as the most common risk factor for development and progression of NAFLD (45–47). In clinical laboratory examination, TG and FBG measurements are easily disturbed by many factors including incomplete fasting and medication. Therefore, CAP score measurements are more convenient and may be an alternative tool for detecting MetS, especially for the hard-to-detect non-obese patients.

The patients in the WC plus TG and WC plus BP metabolic component groups had higher BMI than those in the other groups (Figure 2). This implies that obesity is one of the leading risk factors for MetS (16). Moreover, multiple machine-learning models had high accuracy and performance for both the ATP III and IDF criteria. In particular, CAP score is also one of the primary variables in ensemble learning, giving machine-learning models high prediction ability (Figure 4C and Table 3). In addition, Figure 5A reveals that CAP score was proportional to degree of obesity. Fibroscan, a non-invasive method of screening for liver disease, is widely applied in detecting and treating NAFLD patients with MetS may be taken into consideration by experts and physicians.

Numerous cross-sectional and prospective studies have investigated the relationship between baseline γGT and the development of MetS (48–51). According our study, γGT is a valuable predictor of MetS because patients with TG and FBG metabolic components have elevated γGT (Supplementary Figure A). The non-obese metabolic health patients can be detected early to prevent progress of metabolic disorders to MetS. Moreover, the more glycemic level increases, the higher prevalence of NAFLD is (52). Several methods can evaluate the ranges of glycemia, containing HbA1c and FBG. HbA1c reflects the mean of glycaemia over the past 8–12 weeks and is applied to assess chronic glycemic level (53). Insulin resistance is a primary factor of NAFLD, and HbA1c correlates more strongly with insulin resistance than does FBG (54, 55).

A prominent relationship was illustrated between serum UA level and the risk for metabolic disorders in a meta-analysis of prospective studies. A linear relationship was speculated to exist between elevated UA and MetS/NAFLD incidence (56). Hyperuricemia is associated with histologically severe NAFLD (57). Furthermore, several research has identified UA as an independent risk factor for cardiometabolic diseases, indicating that UA can be regarded as a essential therapeutic target for patients with these diseases and particularly those with hyperuricemia (58).

This study has some limitations. First, the data only represent an Asian population; the CAP score cut-off at which fatty liver disease increases metabolic risks may vary for different races. Second, the data are collected from one HC and reflected the information of healthier population. Therefore, the bias in data distribution cannot be avoided. The more the information included on patients with severe MetS, the more robust is the distribution represented. Because of this limitation, this study focused on early intervention for patients to prevent the occurrence of MetS. Third, this is a single-center study involving self-paid health examination subjects that were prospectively follow-up in the same hospital, and only 40.4% of patients with CAP score >260 were successfully tracked in our hospital. A large number of patients with loss of follow-up implies that the metabolic-related risks may have been underestimated; therefore, the significance of fatty liver disease, measured using FibroScan, in MetS is probably higher than that determined in our study. In the future, it will be interesting to follow-up the medical record of these patients at other hospitals and apply machine learning in improving the prediction for cardiometabolic events for different types of Mets patients.



CONCLUSION

Machine learning and big data visualization can depict the complicated relationships between metabolic components and potential risk factors. The potential MetS patients can be captured by machine learning for prevention especially for those non-obese population. In the future, more data on CAP scores from the healthy population and those with severe MetS should be collected to establish a more robust investigation. Moreover, analyzing data of different races could enhance the achievement of data visualization to describe the association between CAP score cut-off and MetS for different particular populations.
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Purpose: This systematic review is conducted to explore the relationship between fragility fractures and pain experience.

Methods: We searched for relevant studies on Pubmed, Embase, Web of Science, and the Cochrane library without restrictions on language from inception until February 4th, 2021. The risk of bias and methodological quality was evaluated using the Newcastle-Ottawa Scale and ROBINS-I tool.

Results: Twenty-one studies were included in this systematic review. The so-called study reported participants with continuous post-fracture pain. The included studies showed that post- fractured pain can decrease with time, however, the continual pain can last at least 1 year even longer, and some participants would need to self-manage pain. Moreover, the limited range of motion was considered as a factor that might distress the normal development of daily activities.

Conclusions: The current evidence could not fully support that pain continues to influence patients' lives after a fragility fracture. However, it still showed the pain might come with fracture. The findings also could be useful to help health care providers better recognize and manage this clinical consequence of fractures. Nonetheless, future large-scale longitudinal studies will be required to evaluate the long-term effects of pain in fragility fractures.

Keywords: fragility fracture, pain, systematic review, fracture, discomfort


INTRODUCTION

The World Health Organization located osteoporosis at the primary health care level, reporting that “a fracture caused by injury that would be insufficient to fracture a normal bone.the result of reduced compressive and/or torsional strength of bone” (1). From a clinical perspective, fragility fractures are considered as skeletal complications, leading to substantial morbidity, longer hospitalization period, higher health care costs, poorest quality of life, more severe disabilities, and death (2). Different fracture locations may as well involve diverse symptoms across time. Hip fractures are conceived as the most serious kind; with a 1-year mortality rate of 21% for women and 31% for men (3). Other kind of fragility-related fractures at other anatomical locations has been related with lower quality conditions of life, although most studies tend to focus on the impacts of the hip or the vertebral fractures (4).

While significant improvements have been achieved— both in surgical procedures and treatment tools—in this area, current information on incidences, risk factors, and medical costs of pain appears to be highly restricted. Currently, pain assessment and relief for patients with fragility fractures before and after surgery are placed as crucial topics for research. Besides, as surgical indications tend to be a direct procedure for most patients suffering from this kind of fragility fracture and adequate anesthesia is the basis for these successful so-called surgical procedures, there is still room for improvement in various anesthesia and sedation techniques. A part of the patients with fragility fractures, however, show surgical contraindications or prefer conservative treatment; in this kind of situation it becomes, indeed, highly significant to use methods to help to relieve this related discomfort, reduce the risk of adverse effects and improve the overall quality of life, accurate diagnosis and efficient pain eradication.

The purpose of this study was to assess the relationship between fragility fractures and pain experience. The results from this systematic review could further understand the fragility of fractures related to pain and guide health care to address the issues which matter to such patients.



MATERIALS AND METHODS

The methodology was written based on several studies published (5–7).


Literature Review

The Pubmed, Embase, Web of Science, and the Cochrane library for relevant studies without language limitations were used from inception until February 04, 2021. These databases included most of the academic research articles on this topic. The searched eligible studies were identified by scanning electronic databases using various combinations of Medical Subject Headings (MeSH) and non-MeSH terms.



Data Sources and Search Methods

The search process was extended by (1) perusing the reference section of all relevant studies, and (2) manually searching through the abstracts of key journals and articles published at major annual meetings. The review's population, intervention, comparison, outcome (PICO) items defined the search strategy: Population: all population, Intervention: fracture, Comparison: not applicable; Outcome: Pain. The search terms included all field and the following: (fragility OR fracture OR low traumatic) AND (fracture OR break OR split OR crack) AND (Pain OR Long-term pain OR Painful OR suffer OR discomfort OR hurt OR irritation OR tenderness OR soreness OR Fracture-related limitations OR disability Or disabled). Table 1 shows the search strategy of databases.


Table 1. Search strategy in PubMed up till Febuary 4th, 2021.
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Data Extraction and Quality Assessment

A data extraction form was used to obtain the following data from the included studies: first author (publication year), country, study duration, study subjects, age of study subjects, sex, assigned groups, and outcomes. The abstract and full-text screening was undertaken by Pei-En Chen and Tao-Hsin Tung. An assessment of methodological quality was performed independently by the authors (Pei-En Chen and Tao-Hsin Tung). The Newcastle-Ottawa Scale (NOS) was applied independently by two authors to determine the consistency of the selected studies (6). Any disagreement was discussed with a third senior author (Ching-Wen Chien). The NOS applies three domains (selection of study groups, comparability, and outcome assessment) to assess the quality of studies. A study could be awarded up to one star for each item within the selection and outcome domains and up to two stars for comparability. We viewed it as a study of high quality if seven or more stars were awarded. Besides, to increase the reproducibility and comparability of this systematic review to future reviews on a similar topic, we also evaluated risk of bias assessment using Risk of Bias in Non-randomized studies of Interventions (ROBINS-I) due to since it is the newest and most robust method of identifying the risk of bias in systematic reviews and meta-analyses (7).



Data Synthesis

The outcomes of the selected studies were assessed focusing on various measurements.

Follow by characteristics of outcome measurement:

1. Von Kroff questionnaire (which points both pain intensity score and disability score): It was developed in order to grade the severity of chronic pain (8).

2. EQ-5D (pain/discomfort): It is a standardized tool used to assess general health problems, which covers 5 main domains such as mobility, self-care, daily activities, pain/discomfort, and anxiety/depression (9). Thoughout this present research, only domains related to pain/discomfort will be discussed.

3. Numeric rating scale (NRS): Which displays results verabally reported by patients. The scale ranges from 0 (no pain) to 10 (worst imaginable pain) (10).

4. Visual Analog Scale (VAS, 0–10): Scale used in order to quantify a trait or attitude that is assumed to extend across a spectrum of values and cannot be directly measured easily. It is also used to measure the severity or frequency of different symptoms through epidemiological and clinical research (10).

5. SF-36 (pain/discomfort), which consists of an eight scaled score, containing weighted sums of questions (0–100). The eight sections are: vitality, physical functioning, bodily pain, general health perceptions, physical role functioning, emotional role functioning, social role functioning, mental health (10).

6. The Quality of Life Questionnaire (QUALEFFO-41; pain domain): To investigate about the improvements in the quality of life associated to day-to-day living, general well-being, and specific well-being of patients who have had any kind of the vertebral fractures named by International Osteoporosis Foundation (IOF) (11).

7. Geriatric Pain Scale (GPS, 0–100): Used to classify pain in patients and to assess physical, mental, cognitive, and behavioral responses to pain (12).

8. Pain Regulation Questionnaire (PRQ) which includes competences, intensity, anxiety, depression, avoidance, withdrawal and distraction of pain (13).

9. The amounts of individuals reporting pain.

The ROBIS tool was applied to assess the risk of bias in this systematic review. This tool consists of three phases; and this systematic review more specifically evaluated phase 2 and phase 3. During phase 2 there were four aspects evaluated: study eligibility criteria, identification and selection of studies, data collection and study appraisal, and synthesis and findings. Moreover, phase 3 integrated the overall risk from phase 2 (14).



Statistical Analysis

The tool Review Manager 5.3 (The Nordic Cochrane Center, The Cochrane Collaboration, 2014) was used in this study. We presented the risk of pain as OR with 95% CI and assessed heterogeneity by using the I2 statistic. The I2 statistic is used to evaluate the degree of variation across studies due to heterogeneity rather than by chance alone (15).




RESULTS


Study Characteristics

Figure 1 illustrates the results of this systematic review. From all the databases we searched in, with 8,250 records collected and after removing 1,803 duplicate articles, there was a total of 1,162 records which were excluded due to is protocol or other conference abstracts. Five thousand two hundred sixty-four full-text articles were also excluded for reasons such as irrelevancy of the topic, incapability to find the related text, differences on the purposes on the study design, conferences abstracts, or fracture-pain related articles with drugs/treatment. Finally, following a thorough review of all candidate papers, we identified a total of 21 studies that addressed the relationship between fragility fractures and pain experience.


[image: Figure 1]
FIGURE 1. Prisma study flow chart.




Fragility Fracture and Pain Experience


Assessment of Pain and Disability

In Chou et al. (16), Jung et al. (17), and Ross et al. (18) fracture group showed a higher frequency on reported pain. However, Zetterberg et al. (19) indicated a different tendency from the other 3 studies. Figure 2 displays that pain was not significantly associated with fracture than the control group. Figure 3 specifies that pain was not related to the fracture group (p = 0.75). Among the 21 included studies, there were 8 which investigated the risk for fragility fracture and pain in postmenopausal females and 3 in the elderly, due to its higher vulnerability.


[image: Figure 2]
FIGURE 2. Odds of pain in patients with fracture.



[image: Figure 3]
FIGURE 3. Mean difference of pain in patients with fracture: SF-36 (pain/discomfort domain).


Apart from the above mentioned studies, other studies that were also utilized used different measurements to illustrate pain and disability. Table 2 demonstrated some characteristics of the included studies. Firstly, Jin et al. (27), Hallal (25), and Kapucu and Unver (29) classified similar pain grades as Slight, Mild, Moderate, Severe, Extreme. However, we were not able to synthesize the data together, owing to the fact that the data classification was not standardized. Secondly, the duration of the presence of pain was delved in researches of authors as Jin et al. (27), Hallal (25), and Ozdemir et al. (31). Jin et al. (27) research indicated that pain would continue for <2, 2–8, ≥8 week, respectively, 183 (51.1%), 116 (32.4%), 59 (16.5%). In Hallal (25), pain could be sever hour: 40 (47.6%), 1 day:11 (13.1%), several days: 11 (13.1%), several weeks: 4 (4.8%), constantly: 18 (21.4%). Ozdemir et al. (31) demonstrated 8.7 ± 5.27 year. Thirdly, NRS was used in Tulay et al. (37), Ribom et al. (33), and Scaturro et al. (35). Tulay et al. (37) focused on illustrating the pain duration. Ribom et al. (33) did not specify how low is the participants with fracture, which encountered difficulties in the comparison process. Scaturro et al. (35) study only mentioned that the pain (NRS) was significant if it was directly related to the number of vertebral fractures. Fourthly, EQ-5D was applied both by Ramírez-Pérez et al. (32) and Jung et al. (17). Ramírez-Pérez et al. (32) did not have the control group, resulting on the comparison not being successfully completed. Fifthly, Qualleffo-41 was used throughout the study of Fechtenbaum et al. (23) and Ciubean et al. (22) and provided also a different illustration, which we could not compare. Sixthly, there was a certain pain assessment used in the study: Von Korff Pain Intensity and Disability questionnaires (36), Geriatric Pain Scale (0–100) (29), Pain Regulation Questionnaire (PRQ) (13), Visual Analog Scale (VAS) (26). From the study of Jahelka et al. (26), which used the SF-36 and QUALEFFO, we could not access the pain domain solely and, thus. we did not include the data in Figure 3.


Table 2. Characteristics of included studies.
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Self-Reported Pain

In 10 studies have patients self-reported pain (4, 16, 18, 23–25, 27, 30, 31, 34). Chou et al. (16) study had 2,912 participants from which 1,416 reported some kind of low back pain (48.6%, p < 0.001). Fechtenbaum et al. (23) 548 of 588 reported pain problems. Finsen (24) could report 276 cases of pain out of 307 subjects who had suffered any kind of fracture, among the 307 participants who reported pain, the different body parts affected would be seen as followed, foot (foot/leg/knee pain):135 (44%); back (back pain): 96 (31.3%); hip (hip pain):53 (17.3%). Gheorghita et al. (4) enrolled 67 applicants who had suffered from any kind of fracture, from which 34 of them reported fracture-related pain (5.7%) ith fragility fracture. During Hallal's (25) research, 84 participants (83.1% out of the total) reported some presence of back pain. Jin et al. (27) reported 197 (55.0%) spinal palpation tenderness, 82 (23.2%) axial spinal percussion pain, and 76 (21.2%) radiating pain. Miyakoshi et al. (30) reported 159 patients (91.4%) who would show some kind of discomfort related to back pain. Ozdemir et al. (31) showed 695 patients (76.45%) who had reported experiencing pain. Ross et al. (18), 28.1% (n = 203) reported frequent back pain in the studied patients. Sale et al. (34) recruited 21 participants whose ages ranged from 51 to 87, from which 11 individuals self-reported constant pain after a fracture. They also reported movement-related limitations including difficulties related to a range of motion, lifting capacity, or insufficient strength. On the other hand, the other 10 participants reported not suffering pain at the site of fracture. Similarly, there were four of them who reported a limited range of motion.




Risk of Bias Assessments

Twenty-one of the included studies were rated on the NOS scale, where the higher the score rated the better quality it would proof (see Table 2), a total of 7 were rated as “high quality,” and none of the included studies was rated as “low quality.” Also, ROBINS-I was used to evaluate the risk of bias throughout the study (Table 3). Six articles were evaluated as “moderate risk” and 1 as “high risk” to have bias. Due to the small number of papers and the degree of heterogeneity in study designs, interventions, and outcome indices, the meta-analysis was not considered fully appropriate.


Table 3. Risk of bias assessment using ROBINS-I.
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The Result Summary of ROBIS

A summary of the findings and the ROBIS assessment for each domain can be seen in Table 4. In phase 2, study eligibility criteria, identification and selection of studies, data collection, and study appraisal were rated as “low risk.” Due to the fact that the used studies included different assessments, synthesis, and findings, the domain was rated as “high risk.” Throughout phase 3, the overall risk of bias was rated “low risk.”


Table 4. Risk of Bias in Systematic Reviews (ROBIS tool) of the study.
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DISCUSSION


Clinical Implications

To the best of our knowledge, we comprehend this study to be the first systematic review and meta-analysis to examine the impacts of pain among the fragility fracture population. Our study results support the hypothesis that frail patients with fractures were suffering from a continuous risk of pain, and as this further exceeded the typical length of time assumed essential for curing and resolution of pain. Also, our results also provide more clear evidence related to patients undergoing fragility fracture may experience significant long-term pain effects.

The trajectories of frailty degrees in the elder population could vary substantially, particularly when estimating the short-term or long-term treatment effect, personal lifestyle change, related comorbidity development, and severe disease progression (38). Exploring the frailty transition chronologically would help clinicians to obtain a further knowledge related to the effects modifications of frailty and a better estimate on future fracture risk. Previous studies indicated that due to changes in the spine shape and height loss, patients may experience uninterrupted back pain even after the acutely painful episode subsides after a vertebral fracture (4, 39). Wrist fractures also have been projected to be able to recover after 6 weeks' post-fracture (40). However, another study showed one physiological cycle of bone which would remodel in healthy adults, lasting from 4 to 6 months (41). Risk fracture is a most frequent feature on the Complex regional pain syndrome(CRPS) (42). Patients with hip fractures often presented comorbidities and cognitive impairment that frequently prevented their recovery (43).

To examine the relationship between fragility fracture and pain, our study included only observational studies. Ordinary meta-analyses on the efficacy of interventions merely obtained high-quality evidence from randomized controlled trials (6). However, randomized controlled trials are often not the best source of evidence for harm due to the study duration is often too short to detect long-term or rare adverse events (44, 45). In addition, it is not possible to randomize patients into the categories “with fragility fracture” or “without fragility fracture.” Including observational studies in this systematic review was a strong point, as these studies could indicate the effect of short-term and long-term pain in the fragility fracture population.


Clinical Practice

This systematic review found that there is an influence of pain following fragility fracture. Based on the results, medical teams should develop the treatment and rehabilitation protocol to prevent or reduce the pain of post-fracture, and the protocol should include meditation, exercises, and integrated physical treatment. Some consideration about the role of pain killers as well as anti-osteoporosis drugs for pain relief in fragility fracture patients should be provided (46–48). For better pain improvement, the program should be continuous, progressive, and combined alternative strategies.




Methodological Considerations

From the methodological viewpoint, our study included several limitations. Firstly, based on the current information, we could not assess the fluctuating frailty status concerning the risk of fragility fracture. Secondly, due to the number of selected studies that could be quantified, it was not sufficient. Due to the various measurements, it was difficult to conduct a meta-analysis with enough sample sizes. Finally, when we used the ROBIS approach to assess the quality of the evidence for the systematic review, the evidence from all the included observational studies was initially rated as relatively low quality because of imprecision. The addition of more studies in the future may increase the quality of evidence.



Conclusions

The current evidence could not fully support that pain continues to influence patients' lives after a fragility fracture. However, it still exposed the pain might come with fracture. The findings also could be useful to help health care providers to better recognize and manage this clinical consequence of fractures. We recommend research on a wider range of populations to provide more comprehensive and accurate findings.
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Background and Aims: Patients with acute decompensated (AD) cirrhosis are frequently readmitted to the hospital. An accurate predictive model for identifying high-risk patients may facilitate the development of effective interventions to reduce readmission rates.

Methods: This cohort study of patients with AD cirrhosis was conducted at six tertiary hospitals in China between September 2012 and December 2016 (with 705 patients in the derivation cohort) and between January 2017 and April 2020 (with 251 patients in the temporal validation cohort). Least absolute shrinkage and selection operator Cox regression was used to identify the prognostic factors and construct a nomogram. The discriminative ability, calibration, and clinical net benefit were evaluated based on the C-index, area under the curve, calibration curve, and decision curve analysis. Kaplan–Meier curves were constructed for stratified risk groups, and log-rank tests were used to determine significant differences between the curves.

Results: Among 956 patients, readmission rates were 24.58, 42.99, and 51.78%, at 30, 60, and 90 days, respectively. Bacterial infection was the main reason for index hospitalization and readmission. Independent factors in the nomogram included gastrointestinal bleeding [hazard rate (HR): 2.787; 95% confidence interval (CI): 2.221–3.499], serum sodium (HR: 0.955; 95% CI: 0.933–0.978), total bilirubin (HR: 1.004; 95% CI: 1.003–1.005), and international normalized ratio (HR: 1.398; 95% CI: 1.126–1.734). For the convenience of clinicians, we provided a web-based calculator tool (https://cqykdx1111.shinyapps.io/dynnomapp/). The nomogram exhibited good discrimination ability, both in the derivation and validation cohorts. The predicted and observed readmission probabilities were calibrated with reliable agreement. The nomogram demonstrated superior net benefits over other score models. The high-risk group (nomogram score >56.8) was significantly likely to have higher rates of readmission than the low-risk group (nomogram score ≤ 56.8; p < 0.0001).

Conclusions: The nomogram is useful for assessing the probability of short-term readmission in patients with AD cirrhosis and to guide clinicians to develop individualized treatments based on risk stratification.

Keywords: acute decompensated cirrhosis, readmission, independent predictors, nomogram, risk stratification


INTRODUCTION

Acute decompensated (AD) cirrhosis, defined as the acute development of ascites, hepatic encephalopathy, gastrointestinal hemorrhage, bacterial infections, or a combination of these factors, is the main cause of hospitalization and mortality in patients with cirrhosis (1–3). Owing to these complications, patients with decompensated cirrhosis are more frequently hospitalized and rapidly readmitted shortly after discharge. Hospital readmission is considered as a surrogate marker of the quality of healthcare delivery systems. Moreover, readmissions are associated with negative outcomes in patients and their families, and they have a significant impact on the overall costs of health care (4).

An estimated 27.1% of readmissions may be avoidable (5). To date, several studies have focused on assessing the predictors of readmission in decompensated cirrhosis (6–18). However, hospital readmission rates of patients with cirrhosis remain high, ranging from 10 to 50%, with a pooled estimate of 26% at 30 days and 21–71% at 90 days (19). The reason for these findings may be that the effective implementation of interventions requires not only understanding risk factors, but also identifying high-risk patients on the basis of highly accurate individualized risk predictive models, given that misleading risk estimates often lead to inappropriate treatment choices (20, 21). Therefore, the establishment of a model that can effectively predict and distinguish the individual risk of readmission remains an urgent medical requirement.

The current study was conducted to determine the readmission risk factors for patients with AD cirrhosis-related complications, to develop and temporally validate a nomogram to estimate the individual probability of readmission within 90 days, and to guide clinicians to develop individualized counseling programs and treatments based on risk stratification.



PATIENTS AND METHODS


Population and Study Design

We conducted a multicenter retrospective prognostic study of inpatients with AD cirrhosis at six tertiary hospitals in Chongqing, China, including the Second Affiliated Hospital of Chongqing Medical University, Yong Chuan Hospital of Chongqing Medical University, Third Affiliated Hospital of Chongqing Medical University, University-Town Hospital of Chongqing Medical University, People's Hospital of Tong Liang District, and Southeast Hospital of Chongqing. We followed the transparent reporting of a multivariable predictive model for individual prognosis or diagnosis (TRIPOD) guidelines for model development and validation (22). Clinical data were collected using electronic medical record systems. Consecutive patients with AD cirrhosis admitted to the above hospitals from September 2012 to December 2016 were enrolled as the derivation cohort, and those with the same clinical characteristics hospitalized between January 2017 and April 2020 were enrolled as the temporal validation cohort. To determine whether patients admitted in April 2020 were readmitted to the hospital, we conducted follow-up until August 2020. The end points were cirrhosis-related readmissions within 90 days from the date of hospital discharge. In cases of multiple admissions, only the first readmission was considered.

The study protocol was reviewed and approved by the ethics committee of the First Affiliated Hospital of Chongqing Medical University. Due to its retrospective nature, this study required no conformed consent.



Inclusion and Exclusion Criteria

The inclusion criteria were as follows: (1) patients aged ≥ 18 years and (2) hospital admission for AD cirrhosis.

The exclusion criteria were as follows: (1) patients with acute-on-chronic liver failure (ACLF): diagnosis of ACLF was based on the criteria from the consensus recommendation of the Asian Pacific Association for the Study of the Liver (23); (2) liver cancer or other active malignancies; (3) evidence of congestive heart failure, chronic kidney disease, or other significant chronic extrahepatic diseases; (4) hospital stay ≤ 1 day; (5) endoscopic ligation of esophageal varices or transjugular intrahepatic portosystemic shunt (TIPS) in the initial hospitalization or elective hospital admission; (6) discharge against medical advice; (7) patients lost to follow-up or death during index hospitalization; and (8) patients with >30% of data missing. Details of readmission in other hospitals or planned procedures, surgery, and therapy were compiled from medical history.

AD cirrhosis was defined as the rapid development of one or more major complications of liver disease, such as ascites, encephalopathy, gastrointestinal hemorrhage, bacterial infection, or a combination of these factors, requiring hospitalization (1, 24–27).

Ascites was recorded as the primary reason for admission if this was the sole criterion for admission, and infection was absent. Hepatic encephalopathy was characterized by altered mental status or neuropsychiatric abnormalities in the presence of liver cirrhosis after exclusion of other causes. Gastrointestinal (GI) bleeding was defined as the development of an upper and/or lower gastrointestinal hemorrhage of any etiology (27). Bacterial infection was defined in cases of spontaneous bacterial peritonitis, pneumonia, cellulitis, biliary tract infection, urinary system infection, and spontaneous bacteremia (26).

In the presence of more than one contributory factor, the main cause of admission was defined as follows: (1) in patients admitted with GI bleeding in the presence of ascites, bacterial infection, or hepatic encephalopathy, GI bleeding was considered the main cause; (2) in the absence of bleeding at admission, bacterial infection was the main cause of hospitalization; and (3) in patients with hepatic encephalopathy and ascites, the main cause was the former (11). The principal cause of hospitalization was subsequently assessed independently by two subspecialist physicians.



Treatment

Medical therapies were used for all patients during hospitalization and after discharge, such as antiviral therapy, diuretics, lactulose, non-selective beta-blockers, antibiotics, symptomatic and supportive therapies. Prophylactic antibiotics were not routinely administered after discharge.



Data Collection

Demographic, etiological, clinical, and laboratory data were recorded within 24 h of the first hospital visit. Demographic characteristics included age and sex. The etiological characteristics, including hepatitis B virus (HBV)/hepatitis C virus (HCV) infection, autoimmunity, and alcohol consumption, were assessed from medical history. Clinical data included length of hospital stay, complications related to liver cirrhosis, comorbidities, smoking history, alcohol consumption, and family history of liver disease. Laboratory analyses included liver function test, routine blood test, creatinine, blood urea nitrogen, serum sodium, serum potassium, and international normalized ratio (INR). End-stage Liver Disease score (MELDs), Child–Turcotte–Pugh score (CTPs), chronic liver failure-consortium acute decompensation scores (CLIF-C ADs), and MELD-Na score (MELD-Nas) were calculated at admission according to previously published criteria (28–31).



Statistical Analyses

Continuous variables were expressed as mean ± standard deviation (SD) or median (interquartile range), according to the distribution of normality. Categorical variables were reported as counts with percentages. Group comparisons of continuous variables were analyzed with the Mann–Whitney U test and categorical variables with χ2 or Fisher's exact test. For variables with omission rates <30%, multiple imputation was used.

To avoid overfitting, we performed two steps of variable selection. First, we evaluated the association between readmission within 90 days and a set of potential predictors by using univariate analyses (Mann–Whitney U test for quantitative predictors and χ2 or Fisher's exact test for binary predictors). Predictors with p < 0.05 were subsequently considered in an automated variable selection procedure within the least absolute shrinkage and selection operator (LASSO) framework to select the best predictor subset (32). The complexity of LASSO regression was controlled by a tuning parameter lambda (λ) with the rule that the penalty for each variable coefficient increases with λ value, and the relevant features with non-zero coefficients were selected that contributed to the final LASSO regression (33). The number of variables involved in the final model was considered based on the optimal λ value to balance the accuracy and simplicity of the model. Then, the retained variables were used to construct the nomogram using multivariate Cox regression. The nomogram was based on the fitted predictive model using R version 4.0.2 with the rms package (34). To streamline the power calculation estimation, we produced PowerTools, an interactive open-source web application, written in R code by using the Shiny framework (http://www.shinyapps.io/).

The discriminatory value of the models was assessed based on the concordance index (C-index). The area under the curve (AUC) of the receiver operating characteristic (ROC) curve was also used to evaluate the prognostic accuracy of the nomogram. To demonstrate the stability of the model, we applied bootstraps with 200 resamples to correct the C-index to overcome overfitting. Calibration curves were additionally drawn to evaluate the concordance between the predicted and observed probabilities. The nomogram model was validated with a temporal validation cohort using the same process of capability assessment. Decision curve analyses (DCA) were applied to compare the benefits and improved performance of different models (35).

According to the nomogram score, the patients were classified into two groups representing low and high risk. The optimal cut-off values for the total points of the nomogram were determined by maximizing the Youden index (sensitivity + specificity – 1). Kaplan–Meier curves were constructed for stratified risk groups, and log-rank tests were used to determine significant differences between the curves.

All tests were two-sided, and data were considered statistically significant at p < 0.05. Statistical analyses were performed using R software (version 4.0.2, Vienna, Austria).




RESULTS


Characteristics of the Study Cohort

A total of 8,402 patients met the inclusion criteria. Following the application of the exclusion criteria, 956 patients were finally included in the study, specifically 705 patients in the derivation cohort (from September 2012 to December 2016) and 251 patients in the temporal validation cohort (from January 2017 to April 2020). The study selection process is depicted as a flow chart (see Supplementary Figure 1 for details).

The mean (SD) age of all patients was 58.8 (12.6) years, and 68.31% were male. The etiologies of cirrhosis were chronic hepatitis B (50.4%), alcoholic (10.7%), autoimmune liver disease (9.9%), chronic hepatitis C (5.0%), and other/cryptogenic factors (19.6%). The overall readmission rates for patients at 30, 60, and 90 days were 24.6, 43.0, and 51.8%, respectively. As shown in Table 1, bacterial infection was the main reason for index admission (54.3%), followed by GI bleeding (35.0%), hepatic encephalopathy (5.8%), and ascites (4.9%). Regarding the main reason for readmission, bacterial infection was the most common cause, followed by GI bleeding, other cirrhosis-related diseases, hepatic encephalopathy, and ascites at the 30-, 60-, and 90-day time points.


Table 1. Cirrhosis-related index hospitalizations and readmissions.
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Based on the baseline characteristics of the two cohorts of patients as listed in Supplementary Table 1, patients in the derivation set were older and had lower neutrophil percentages and blood urea nitrogen levels; higher total protein, total bilirubin (TB), direct bilirubin, hemoglobin, aspartate aminotransferase, and alkaline phosphatase levels; lower rates of gastrointestinal hemorrhage; higher rates of bacterial infection; higher lengths of stay at initial admission; and higher CTPs and CLIF-C ADs (p < 0.05). The 30-, 60-, and 90-day risk of readmission were higher for the temporal validation set than for the derivation set (p < 0.05). The remaining clinical and laboratory parameters at initial admission as well as MELDs and MELD-Nas were similar between the derivation and temporal validation sets.



Development of a Nomogram

Supplementary Table 2 provides the results of the univariate analyses for all 36 factors considered as potential predictors in our scoring system. Fifteen candidate predictor variables with p < 0.05 were used as the input data in the LASSO regression. When the lambda value was collected as 1 standard error [log (λ1se) = −2.10], four variables were selected (see Supplementary Figure 2 for details). Then, the four retained variables were used to construct the nomogram using multivariate Cox regression. As shown in Table 2, GI bleeding, serum sodium, total bilirubin (TB), and INR composed a panel of significant predictors of readmission in patients with AD cirrhosis.


Table 2. The HR values of the independent risk factors for prediction of 90-day readmission in patients with acute decompensated cirrhosis.
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A nomogram was constructed based on the four aforementioned independent prognosticators (Figure 1). The values of each risk factor were assigned a score on the point scale axis. By adding each single score and using that value in the total point scale axis, the total score could be easily calculated to assign the probability of readmission for individual patients at 30, 60, and 90 days. For the convenience of clinicians, we have provided the nomogram as a web-based calculator tool (https://cqykdx1111.shinyapps.io/dynnomapp/). Doctors can enter the indicators for each patient to automatically calculate the patient's probability of readmission within 90 days.


[image: Figure 1]
FIGURE 1. The nomogram to predict the risk of readmission in patients with acute decompensated cirrhosis.


The model exhibited good discrimination ability. The C-index values of the nomogram for 30-, 60-, and 90-day readmission were 0.770 [95% confidence interval (CI): 0.728–0.812], 0.754 (95% CI: 0.716–0.791), and 0.731 (95% CI: 0.693–0.768), respectively. Furthermore, the predictive performance of nomogram was calculated by AUC of ROC curve. The AUC values were 0.775 (95% CI: 0.733–0.817), 0.753 (95% CI: 0.715–0.791), and 0.733 (95% CI: 0.695–0.770) for 30-, 60-, and 90-day, respectively (Figure 2A). Bootstraps with 200 resamples were performed to correct the predictive model. The adjusted C-index values of the nomogram for 30-, 60-, and 90-day readmission were 0.770, 0.750, and 0.732, respectively.


[image: Figure 2]
FIGURE 2. ROC curves for nomogram. ROC curves of nomogram in derivation cohort (A) and in temporal validation cohort (B). ROC, receiver operating characteristic; AUC, area under the curve.


The calibration curves showed good agreement between nomogram predictions and observed probabilities for 30-, 60-, and 90-day outcomes in the derivation cohort (Figure 3A).
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FIGURE 3. The calibration curve of nomogram at 30, 60, and 90 days for the derivation cohort (A) and the temporal validation cohort (B). Dashed lines along the 45-degree line through the point of origin represent the perfect calibration models in which the predicted probabilities are identical to the actual probabilities.




Temporal Validation of the Nomogram

The validation set was estimated using the established nomogram, and the C-index values obtained were 0.703 (95% CI 0.638–0.768), 0.694 (95% CI: 0.627–0.762), and 0.707 (95% CI: 0.636–0.777), respectively. The AUC values were 0.714 (95% CI: 0.649–0.778), 0.682 (95% CI: 0.614–0.751), and 0.712 (95% CI: 0.644–0.780), respectively (Figure 2B), supporting the suitability of the nomogram for estimating 30-, 60-, and 90-day readmission.

The calibration curves revealed good agreement between the nomogram predictions and observed probabilities for 30-, 60-, and 90-day outcomes in the temporal validation cohort (Figure 3B).



Comparison of Predictive Accuracy for Readmission Among Nomogram, MELDs, CLIF-C ADs, CTPs, and MELD-Nas

Predictive power for readmission was compared for the nomogram, MELDs, CLIF-C ADs, CTPs, and MELD-Nas based on C-indexes. DCA was performed to determine the clinical utility of the nomogram by calculating the net benefits at different threshold probabilities. The C-indexes for 30-, 60-, and 90-day readmission predicted with MELDs, CLIF-C ADs, CTPs, and MELD-Nas were significantly lower than those with the nomogram, in both the derivation and temporal validation cohorts (Table 3).


Table 3. Predictive discrimination ability of nomogram as compared to MELDs, CLIF-C ADs, CTPs, and MELD-Nas in the derivation and temporal validation cohort.
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Using DCA, our nomogram provided superior net benefit and displayed improved performance in prognostic evaluation over the 30-, 60-, and 90-day periods, both in the derivation (Figures 4A–C) and validation (Figures 4D–F) cohorts, compared to MELDs, CLIF-C ADs, CTPs, and MELD-Nas models.


[image: Figure 4]
FIGURE 4. Decision curve analysis at 30, 60, and 90 days for the derivation cohort (A–C) and the temporal validation cohort (D–F). The horizontal solid black line represents the assumption that no patients will experience the event, and the solid gray line represents the assumption that all patients will relapse. On decision curve analysis, the readmission nomogram showed superior net benefit compared with other models across a range of threshold probabilities.




Performance of the Nomogram in Stratifying Patient Risk

When patients were stratified according to the optimal cut-off value by the total nomogram points (high risk: >56.8 and low risk: ≤ 56.8), each group represented a distinct prognosis. The high-risk group was more likely to have readmission than the low-risk group, with statistical significance in both the derivation cohort and temporal validation cohort (p < 0.0001, Figures 5A,B).


[image: Figure 5]
FIGURE 5. Risk group stratification according to bisection of the nomogram predicted readmission in the derivation cohort (A) and the temporal validation cohort (B).





DISCUSSION

In the present study, we generated an easy-to-perform nomogram consisting of clinical complications and laboratory indicators for the first time that could be effectively used to prognosticate the readmission probability of AD cirrhotic patients receiving drug-based therapy at different time points within a 90-day period. To avoid the effects of other coexisting medical conditions, we only included patients with cirrhosis-related complications as the reason for initial hospitalization or readmission. The nomogram model performed well, as determined from C-indexes, AUC values, and the calibration curves both in the derivation cohort and temporal validation cohort at 30, 60, and 90 days, respectively. According to DCA, our nomogram demonstrated better net benefit and improved performance in 30-, 60-, and 90-day prognostic evaluations in both the derivation and validation cohorts, compared with MELDs, CLIF-C ADs, CTPs, and MELD-Nas. Furthermore, the model was able to stratify patients into groups with high and low risk of readmission within 90 days. Finally, our nomogram is accessible to medical staff via a link to the algorithm to automatically calculate a patient's probability of readmission within 90 days (https://cqykdx1111.shinyapps.io/dynnomapp/). This scoring system can facilitate early identification of high-risk patients, thus allowing implementation of interventions during hospitalization to reduce readmission.

Readmission among patients with AD cirrhosis in the current study was common, with incidence rates of 24.6, 43.0, and 51.8% at 30, 60, and 90 days, respectively. This finding was similar to that obtained from earlier studies based in India and North America (10, 16, 18). The etiology of cirrhosis in India was mainly hepatitis B virus (50.4%), while in North America and Europe, the main causes of cirrhosis were alcohol consumption (29.4%) and HCV (39.3%) (10, 11). We identified bacterial infection as the main reason for index admission and readmission (54.3% at initial admission, 44.7% at 30 days, 48.2% at 60 days, and 48.9% at 90 days), distinct from findings from India, North America, and Europe, where hepatic encephalopathy and ascites were identified as the main contributory factors (10, 11, 16, 18, 36). This difference may be associated with the distinct inclusion/exclusion criteria and medical conditions in different regions. The admission of cirrhosis patients with bacteremia to the intensive care unit was associated with an increase in the severity of the disease and an increase in the need for extrahepatic organ support. Bacteremia was an independent predictor of mortality in patients with ACLF (37, 38). Recent novel perspectives in the management of decompensated cirrhosis suggest that the systemic inflammatory response is one of the upstream events underlying the development of complications of liver cirrhosis (39). A PREDICT study showed that the most severe course of acute decompensation occurs in patients with pre-ACLF who display rapid progression of systemic inflammation leading to the development of ACLF and death within 90 days (40). These findings clearly suggest that systemic inflammatory response is predictive of poor prognosis. Therefore, clinicians should pay significant attention to the prevention of infections, which could avoid downstream complications (further decompensation, repeat infections, ACLF, or death) of cirrhosis (41).

Our nomogram includes laboratory and clinical indicators, which is better compared with other models, reflecting the severity of disease. Hyponatremia has been associated with hepatorenal syndrome and ascites and is an important predictor of readmission and mortality among patients with decompensated cirrhosis (30, 42). INR and TB are critical markers of liver protein synthesis function and the extent of hepatocellular necrosis (23, 43). These three indicators are all or partly involved in the construction of CLIF-C ADs, MELD-Nas, MELDs, and CTPs, reported to be significantly associated with the prognosis of AD cirrhosis or readmission (6, 11, 16, 18, 31, 36). However, owing to the involvement of the logarithm in calculations of MELDs, MELD-Nas, and CLIF-C ADs, clinicians have to use calculators, making it impractical in busy clinical practice. Although the calculation of CTPs is relatively simple, there are still some limitations, such as the narrow range of disease severity and subjective criteria, including hepatic encephalopathy and ascites (44). Notably, our model was more accurate than CLIF-C ADs, MELD-Nas, MELDs, and CTPs in predicting the risk of AD cirrhosis readmission. GI bleeding is a frequent and serious complication of cirrhosis. Mortality rates associated with acute esophageal variceal bleeding (EVB) are 12–20% and as high as 50% with EVB rebleeding (45). We found that although GI bleeding was a risk factor, the main cause for readmission in our study was bacterial infection. This finding underscores that patients with decompensated cirrhosis with gastrointestinal bleeding may be more likely to develop community-acquired infections after being discharged. Further studies are needed to confirm this possibility.

Our study showed that the readmission rate of AD cirrhosis patients in the low-risk group with total points ≤ 56.8 was significantly lower than that of high-risk patients with total points >56.8. In situations of limited medical resources and to improve cost effectiveness, low-risk patients could be considered for early discharge, whereas high-risk patients, especially those with GI bleeding, might need intensive management to prevent short-term readmission.

Our study has several strengths. First, we included only patients readmitted to the hospital for the first time after the initial discharge, thus avoiding the effects of multiple admissions. Second, our study was based on the Cox proportional hazard model, which predicts the probability of readmission at different time points within 90 days, rather than a logistic model that predicts readmission risk at a single time point, as used in most previous studies. In addition, we used temporal validation to demonstrate that our model can be generalized to further applications.



LIMITATIONS

This study has several limitations. First, selection bias may exist due to the retrospective nature of the investigation. However, we used a relatively large training cohort to construct the model, which was further subjected to temporal validation. Second, we excluded planned readmissions. Most of these patients underwent endoscopic variceal ligation during the initial hospitalization. Therefore, we did not evaluate the effects of this intervention on readmission. However, because the main reason for readmission is bacterial infection, the treatment target for patients with GI bleeding should not be limited to only preventing rebleeding. Third, data on social support, level of education, and socioeconomic status were not available. Further research is warranted to explore the impact of these important indicators.



CONCLUSIONS

The rates of short-term readmission related to cirrhosis were high in our patients. Bacterial infection was the main cause of index admission and readmission. We developed and temporally validated a prognostic model that accurately predicts the incidence of cirrhosis-related readmissions in patients with AD cirrhosis receiving drug-based therapy. The readmission probability can be obtained with the nomogram scoring system, which is based on four independent variables for each patient (https://cqykdx1111.shinyapps.io/dynnomapp/). The present nomogram can assist in clinical decision-making, counseling for treatment, and, most importantly, risk stratification of patients to help differentiate patients who need intensive management to prevent short-term readmission from those who could discharge earlier.
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Medical practice is increasingly coming under the guidance of statistical-mathematical models that are, undoubtedly, valuable tools but are also only a partial representation of reality. Indeed, given that statistics may be more or less adequate, a model is still a subjective interpretation of the researcher and is also influenced by the historical context in which it operates. From this opinion, I will provide a short historical excursus that retraces the advent of probabilistic medicine as a long process that has a beginning that should be sought in the discovery of the complexity of disease. By supporting the belonging of this evolution to the scientific domain it is also acknowledged that the underlying model can be imperfect or fallible and, therefore, confutable as any product of science. Indeed, it seems non-trivial here to recover these concepts, especially today where clinical decisions are entrusted to practical guidelines, which are a hybrid product resulting from the aggregation of multiple perspectives, including the probabilistic approach, to disease. Finally, before the advent of precision medicine, by limiting the use of guidelines to the original consultative context, an aged approach is supported, namely, a relationship with the individual patient.

Keywords: diseases, Koch's postulates, multifactorial, risk factors, COVID-19, susceptibility, mathematical-statistical models, guidelines

“Medicine is the most humane of all sciences, it is practiced by humans for human health”.


INTRODUCTION

The aim of this paper is to present in a historical perspective the process that led to the affirmation of the mathematical-statistical models in medicine as a surrogate system for making clinical decisions in order to bring it back to its original theoretical and rebuttable domain. The intent is not to give a sterile criticism but to support the proper use of any statistical-mathematical interpretative model, that is, subjective, fallible, and, therefore, confutable as any product of science. Since any constructive criticism must be proactive, in this article I will therefore support the recovery of the relationship with the individual patient that cannot be reduced to a mathematical average. The discussion will be articulated in a few points: the first will outline the process that led to the discovery of the complexity of disease and the advent of probabilistic medicine; the second, starting from the definition of illness as an unfavorable interaction between genes and environment, will support the general unpredictability of the disease as the result of an excess of variables whose control is very unlikely; the third point will try to demystify statistical-mathematical models by bringing them back to the main watercourse of science that should be understood as a continuous process of knowledge made of successes and failures; in this regard, in the fourth point, mathematics at the bedside will be supported as a tool that, till now, is the most profitable one in developing interpretative models in medicine; and the fifth point will criticize the formal application of guidelines as a hybrid product resulting from the aggregation of multiple instances, often incompatible, by supporting their original consultative role.



DISCUSSION


The Question of Identifying the Causes of Diseases

In clinical medicine, to identify the causes of injury and/or illness is essential for the progress of knowledge and to prevent the progress of disease and/or to develop appropriate care; unfortunately, the simplified causative approach, well-summarized in Koch's Postulates, is no longer appropriate (1). This is because the outcome of illness, either healing or death, is never predictable with certainty but is, still, a causal inference based on the study of probability. Formulated to identify the pathogen responsible for a specific disease, the postulates contributed to the spread of an etiological approach based on a mono-factorial cause-effect relationship that has been replaced, since the Framingham Heart Study (2), in favor of a multifactorial one based on the concept of risk factors. This model has also expanded in the area of infectious diseases as even the Black Death of the 14th century, caused by Yersinia pestis, has been claimed to be a multifactorial pandemic (3) by postulating a series of causative factors that are reported in Table 1A.


Table 1. Prevalence, causation, and complexity of diseases.

[image: Table 1]

The very recent emergence of SARS-CoV-2 and the COVID-19 pandemic, while pointing out the dynamic of spreading-over-species of infectious diseases (4), has provided an unexpected opportunity to link the puzzle of variable clinical manifestations and outcomes with host genomic factors (5).

Thus, all diseases, including the infectious ones are, possibly, multifactorial with an inherent increase in the complexity of the model since a cluster of interacting causative factors are, usually, associated and none of them are sufficient (6). From such a perspective, the association between events affecting biological life is not simply deterministic but more elusive as it follows a non-linear dynamic (7) making their effects, or outcomes, almost unpredictable in the individual subject. Thus, leaving behind the mono-factorial approach and focusing on the multi-factorial one, the main problem is to determine the probabilities of an event, such as illness or death, or the success of an intervention/treatment, whose degrees of freedom are innumerable. In Table 1B the main differences between cause and causal association are listed. Finally, in a clinical setting, when observing two events-diseases apparently connected with each other, with a possible causal relationship, it must be considered that there are, also, recurring events, sometimes cyclical, whose consequentiality may be casual and/or influenced by the direction, forward or backward, of the observation. Thus it may be difficult to reconstruct the time-line (8) like in the “which came first: the chicken or the egg?” dilemma.



Why It Is Rather Impossible to Predict the Future for the Individual Subject

At present, a disease is the result of an unfavorable interaction between genes and environment, thus we must shift our focus to the pattern of interaction that has to do more with individual adaptation. Indeed, changes in the environment are handled by the same strategy that drives development and evolution by using biological resources involved in tissue maintenance and repair of damage (9). This kind of susceptibility is linked to a genetic risk as the disease manifests itself in a certain environmental context making the interaction unfavorable, and this is only known afterwards. Thus, we are facing uncertainty in the initial condition, with many degrees of freedom affecting susceptibility and future exposures depending on space-time and whether the environmental context is neutral or, sometimes, even favorable (10). This also explains the issue of selective advantages, in terms of probability of survival, with the emergence of different phenotypes from a single genotype that are the result of the epigenetic machinery as proposed by Waddington in 1957. Having a unique genotype, more or less fixed, and an epigenome to provide dynamic and flexible responses to environmental changes does not simplify the matter, but rather makes it more complex as the individual process of adaptation is tricky (Table 1C). We can, therefore, say that no one is healthy and everyone is sick since the “boundary between health and disease is, at least, fuzzy as it moves according to the reciprocal interaction between phenotype and environment and each individual is a different phenotype” (11).



Science and the Ability to Prevent and Treat Diseases Through the Forecasts

Science can be viewed as a process, carried out by scientists, aimed at increasing the knowledge of the internal/external human environment, through the formulation of relevant questions and using appropriate methodology for getting answers. The scientific method is based on the claim and refutation of evidence that is collected to support the answers, thus, having obtained an answer, the desirable next goal is to use this experience, which is now part of the knowledge. In the clinical setting, as we have already said, we can use knowledge to prevent evolution toward disease, better identify the causal process of injury and/or illness, and/or to develop/use appropriate care. As we are in an open thermodynamic system where life, by using the individual adaptation pattern, tries, temporarily, to curb the drift toward chaos (9), any clinical decision, taken in the patient's interest, follows this general attempt to gain persistence and maintain order by capitalizing on the previous experience. This issue is a generalization of results obtained from population averages to individuals based on the similarity of the clinical profile. Indeed, in clinical epidemiology, it is generally assumed, for example, that “the risk of a disease at equal levels of known risk factors is similar in any individual belonging to the studied population” (12), but this is not the truth since individual susceptibility is different from the collective one. Furthermore, the predictability of (any) previous clinical experiences is a more complex question since it is based on less/more evidence and weak/strong algorithms applied to set-up an interpretative model. It must be said that a model is, always, a subjective interpretation of the researcher, thus a certain bias must be taken into account. Indeed, modeling is subjected to the influence of the dominant scientific culture which, inevitably, creates consensus on, more or less, conventional interpretative models that are, often, too dogmatic. This is a general question affecting science as a collective process that makes it difficult to falsify the evidence since consensus is maintained by sociological processes which are explained with organizational and institutional influences (13, 14) (arguments that go beyond this discussion).

In summary, making forecasts about the future state of a thermodynamic system is at the basis of scientific knowledge, with theoretical and practical implications of the utmost importance that are listed in Table 2A.


Table 2. Predicting health and disease.
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Mathematics at the Bedside and Complexity of Biology

While approaching the complexity of biological life and death, we have no profitable approach except the scientific one that has been applied to the study of biological networks and their relationships. Among the different approaches, mathematics is undoubtedly the most profitable in developing interpretative models (12) since it has an axiomatic structure, uses logic, and has a method, scientific accuracy, and flexibility.

Indeed, when clinicians use statistics to test/develop a model by applying mathematical formulas, they often use a conventional logic that does not fit the complexity of biology that goes beyond, but instead follows non-deterministic rules and is characterized by a non-linear and, often, chaotic dynamics. But this is not a problem for mathematics that is, indeed, flexible; in this regard, one of the applications in biology of a non-linear mathematical model based on attractors of chaos - an attractor is a geometric place to which a dynamic system evolves after a long enough time - is the study of heart rate (15), a biological phenomenon known for its high variability (16). Nonetheless, assuming that the chaotic dynamics are appropriate to describe some human phenomena such as diseases, we could only predict events knowing perfectly the initial conditions of the system, and this is not always the case. The lack of knowledge of the initial conditions, obviously, does not rule out that they exist, but we must consider that even at the extreme opposite of determinism we can find non-determinism or truly random patterns that physicists, with the scattering of protons, have suggested to describe the intimate behavior of physical matter (17). Again, is this model suitable for human diseases? The question presents different facets: one is to consider events related to adaptive mechanisms such as pseudo-random or phenomena waiting for a new algorithm to formulate a suitable predictive model (11). As humans have a mind oriented to capture causal links and to reject the randomness of natural events, this kind of confidence in the advancement of knowledge allows, temporarily, to avoid the hardness of having chaos in the hospital. The issue of having a model, however, does not seem to solve the problem as it is, still, a subjective interpretation of the events made by the researcher; thus, random or pseudo-random are just models. It may be necessary to rethink the science of certainty and that of uncertainty (18) bearing in mind that mathematics is just a tool, it uses logic and creates knowledge by following hypotheses that, primarily, are inspired by intuition, a peculiar type of ability that does not use inference or reason (19). Finally, it seems non-trivial to question even the mechanistic approach since it is limited because of the lack of a complete understanding that can result, only, from a broader vision that, till now, seems to have been associated with philosophy. In Table 2B, the main limitations in the use of statistical models in medicine are listed.



Evidence-Based Guidelines System: From Sources of Bias to Inherent Limitations When Approaching the Individual Patient

The consequences of statistical models at the bedside are evidence-based guidelines that are, ideally, useful tools produced to summarize probabilistic data and provide practical guidance. The cultural background which has led to the widespread diffusion of evidence-based guidelines was the setting of the etiological model in favor of a multifactorial one and the progressive adoption of mathematical-statistical models to estimate the risk of an adverse event and to assess possible intervention strategies in order to prevent it (20). This system represents the summation of multiple instances: on the one hand the idea of rationalizing the medical intervention, based on available scientific evidence, in order to contain the costs and to build a better system of health care in the public domain and, on the other hand, to provide a legal protection that allows physicians to preserve a wide professional autonomy. To combine multiple instances is never an easy task, but there are, as we have seen, several drawbacks inherent to the statistical model used in published research since its predictability is, still, limited and, in any case, a research finding provides, only, a partial representation of reality obtained from a finite number of subjects. Furthermore, it should also be remembered that in the clinical setting verification of the prevention/intervention effectiveness (11) is a complex issue that requires a systematic assessment of its impact on health outcomes with post-study probability testing (21). Another source of bias depends on the fact that scientific research is not a free domain but is subject to public or private funding, according to a complex and questionable interference pattern. Even guidelines, which generally summarize probabilistic data from research studies, are possibly biased since they are drafted, mostly, by those who declare a conflict of interest; in this regard, several papers are available discussing the issue of financial conflict of interest.

Historically, the need to declare a conflict of interest began in 2003 when the pharmaceutical industry established guidelines on Good Publication Practice to make the publication of industry-sponsored trials more transparent (22). This followed the well-known law suit against Pfizer that produced “fraudulent scientific evidence” by “suppressing unfavorable study results to promote off-label uses of gabapentin” (23). This position was followed by the International Committee of Medical Journal Editors requiring, starting from 2004, a registration in a public trial's registry as a “condition of consideration for publication” of clinical trials (24). At that time, a review published by Jama showed a significant association between industry sponsorship and pro-industry conclusions (25), but the question remains on whether clinical studies/trials, even when summarized into practical guidelines, are still now influenced by financial relationship that, “disclosed or undisclosed, relevant or not relevant” have been demonstrated to impact on “whether studies report findings favorable to industry sponsors,” which is supported by a recent survey dated 2019 (26). This potential bias is more evident if we look at the most worldwide prescribed therapies; an 18 year retrospective study supported a significant association between industry-funded randomized controlled trials and statistically significant outcomes for antidepressants (27).

Thus, it seems evident that declaring a conflict of interest does not guarantee a lack of bias. Furthermore, a very recent study supported that, years after this obligation, a low percentage of primary studies, such as randomized controlled trials, include a declaration of conflict of interest (28). If we look at research validity, it can vary considerably; in a meta-analysis of survey data published by PLoS in 2009, “misconducting research” seems to be a fairly common practice that has been self-admitted, regardless of the reasons why, by up to 34% of authors explicitly asked about “questionable research practices,” including having fabricated/falsified research data or altered/modified results to improve the outcome, and 29% of the cases of misconduct known by respondents were never discovered (29). A recent update by the same author of the previous survey supported that self-admission rates for both fabrication/falsification, including plagiarism, seems to have declined over the years, but non-self-admission rates have not changed (30).

In summary, clinical studies/trials may not only be methodologically incorrect, underpowered, and even misinterpreted (31) but, at the same time, biased by a disclosed or undisclosed conflict of interest and this is, also, for their summarization in evidence-based guidelines.

If we assume that available clinical guidelines are reliable, as we ideally do expect (32), their widespread diffusion support obvious potential benefits to rationalize medical intervention. Nonetheless, as we stated before, using heterogeneous information, made up of more-or-less valid evidence, needs a systematic strategy for the evaluation/verification of the prevention/intervention effectiveness and the “epistemological responsibility of doctors” when drafting/using guidelines (33).

Finally, a simple question that is scarcely taken into consideration, is that what appears beneficial for our patients as a group may not always be suitable for the individual and, certainly, not for patients with comorbidities (34) and the routine use of guidelines is possibly conflicting with the emerging concept of personalized medicine and the model of shared decision-making (35).

That is to say, even when using the best on average up-to-date evidence, because of the heterogeneous response to any intervention, we are not able to predict how this strategy may work in a specific patient, even when subgroup analysis is available; thus, it is possible that physicians, informed by last trials' results, but with their direct clinical experience, do better than others at prescribing the same evidence-based best option to everyone, failing to profile patients who may not benefit (32). A critical approach to the guidelines system is reported in Table 2C.




CONCLUSIONS AS A STARTING POINT

The complexity of life and death is demonstrated by their unpredictability, thus making predictions on the clinical future of an individual seem an arduous task. The individual adaptation profile to environmental changes seems to have part of the answer, but predictability uses statistical modeling that, to increase the rate of probability, needs more subjects, thus moving far away from the individual subject in favor of the collective. This means that the individual subject/patient is, still, missing from research papers and guidelines, appearing only in case reports. This does not mean that forecasts in medicine are banned but, simply, that they have to be brought back to the main watercourse of science that should be understood as a continuous process and, even if mathematics at the bedside could be extremely profitable in developing interpretative models, these models are still subjective, fallible, and, therefore, confutable. Before the advent of precision medicine, doctors pursued a relationship with the individual patient, who cannot be reduced to a mathematical average, and to recollect Osler's thoughts when he wrote in his most famous essay, Aequanimitas, delivered to new doctors in 1889 at Pennsylvania School of Medicine: “The practice of medicine is an art, based on science.” That is to say, medicine is not an art like painting but, neither is it a science like physics; it needs humanity, empathy, respect, communication, and fact checking ability when using evidence- based medicine algorithms for the individual patient to plan a strategy and reach the best outcome.

In Table 2D the different approaches to the patient if viewed as an individual or as an average is summarized.



LIMITATION OF THE STUDY

Perspectives are intrinsically limited but, sometimes, useful.
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Digital technologies and data science have laid down the promise to revolutionize healthcare by transforming the way health and disease are analyzed and managed in the future. Digital health applications in healthcare include telemedicine, electronic health records, wearable, implantable, injectable and ingestible digital medical devices, health mobile apps as well as the application of artificial intelligence and machine learning algorithms to medical and public health prognosis and decision-making. As is often the case with technological advancement, progress in digital health raises compelling ethical, legal, and social implications (ELSI). This article aims to succinctly map relevant ELSI of the digital health field. The issues of patient autonomy; assessment, value attribution, and validation of health innovation; equity and trustworthiness in healthcare; professional roles and skills and data protection and security are highlighted against the backdrop of the risks of dehumanization of care, the limitations of machine learning-based decision-making and, ultimately, the future contours of human interaction in medicine and public health. The running theme to this article is the underlying tension between the promises of digital health and its many challenges, which is heightened by the contrasting pace of scientific progress and the timed responses provided by law and ethics. Digital applications can prove to be valuable allies for human skills in medicine and public health. Similarly, ethics and the law can be interpreted and perceived as more than obstacles, but also promoters of fairness, inclusiveness, creativity and innovation in health.

Keywords: digital health, ethics, law, artificial intelligence, telemedicine, big data, patient–doctor relationship


INTRODUCTION

Innovative solutions to both classic and emergent medical problems have resulted from the impact of the digital revolution on healthcare (1, 2). Prominent examples include telemedicine, electronic health records, wearable, implantable, injectable and ingestible medical devices, health mobile apps, and the application of artificial intelligence (AI) algorithms to health settings (3). Correspondingly, computer power, interconnectivity and storage capacity, have potentiated the collection, analysis, and sharing of health data. These advancements, coupled with the expansion of data generation capabilities have led to an era of big data in healthcare, which promises to facilitate timely and precise healthcare interventions (4, 5). In order to achieve this aim, the extraction of knowledge from big data through the interdisciplinary work of data science is fundamental (6).

Better healthcare quality as a result of digital health applications and data science methods is an appealing promise, which also elicits significant ethical, legal, and social challenges (Table 1). This article aims to outline this dichotomy, with a limited focus on the examples of telemedicine and AI, which are two specific and interconnected areas in expansion.


Table 1. Summary of relevant ethical, legal, and social issues (ELSI) raised by digital technologies and health data processing in healthcare.

[image: Table 1]

In broad terms, telemedicine and telehealth consist in the practice of healthcare through information and telecommunication systems (7). This branch of digital health has had notorious growth in the last years and particularly during the COVID-19 pandemic (8–10). Its applications include, but are not restricted to, real-time health consultations from a distance, remote health data collection, analysis, interpretation, and monitoring, and digital interactions with health assistants, including virtual ones (7). Accordingly, these subjects have deserved particular ethical, legal and scholar attention in recent years (7, 11–13).

In parallel, AI applications in healthcare have gathered significant interest (14, 15). These include, but are also not restricted to, analysis of health data to predict health events and outcomes, check symptoms and improve diagnosis, suggest preventive strategies, design and develop new medicines, improve the organization and conduction of clinical trials, enhance patient experiences, and advance the structure and intelligibility of electronic health records (5, 14, 16–19). Consequently, the influence of AI and machine learning in the health sector is projected to expand and affect the work of healthcare professionals, the efficiency of health systems, and the capacity of patients to interpret their own health data (18, 20, 21). Similarly, awareness about the ethical, legal and social dimensions of AI broadened (22–25), which will hopefully translate into better regulation (26–28).

With a balanced view between promises and challenges and telemedicine and AI as examples, this article aims to provide a succinct review of the main ethical, legal and social implications (ELSI) of the adoption of digital technologies and the processing of health data in medicine and public health.



METHODS

The main topics highlighted in this article resulted from an initial literature search using electronic platforms PubMed and Google Scholar and general search terms (corresponding to the article keywords in combination with “ethics,” “law,” and “ELSI”). Additional references were identified by backward and forward citation chaining. Finally, articles from scholars known to the author were also analyzed to complement the analysis.



ELSI OF THE ADOPTION OF DIGITAL TECHNOLOGIES IN HEALTHCARE


Trust, Quality, and the Doctor–Patient Relationship

Trust is a fundamental and reciprocal value in healthcare. To obtain guidance and care, patients trust health professionals in a context of asymmetrical information (29). Conversely, health professionals trust patients to describe their individual experience and their medical history, as well as adhering to recommended behaviors and treatments (30). Therefore, the doctor–patient relationship is based on mutual trust, which is fundamental to ensure quality of care (31, 32). Admittedly, the uptake of digital technologies in healthcare can affect the doctor–patient relationship by reducing human contact and proximity (33). This effect has been substantially debated in the context of telemedicine (9, 12, 34, 35). In particular, the possible devaluation of the importance of continuous face-to-face interactions between patients and doctors, of non-verbal cues and of established ways of building empathy and rapport for economical or efficiency reasons have been highlighted (9). Notably, the impact of digital technologies (and telemedicine in particular) on the doctor-relationship might be very different depending on medical specialty. For example, it might be low for some interactions in dermatology, and completely reshape relations in the context of mental health specialties (35). Likewise, specific functions (image analysis/evaluation of health parameters vs. communication of diagnosis, for example) might also be impacted differently. These considerations reinforce the need to value patient context and preferences in order to improve quality in health, as superficial relationships (even if quantitatively informed) might lead to superficial care.

In a context of increased reliance on digital technologies, the trustworthiness of digital services and goods is fundamental to preserve the value of trust, to strengthen the doctor–patient relationship and increase healthcare quality (36). To achieve these goals, it is essential to rigorously assess the analytical validity and clinical validity and utility of digital technologies (37, 38). Particularly, validity assessment must consider scientific standards for market clearance and authorization, licensing and periodical evaluation, definition and enforceability of quality control norms, and professional requirements for usage and operation (including training, registration and authentication rules). However, despite ongoing efforts, audit and certification procedures are often variable, opaque and incompatible with the rhythm of technological progress (37, 39–41). Furthermore, clinical utility must be critically estimated and, subsequently, communicated to users, which involves the capacity to properly perceive and transmit technology's benefits and risks, as well as uncertain notions such as probability and variance. These issues, together with legal liability clarification and definition of malpractice norms across different geographies and jurisdictions, have been clearly identified as fundamental to guarantee that quality of care and patient safety are protected and hopefully improved during a sharp uptake of telemedicine and telehealth (8, 9, 34, 35).

Different health stakeholders will deliberate and define relations of trust differently (42). Nonetheless, in broad terms, the recommendation or adoption of subpar digital health services and products risks fostering mistrust in healthcare professionals, institutions and systems, which might ultimately affect the whole digital health field and the broader scientific endeavor (43, 44). As an example, paradigm cases like Theranos, in which a hyped promise to revolutionize the blood tests industry turned out to be fraudulent, illustrate the damage that can result from the lack of adequate scrutiny (45). Digital health has lessons to learn from this and other similar cases. Ultimately, the implementation of rigorous, updated and intelligible assessment models is a key component of the digital health promise to promote and advance ethics, evidence, and value-based healthcare (46).

In particular, the introduction of AI and machine learning algorithms in healthcare provides a relevant illustration of the growing need for dedicated assessment and validation. Although progress in the area of deep neural networks allows for assessment of algorithmic capacity using synthetic data, including medical images (47), peer-reviewed real-world clinical data must not be abandoned if poor accuracy or undetermined clinical utility are to be avoided (18). Cases like the IBM Watson-mediated promotion of unsafe and incorrect treatment recommendations to hospitals and medical doctors globally, illustrate how risky it is to adopt AI-based approaches without proper validation, particularly as these flaws can potentially affect large numbers of patients in a short timespan, severely affecting the elements of trust and quality in healthcare (48).

Finally, the extreme case of superficiality in contemporary and future medicine, some argue, is machinal healthcare (33). In fact, it might be precisely in healthcare that dehumanization might prove more costly as human vulnerability, hope, suffering, dependence and, ultimately, death are at stake (49). In accordance, healthcare practice extends beyond technical analysis to include ethics and morality. Interestingly, the competence of machines for moral reasoning, judgement and decision-making is a developing discussion (50–52). Either way, it would reinforce trust, promote quality and strengthen the doctor patient-relationship if digital health tools, and AI in particular, provide stronger incentives for healthcare professionals to focus on caring, compassion, and communication. These are fundamental skills, which are perceived by patients to be in decline (33, 53).



Transparency, Bias, and Exclusion

In order to achieve its highest aims while preserving trust, the uptake of digital technologies in healthcare must be transparent (40). In a world where data can be artificially created, it is increasingly important that the non-human dimensions of healthcare are disclosed, including the usage of models and algorithms, both in and outside the context of telehealth (9, 14, 15, 54). Therefore, medical decisions supported by digital technologies should be more transparent and understandable, in order to simultaneously guarantee accountability and avoid patient disenfranchizement and exclusion. For example, the incapacity to understand and scrutinize algorithm decision-making leading to less transparency, a challenge known as the black box problem, is currently subject to intense debate including in the healthcare context (55, 56). Notably, the “right to explanation” of algorithm decisions and requirements for human intervention are legally established in different jurisdictions (57). In contrast, some authors view a degree of uncertainty as inevitable and perceive these conditions as obstacles to progress (18, 58). Nonetheless, common ground can be found in the need for better integration of scientific disciplines to surpass hyper technical discussions (and limited understanding and explainability) in contemporary medicine in the context of digital health in general, and AI in particular. Consequently, adaptation of academic curricula to digital health developments should be prioritized (59). In parallel, the emergence of new health skills or professions that oversee the development of common languages, intersect different disciplines, assist in science implementation and facilitate interactions between different stakeholders is likely (60).

On a separate yet related note, flawed algorithms can feed into human bias and potentiate discrimination (61, 62). Moreover, as the widespread use of facial recognition technology (FRT) edges closer, questionable studies portraying facial traits as proxies for different characteristics (including economic condition, emotional status, and sexual orientation) multiply, raising justified concerns about bias (63–65). The same is true for extrapolating conclusions from online digital behavior (66, 67). Healthcare is not foreign to this debate as FRT can be used to diagnose medical and genetic conditions, for example (68). Notoriously, the issue of AI bias is still open and evolving (69, 70). Nonetheless, it is unreasonable to expect that simply dehumanizing the flawed dimensions of healthcare will per se facilitate fairer health outcomes. Expectedly, feeding AI with biased data will lead to biased and unjust decisions (71, 72). Hence, AI implementation in healthcare demands great responsibility (73, 74). Additionally, data is context-dependent and biased context can result in biased conclusions, as studies have shown (75). Conversely, decontextualization of data can also result in algorithm bias, flawed decisions, and discrimination (75, 76). These are renewed arguments to keep fairness and justice at the center of the healthcare debate.




ELSI OF DIGITAL HEALTH DATA PROCESSING


Autonomy, Consent, and Patient Participation

Grounded on the principle of autonomy, informed consent is a cornerstone of medical ethics. Valid informed consent requires a clear and precise acknowledgement of the situation, freedom from coercion (physical or psychological), and competence for decision making (or representation, in the case of minors and incompetent adults) (77). Notably, guaranteeing informed consent for heath research or care purposes, faces singular challenges in the digital era, including identity confirmation, remote evaluation of voluntariness, assessment of understanding levels and competence determination (78, 79).

Defining the scope of consent for health data processing is especially difficult. On one hand, single purpose consent is problematic as secondary uses are often necessary for research and care purposes and re-consent is impracticable (80). On the other hand, in an increasingly fluid ecosystem with expanding interactions between different stakeholders and infrastructures (hospitals, clinics, biobanks, research institutes, biotechnology, and pharma) and possible cycling of health data between health research and healthcare contexts, significant challenges are posed to classical informed consent models. Consequently, in alternative to otherwise open consent options, dynamic consent models have been proposed and justify continuous efforts of implementation (81, 82). Additionally, as health data anonymity is a commodity in an interconnected digital context, legal compliance, management of expectations and risk assessment and communication add extra pressure and complexity to the informed consent process (83–85). Furthermore, some types of health data (for example genetic data), might be shared by more than one person, blurring the limits of individual consent and rights while urging extra care in defining norms and interpreting the law (86).

Along with these challenges to informed consent, the issues of patient autonomy, participation and the doctor–patient relationship converge on other equally challenging digital health data trends. For example, health data can now be generated by patients themselves (via apps, wearables, and other digital means) (87). In parallel, healthcare interactions can be patient-initiated (requests of diagnosis and treatment, for example) (88). Thirdly, direct-to-consumer health services, including telemedicine and AI, are expanding (17, 89). These trends highlight the need to extract meaning and knowledge from large quantities of data, while protecting patients from misinformation, misjudgement and disenfranchizement (90). For example, individual and collective risks such as unjustified anxiety, false reassurance and overconsumption of scarce health resources are magnified by digital health illiteracy, neglect, or abandonment to excessive technicality (15, 17, 87, 91). Equally, confirming the accuracy of patient-generated health data and streamlining its integration with electronic health records should be harmonized if healthcare quality is to be promoted (92).

It is well-established that health illiteracy and the digital divide affect patient participation, possibly compromising access to healthcare (93–96). Therefore, to respect autonomy and promote patient participation, the most vulnerable (due to isolation, disability, age, illiteracy, and other factors) deserve special attention and protection. This implies rejecting a one-size-fits-all approach and tailoring digital healthcare encounters to individual needs and histories, which are told by different types of data. Among different digital health services and products, which can promote health data sharing and healthcare access, telemedicine has understandably gathered special recognition due to its proven capacity to extend healthcare access to isolated communities (35, 97). Nonetheless, challenges remain as some studies have also indicated that telemedicine services might contribute to medicalize the home context and end up worsening isolation and dependence in some cases (35). This fact further underlines the relevance of context-dependent assessment models and implementation efforts. Furthermore, as telehealth services grew quickly to meet demand in a context of reduced physical interactions such as the COVID-19 pandemic, one must not use the lack of immediate alternatives as an excuse for neglecting fundamental aspects of healthcare ethics. Particularly, the delimitation of professional responsibilities (clinical, administrative, and other) related with health data accessibility and sharing [including the clarification of End User License Agreements (EULAs)] and improved risk communication and cultural respect in digital interactions must be focused on in order to attribute real meaning to health data and achieve the highest hopes for this technology (9).

Finally, it is the human pondering of different alternatives that enriches the consent process and furthers patient participation and autonomy in healthcare. As machine learning algorithms gather more influence and prove to be increasingly autonomous, new challenges are posed to these ethical principles in the context of health data processing (98). Therefore, progress in healthcare should not consist in the promotion of machine autonomy at the expense of human autonomy. On the contrary, well-established human values in healthcare, such as integrity, conscientiousness and compassion must guide health data processing in a digital context and work as allies of digital health innovation.



Privacy, Confidentiality, and Security

The issues of privacy, confidentiality and data protection are recognized as fundamental rights in most jurisdictions and are especially challenging for digital health (99–103). The old debate surrounding the erosion of privacy and confidentiality in health settings endures (104, 105). For example, the protection of electronic health records has been widely recognized as insufficient (106, 107). Furthermore, privacy protection, data access, interoperability, and quality of recorded data are recurrently reported as ELSI of digital health, including of telemedicine (9, 12, 34, 35). Undoubtedly, health data processing is essential for medical and scientific progress and should follow transparent, balanced and fair rules (108–112). In order to strengthen fundamental rights in the digital age and regulate the free movement of personal data, including health data, the EU has adopted the General Data Protection Regulation (GDPR) (113). This broad ranging legal document reinforced mechanisms of data protection, including more transparency and accountability, mandatory impact assessments, pan-European validation of codes of conduct, certification procedures, and more severe sanctions (114). Furthermore, rights of data subjects were enhanced, including a right of access and rights to information, explanation, rectification, erasure, restriction of processing, data portability, object and not to be subject to automated individual decision-making (113). Due to its broad scope and recent nature, it is still early to judge the impact of GDPR in the health area. Additionally, harmonization of health data flows across jurisdictions is still problematic. For example, the successive European Court of Justice Schrems cases (115), leading to successive annulments of legal agreements regulating EU-US data flows, have impacted health research and healthcare (116).

In parallel, health data security has become a serious concern as poor protection measures combined with high transactional value, exacerbate the risk of violations and damages (117, 118). Particular cybersecurity concerns emerge from the expansion of digital health, including telemedicine and the multiplication of interconnected sensors and medical devices (119), which has rightly deserved regulatory attention (120–123). Ultimately, healthcare institutions should see their data security infrastructure strengthened and recent technological progress can provide the tools for risk mitigation (124).

In complement to data protection measures, responsible use of data is key. Especially, projects with public notoriety demand greater responsibility if public trust is to be preserved. For example, cases such as the Google Deepmind collaboration with the UK NHS (125, 126), NHS England's care.data programme (127), or “Project Nightingale” in the US, in which patient data was accessed by commercial companies without informed consent, emphasize the need for transparency, communication and responsibility in order to guarantee the positive impact of data sharing on healthcare. In contrast, opacity extends power imbalances and unprotects citizens (128). Therefore, clear and fair health data ownership rules, beyond the traditional property approaches, should continue to be developed and harmonized. These should guarantee patient access to their data (129) while limiting access and usage by third parties without a compelling interest. Moreover, different strategies can be adopted to encourage responsible use of health data. For example, investing in healthcare ethics literacy programs, implementing validated codes of conduct (institutional, national, and international), refining deontology rules (for health professionals and data scientists), protecting whistleblowers of data mistreatment practices, setting fair procedures, and imposing dissuasive sanctions (disciplinary, legal, and social) for confirmed misconduct. Obviously, such strategies must include electronic health records and health data shared in telemedicine settings, processed by mobile apps and medical devices, as well as AI algorithms (130, 131).




DISCUSSION

The digital revolution has impacted different areas of society, including healthcare (19). At the core of this transformation is an increased capacity to process large quantities of health data using digital means (15, 16). Big data in healthcare originates from different sources, including biological and social determinants, health records, environmental signals, habits, and behaviors (19, 132, 133). Against this backdrop, telemedicine and telehealth services expanded significantly in recent years, particularly during the COVID-19 pandemic (10). Furthermore, AI applications are gaining ground in complementing even the most knowledgeable or skilled professionals (134, 135). Concomitantly, a new era of precision healthcare is promised, where the right individual and public intervention is available for the right patient or population at the right time (136–141).

In this context, the optimization of health data processing using digital means and the general uptake of digital technologies can rightly be perceived as health enablers. In parallel, compelling related ELSI must be considered and dealt with.

Expectedly, healthier activities and wiser health choices should result from better data science. In this sense, digitally-mediated health data processing can promote individual autonomy and patient empowerment (142–144). However, the adoption of healthy behaviors does not emerge linearly from better health information (which must be extracted from health data) as human decision making is complex and affected by context and cognitive biases, combining emotion and reason. Therefore, data-assisted decision making in healthcare, justifies a closer collaboration between healthcare professionals, decision, and data scientists and ethicists (15, 33). In fact, the links between health data and statistics literacy and healthcare quality is a classical debate, which is expected to intensify (145). Indeed, the adoption of digital technologies has the potential to improve the volume and quality of health data processing in order to expand knowledge to professionals and patients alike. However, a lack of common platforms and cross-disciplinary languages to deal with increasing technical complexity are significant challenges (146). Also, can technology, data and analytical models alone capture human vulnerability, suffering, fears, hopes and potential? Evidently not. Nonetheless, these can elevate the standard of care by providing healthcare professionals with invaluable (an otherwise inaccessible) information and knowledge, while alleviating the burden of repetitive and laborious tasks to focus on compassion and emotional connections, which are associated with the highest quality (15, 33). To this end, patient stories, particularly those of the most vulnerable, must be heard and understood and one must be mindful that health data misuse can contribute to misinformation, poorer care, reinforced exclusion or stigmatization. Notably, such risks are exacerbated if human health and disease are looked at from a purely quantitative lens (147–150). There is, however, cause for optimism as digital technologies can also be used to promote scientific robustness and tackle the very risks it potentially generates (151–154).

Balanced health data processing and usage of digital technologies to improve healthcare quality is a matter of public interest. Presently, there is significant data access asymmetries between citizens, corporations and governments (128). Therefore, urgent efforts are necessary to reach an inclusive and democratic deliberation leading to the simultaneous advancement of science and human rights. Importantly, digital technologies can advance the fulfillment of the human right to health. Specifically, they can improve the availability of health facilities, services and goods; increase the acceptability of practices (by incorporating medical ethics and approximating cultures); raise the quality of scientific and medical services, goods and professional skills; and promote access without discrimination (155, 156). The specific issue of fairness regarding access to digital technologies has been a key topic in the context of the accelerated uptake of telemedicine. This is particularly relevant as those who are more likely to benefit from this technology and its applications (isolated communities, including in rural areas) are also those who, predictably, are less capable of affording or using them (35). Therefore, public and individual interests must be properly balanced in order to maximize the potential of this technology while respecting human rights. Additionally, big data, telehealth, machine learning algorithms and the era of individual profiling might be ingredients for deeper discrimination and stigmatization (142). In summary, the positive application of digital technologies and data science in medicine and public health should promote, not defer progress in social justice.

In conclusion, the ELSI of the digital health field (Table 1) are compelling and proportional to the positive impact of digital technologies in healthcare. Consequently, normative orders such as law and ethics should act as beneficial limit-setters and promoters of just, creative and innovative realities. Accordingly, digital health ELSI convoke ethicists, legal scholars, patients, scientists, health professionals, health providers and payers, regulators, managers, and other decision makers to play a role in this fascinating field, which promises to decisively shape the way health and disease are perceived, assessed and managed in the future (157, 158).
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Objective: This systematic review aimed to discuss the effects of a zero-markup policy for essential drugs (ZPED) on healthcare costs and utilization in China in the years 2015–2021.

Methods: We searched the PubMed, Embase, Scopus, and CINAHL databases for all associated studies carried out from January 1, 2015, to May 31, 2021, without any limitations regarding the language the studies were written in. To prevent selection bias, gray documents were tackled by other means. The methodological approaches were assessed by applying the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines and the Newcastle-Ottawa Scale (NOS) collaboration tool.

Results: Forty studies were selected at first and then 15 studies that met the inclusion criterion. Most of the studies showed a considerable decrease in total medical spending and drug spending in both outpatient and inpatient services. After the implementation of ZPED, studies showed that the medical services increased and total hospital income sustained, despite a decrease in drug revenue. Minimal or no government subsidy is required from a financial perspective.

Conclusions: Although, the government could implement ZEPD with lower medical cost and drug cost to patients, and sustained income for health facilities, we have limited understanding of whether the increase in medical services was induced by the provider or was a response to unmet needs in the population. Further, studies using rigorous and advanced methods to study health policy, patient behaviors, provider behaviors, and government decisions are warranted.

Keywords: zero-markup policy, medical expenditure, systematic review, China, healthcare


INTRODUCTION

The Policy on Drug Markups (PoDM) implemented by the government in 1954 allowed medical institutions in China to increase drug prices by a maximum of 15% (1). From the 1980's, it became evident that patients were struggling with obtaining medical care due to the insufficient fiscal allowance and increases in drug costs (2). The Chinese government launched a campaign of clinical health modernization to mitigate these problems and implemented the zero-markup policy for essential drugs (ZPED) in 2009. The ZPED mandated that the markup from medication bills could no longer be retained and that 10% of the original 15% markup under the PoDM would be substituted by fiscal allowance. The answer for the remainder of the discharge was believed to be a preposterous method, and it was thought that diagnostic expenses would be increased to obtain 80% of the former markup. The others were the main parts of the hospitals themselves (3).

Even though the implementation of ZPED was essential to restrict the increase in drug prices, it could not prevent patients from experiencing financial difficulties, which are now caused by paying for other treatments rather than expensive drugs. For instance, when the policy was initially implemented (2009–2011), the pharmaceutical fees of patients per visit were decreased, particularly in rural areas and counties. An evidence-based study showed that the substitution effect of medical consumables offsets the decrease in total expenditure in the long term (4). Hospitals that rely on earnings by drugs to cover their costs could be mitigated by ZPED (5). From 2011 to 2015, this strategy was no longer a pilot scheme and came to be used in all county-level hospitals in China. However, medical expenses were still rising, in spite of efforts to control the increase (2). This meant that hospitals were able to increase their spending on other medical areas covered by ZPED, such as discharge diagnosis fees, nursing payments, surgery expenses, and treatment fees (2).

Most previous studies on this topic focused on the enduring effects of ZPED on expenses of patients per visit, in particular, drug costs, but neglected the overall cost of the process of therapy. Therefore, this systematic review aimed to discuss the effects of ZPED on healthcare costs and utilization in China from 2015 to 2021.



MATERIALS AND METHODS


Data Sources and Selection

We searched the PubMed, Embase, Scopus, and CINAHL databases for all associated studies carried out from January 1, 2015, to May 31, 2021, without any limitations regarding the language the studies were written in. To prevent selection bias, gray documents—for example, OpenGrey and Open Access Theses and Dissertations—were tackled by other means. We performed a search of the aforementioned electronic databases, applying keywords included in the title and/or abstract as follows: (“pharmaceutical*” OR “drug*” OR “medicine*”) AND [(“zero”) AND (“markup” OR “mark-up”) AND (“China”)]. The selection sheets of the associated studies were evaluated manually to identify comparable works (Table 1). Due to the fact that no study patients were enrolled, as we only used published studies, it was not necessary for us to obtain approval from the institutional review board (IRB) for this systematic review. Two reviewers evaluated regular studies that assessed the effects of ZEPD on the annual medical expenditure per subject and the expense of courses of therapy. Disagreements were resolved via conversation with a well-trained third reviewer. The studies we selected were original articles rather than letters to the editor, editorials, commentaries, or congress documents. The results of these included investigations should be related to the financial indicators of medical institutions. For instance, we aimed to find data on the total expense per inpatient or outpatient visit, the costs of drugs per visit, the number of visits a patient required, etc.,


Table 1. Search strategy in PubMed up until 31th May 2021 (similar search run in other databases).
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Data Extraction and Quality Assessment

The Newcastle-Ottawa Scale (NOS) was used for quality assessment (6). This is an approach that has been proven to be effective for appraising methodological quality in non-randomized controlled trials. The two reviewers also summarized the relevant features of the selected studies using a standardized data collection form. Table 2 indicates the results of the quality ratings. Each asterisk means one star, and the total scale of NOS is the summation of the stars (nine is the maximum), which are allocated for selection (four stars), comparability (two stars), and outcome (three stars).


Table 2. Quality assessment of included studies using the Newcastle-Ottawa Scale (NOS).
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Data Synthesis

Four extensive outcomes were considered: (1) medical cost; (2) drug cost; (3) healthcare utilization; and (4) others (facility revenue, drug revenue, and government subsidy). The baseline and intervention for the outcome variables were evaluated.




RESULTS


Characteristics of the Included Studies

As shown in Figure 1, our investigation started with 40 records after ruling out repeats. We discarded 25 records that could not fulfill the selection criteria. Fifteen studies (including retrospective cohort studies, time series studies, and quasi-experimental studies) were eventually included (1–5, 7–16). Table 3 outlines the features of the selected studies. All of the studies included were from China. Not all studies were classified as having more than seven stars based on the NOSs, and some were believed to be of lower quality. Table 3 also shows the various estimated results.


[image: Figure 1]
FIGURE 1. PRISMA (Preferred Reporting Items for Systematic Review and Meta-Analyses) flow diagram. (CINAHL: Cumulative Index to Nursing and Allied Health Literature; QATD: Open Access Theses and Dissertations).



Table 3. Characteristics of included studies in China.
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Medical Cost

The total expenses decreased by 3.12 and 65.6 U.S. dollars for outpatients and inpatients, respectively, per visit according to the quasi-experimental study design. The expense of each visit was predicted to show a decrease of 11% for both outpatient and inpatient medical services (5). One retrospective follow-up study showed that there was an increase in the annual number of patient visits (8). Another study revealed that there was a significant reduction in the expense of hospitalization per month (2). In addition, an increase in expenditure on clinical services was noted, while no alteration in overall healthcare costs was observed (10). The medication reform did not manage to longitudinally decrease the overall health expenditure of the patients (3). The great growth in the investment of the government in hospitals offsets the revenue from the sales of Western medicine, meaning that the zero-markup drug policy (ZMDP) can be considered a success; however, whether the investment of the government can last for a long duration is a factor that needs to be considered (13). A positive relationship was also found between the compensation for the situation of services and the contents of the annual income of clinical services (1). However, no meaningful modification of the average medical expenditure per treatment was noticed (12).



Drug Cost

One selected study revealed that not only the costs of drugs per patient visit declined by 4.47 U.S. dollars (outpatient services) or 45.75 U.S. dollars (inpatient services) but also the proportion of money spent on drugs out of the overall medical expenditure per patient visit decreased by 11.73% for outpatient visits and 3.92% for inpatient visits (5). Another study showed that the implementation of ZPED was associated with a reduction in the use of antibiotics (11). ZPED succeeded in removing the profits from Western medicines from the revenues of county hospitals without significantly disrupting their normal operation (17). In addition, the change in policy caused a reduction in drug expenditure (10). The medication reform was only able to decrease drug expenses in the short term (3). One study showed that the number of medicines prescribed per patient and the use of antibiotics, intramuscular injections, and intravenous injections reduced, while the use of hormones increased (12). The total drug expenditure decreased by 14.4%, while the drug expenditure of outpatients with chronic diseases in tertiary hospitals was reduced due to the implementation of the ZPED (14, 16).



Healthcare Utilization

With regard to the reduction in the ratio of medicine to healthcare charges in services to patients, both outpatient and inpatient services showed increases in the annual number of patient visits (8). ZPED may be associated with decreases in antibiotic prescriptions and intravenous infusions for outpatient visits (9).

The provision of outpatient services increased in the treatment group by 28.55%, while the provision of inpatient services increased by 16.17%. The provision of outpatient services was similar to that of the control group, and the provision of inpatient services only increased by 1.31%. Following the implementation of a zero-markup policy, the provision of outpatient and inpatient services in the treatment group increased by 9,697 and 398 visits, respectively [27].



Others

The great reduction in expenditure on drugs caused more physicians to induce patients/healthcare service needs. The separation of hospital revenue from drug sales (SHRDS) policy is not an effective means of controlling healthcare expenditure (16). In addition, the increase in inpatient physician workdays decreased the mortality rate of inpatients. Workloads and inflation-adjusted per visit medical care charges of physicians increased in the outpatient services (8).




DISCUSSION


Clinical Implications of a Zero-Markup Policy

Few systematic reviews have been conducted to explore the effects of ZPED for essential drugs on healthcare costs and utilization in China. Based on the included studies, we showed that there were considerable decreases in both the drug cost and the total expenditure per patient visit. Medical services also revealed increasing levels of inpatient visits annually. In China, the economic benefit of prescribing medicines was most regularly referred to as a reason potentially causing the illogical use of medicines in a previous systematic review (18). However, the improvement of the reasonable use of medicines still has many unpredictable deficiencies. ZPED covers national-level medicines, while lower-level governments develop the list according to local requirements. The main effect of the medical policy is to avoid hospitals not only being seldomly sufficiently reimbursed but also from having to deal with financial embarrassments due to the complicated medical circumstances involved (19).

ZPED has been proven to decrease the medical costs of patients, leading to the reform of the inpatient and outpatient structures (20). Hospitalization does not depend on the cost of outpatient care (20); however, both outpatient medical care and inpatient medical care are determined by medical factors, such as the health status of patients. Outpatient care is a short-term medical service that does not require an overnight stay in a hospital or a medical facility. Meanwhile, inpatient care involves continuous processes between patients and medical staff, in which the perception of the interaction of inpatients between the environment and service process is valued (21). Further studies should be conducted to explore the improvement of the medical care service system, the public health system, and the drug supply system. In addition, the results from the behavioral economic studies have indicated that people often make decisions according to not only absolute but also relative changes in price (5, 22). This manner is at the polytechnic of relative thinking theory, which shows that people are affected more by relative changes than absolute changes in a given initial stage (5).

In addition, the results of the selected studies concern the cost containment policy of healthcare, which changes prices for drugs and medical services. Changing prices is a broadly applied policy instrument in most Western countries (10). Rules and regulations of price alone would not yield a successful decrease in expenses because healthcare providers could avoid regulations by message merit. It is a fact that China experiences pressure regarding healthcare. Increasing the provisions of other medical services by increasing prices may compensate for the loss of revenue in most public hospitals in China (10).



Clinical Practice of Zero-Markup Policy

This systemic review showed that there has been a major improvement in drug costs and the number of patient visits in spite of there being some heterogeneity in terms of total expenses. According to these findings, medical teams should set up a customized agreement to manage or decrease medical expenses using ZPED due to the growth or reduction in healthcare costs primarily being dependent on hospital practices (23). For example, both outpatient and inpatient payments were reduced in health centers in towns but not in those of county status or above (8). The monitoring system should include a longitudinal evaluation with advanced and alternative approaches for the improvement of expenditure.

The zero-markup policy for essential drugs plays an important role in decreasing the cost of drugs for chronic non-communicable diseases, such as type 2 diabetes, hypertension, metabolic syndrome, coronary heart disease, and cancer (21). In China, urban employees with basic medical insurance cannot afford outpatient expenses. Outpatient expenses could be deducted from the amount in the personal account, such as a partial return of the paid amount (16). A previous study also demonstrated that the abolishment of the drug markup fee at public hospitals has more predictable benefits for patients if they are urban employees with basic medical insurance (24). In addition, due to the limited reimbursement rate for patients who are urban residents with basic medical insurance, such patients may be more inclined to purchase drugs independently outside of the hospital, meaning that the execution of the ZPED in tertiary hospitals is less effective on medical costs. In contrast, urban employees with basic medical insurance may have a relatively higher awareness of reasonable drug use or may be more willing to make the decision to purchase drugs at hospitals (16).



Methodological Considerations

Several methodological perspectives should be addressed when applying the findings of this systematic review. First, the relatively small number of selected studies limits the power of our conclusions. Second, the included studies vary in terms of methodological quality, which may have introduced some risk of bias. Third, from a statistical viewpoint, it is worth using either qualitatively or statistically presented aggregated evidence; however, it would be difficult to conduct a meta-analysis of the selected studies because the included studies do not provide consistent information. Finally, the findings might not be able to be generalized to other medical institutions, as the studies we included were conducted in only a few areas of China. The external validity of our outcomes should also be further explored.



Conclusions

Although the government could implement ZEPD with the lower medical cost and drug cost to patients, and sustained income for health facilities, we have limited understanding of whether the increase in medical services was induced by the provider or was a response to unmet needs in the population. Further, studies using rigorous and advanced methods to study health policy, patient behaviors, provider behaviors, and government decisions are warranted.
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Background: Our aim is to identify the core building blocks of existing implementation frameworks and models, which can be used as a basis to further develop a framework for the implementation of complex interventions within primary care practices. Within the field of implementation science, various frameworks, and models exist to support the uptake of research findings and evidence-based practices. However, these frameworks and models often are not sufficiently actionable or targeted for use by intervention designers. The objective of this research is to map the similarities and differences of various frameworks and models, in order to find key constructs that form the foundation of an implementation framework or model that is to be developed.

Methods: A narrative review was conducted, searching for papers that describe a framework or model for implementation by means of various search terms, and a snowball approach. The core phases, components, or other elements of each framework or model are extracted and listed. We analyze the similarities and differences between the frameworks and models and elaborate on their core building blocks. These core building blocks form the basis of an overarching model that we will develop based upon this review and put into practice.

Results: A total of 28 implementation frameworks and models are included in our analysis. Throughout 15 process models, a total of 67 phases, steps or requirements are extracted and throughout 17 determinant frameworks a total of 90 components, constructs, or elements are extracted and listed into an Excel file. They are bundled and categorized using NVivo 12© and synthesized into three core phases and three core components of an implementation process as common elements of most implementation frameworks or models. The core phases are a development phase, a translation phase, and a sustainment phase. The core components are the intended change, the context, and implementation strategies.

Discussion: We have identified the core building blocks of an implementation framework or model, which can be synthesized in three core phases and three core components. These will be the foundation for further research that aims to develop a new model that will guide and support intervention designers to develop and implement complex interventions, while taking account contextual factors.

Keywords: primary care interventions, implementation, implementation frameworks, implementation models, implementation process, implementation science


INTRODUCTION

Initiating and sustaining change within primary care is challenging (1). Most change that is introduced in primary care takes the form of a complex intervention, meaning that it involves concepts that are rather difficult to measure and its components are often interconnected (2, 3). Nowadays, there are increased efforts to shift toward a more patient-centered approach (1), as this proves to improve disease outcomes and quality of life (4). However, such a shift highly challenges current primary care practices and there is therefore no consensus on how to best implement it (5). This indicates a gap between scientific evidence and actual practice: an evidence-to-practice gap (3). This can also be referred to as “the black box of knowledge translation” (6), meaning that much uncertainty exists about understanding why evidence-based practices do not find their way into real world settings and investigating how such complexities can best be approached.

Concrete initiatives and strategies for implementation often do not match with targeted problems (7). In the end, too much is expected from practitioners' ability and goodwill to consult, interpret, and adapt their practices in line with best evidence of research findings (8). The World Health Report 20081 stated that “providing a sense of direction to health systems requires a set of specific and context-sensitive reforms that respond to the health challenges of today and prepare for those of tomorrow.” It is thus key to carefully define specific interventions that aim to transform current practices, while at the same time tailoring them to local circumstances (9, 10). To do this, it is essential to gain insight in the process of implementation as well as in potential barriers and facilitators that might hinder or support the implementation process. This is studied in the field of implementation science, which is “the scientific study of methods to promote the systematic uptake of research findings and other evidence-based practices into routine practice (11).” The goal of implementation science is to close the gap between evidence-based practices and the extent to which research findings are integrated into real world settings and practices (3, 12).

Within the field of implementation science, many theories, models and frameworks have been created by various disciplines. Moreover, there is a variety of guidelines and tools aimed at facilitating the integration of knowledge of implementation science into either the development or the initiation of interventions and how to document this process. Examples are the ImpRes tool (13), NCEC Implementation Guide & Toolkit for National Clinical Guidelines (14), RNAO Toolkit: Implementation of Best Practice Guidelines (2nd ed). (15), STaRi Standards for Reporting Implementation Studies (16) and Implementation Research Logic Model (17). However, the landscape of implementation science is rather difficult to navigate, as there is a lack of guidance for selecting theories, frameworks, models, or tools that best fit specific implementation objectives (18). A first step toward a better comprehension of such guidance on implementation efforts and to focus on concepts that are more meaningful to the actors in the field, is to gain better understanding in the common thread throughout the wide variety of models and frameworks that form the basis of such tools.

Current approaches to guide the implementation process are mainly characterized by a single-discipline, medical perspective in which a limited number and types of barriers are taken into account (19). This is insufficient to provide a deeper understanding of implementation success or failure or to increase the chance of success of the implementation (20). Existing frameworks and models tend to incorporate a selection of barriers, but do not allow to give more guidance about their validity or relative importance in specific contexts (20). Moreover, many frameworks and models remain very abstract and fall short in giving concrete guidance for intervention designers on how to navigate the implementation process (21). As many of such frameworks or models remain untested, this again questions their operability (7).

Therefore, an overarching framework is needed that provides both an explanatory approach (3), but also allows to prioritize those variables that are essential to achieve implementation success (22). This means that such a framework should provide a pathway that clarifies the core phases and steps throughout an implementation process and that highlight the core constructs that, within each phase, need to be defined, acted upon, and reflected upon. These phases and constructs should be accessible and meaningful to actors that will conduct implementation efforts. It is key for such framework to transcend disciplines and to bundle insights from different approaches (7).

This research is a first step in the development of a generic framework that incorporates such an approach. We therefore looked into existing theories, models, and frameworks from implementation science and combined insights across various disciplines. The similarities and differences between various frameworks informed us about the main building blocks of such frameworks and about how and why they differ. In doing this, we were guided by a rather broad research question: “What are the main components of implementation frameworks and models in order to structure and guide implementation processes?” This resulted into the identification of core building blocks that form a common thread throughout implementation models and frameworks. Such synthesis will in future research help to develop an overarching model that puts forward clear and meaningful constructs for intervention designers, and that provides both a pathway as well as an explanatory structure to define, act, and reflect upon each component of a complex intervention.



METHODS

To determine the building blocks of an overarching implementation framework, we conducted a literature review. Various disciplines were represented in the included literature, for which the initial search had been conducted by a multi-disciplinary team of medical researchers, sociologists, social work, and agogic sciences. We opted for a narrative review, which can be defined as “comprehensive narrative syntheses of previously published information (23)” and which helps to “pull many pieces of information together into a readable format (23).” This reviewing technique is particularly helpful for grasping a broad perspective on a topic; it enables us to transcend a purely medical view on primary care and incorporate other perspectives such as social welfare. Moreover, since the field of implementation science is rather fragmented and consists of a wide range of sources, it requires a wider scoping (24). Instead of focusing on a more rigor methodology to answer a very specific, narrowly-focused research question (24), a narrative review allows for interpretation and critique, aiming to deepen the overall understanding of the subject specifically targeted at our problem (24). This corresponds to our goal to identify and possibly simplify the complexities of implementing an intervention by extracting the core phases and components that are common in most models. According to Green, Johnson and Adams (23), a successful narrative review synthesizes available evidence in relation to a topic and present it in a structured way, conveying a clear message. Our aim is thus to provide an overview of existing implementation frameworks and models and to analyze how they are structured and build.

Our initial search started with articles that were key in identifying other models and frameworks: Nilsen (25) which categorized many frameworks and models and Damschroder et al. (26) which provided a list of references on which the consolidated framework for advancing implementation science was based. Our search continued with consulting the three databases PubMed, Web of Science, and Google Scholar, which are most commonly used in this type of literature. The key words that were used are listed in Table 1. Article titles and abstracts were screened for references about a specific framework, model, or theory for implementation, followed by an additional search for theoretical papers on these frameworks, models, or theories. Subsequently, the search terms were adapted and redefined based upon our findings, thus creating an iterative process that ensures covering literature in a comprehensive way (27). Also, a snowball approach was used and additional literature was found in the references of the papers.


Table 1. Overview of the process of searching articles.

[image: Table 1]

Articles were searched for and consulted between October 2019 and May 2020. They were mostly published between the years 2000 and 2020, but we did include some older source material if a model or framework was considered to be relevant (e.g., the paper was often referred to by other relevant articles). All articles were available as full text in English. We looked for articles which primarily consisted of a theoretical elaboration (and/or application) of a specific framework or model. Frameworks and models that were highly targeted toward a single case or strategy were excluded, as they were difficult to generalize for overall primary care settings.

To compare and analyze the frameworks and models, they were listed and classified according to Nilsen's (25) categorization (see: Table 2). We built our analysis upon process models and determinant frameworks, as they allowed to extract clear steps, actions, barriers, and facilitators that can be transformed into guidance for intervention designers, which was the main aim of our research. For additional understanding of the component evaluation that came up in several models and frameworks, we also looked into three evaluation frameworks. Several classic theories [e.g., Theory of Diffusion (28)] and implementation theories [e.g., Normalization Process Theory (29)] were initially identified, but were not included in our analysis as their approach and structure did not match with our goal to extract clear building blocks of an implementation process that could be used to reconstruct a generic framework.


Table 2. Five categories of theories, models and frameworks used in implementation science.
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To analyze, all relevant frameworks and models were listed in an Excel file, with an overview of how they were constructed. For process models, their main phases (steps, stages) were listed, together with relevant details or components within the process they described. For determinant frameworks, the main components (constructs, elements) were listed, together with any details or further clarification about each of the components described. The first step to analyze was to bundle each of the phases or components that had a similar approach or meaning. This was done by the main researcher and validated by the three senior researchers. An overarching concept was appointed to each group of concepts. Then, NVivo 12© was used to structure the main themes and concepts and to analyze their similarities and differences. The overarching concepts were entered as the main nodes in NVivo 12©, whereby details or explanation about each concept from the different models and frameworks were again coded when we noticed overlap with approaches from different frameworks or models. By structuring the phases and components this way and by analyzing the details that were given for each component, we could synthesize it into core building blocks.



RESULTS

Fifteen process models and 17 determinant frameworks were identified. Four models had characteristics of both a process model as well as a determinant framework: the Conceptual Model of Evidence-Based Practice Implementation in Public Service Sectors (22), the Consolidated Framework for Implementation Research (26), The Ottawa Model of Health Care Research (30) and the Generic Implementation Framework (19). The frameworks or models focus on various domains. They were either developed specifically to apply within a certain research domain or development was based upon a single discipline. Table 3 gives an overview of the process models and determinant frameworks that were incorporated in our analysis per research domain. As we have only included English literature, this is largely represented in the geographical distribution of the included literature: 18 articles derive from authors affiliated with institutions located in the United States of America, 5 in the United Kingdom, 2 in Canada, 1 in Australia (in collaboration with a Spanish and Portuguese institution), 1 in Ireland, and 1 in Sweden.


Table 3. Overview of process models and determinant frameworks per domain.
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Through analysis of both process models and determinant frameworks, we were able to grasp (1) a logical pathway in which different actions need to be taken in order to successfully implement a complex intervention, and (2) the main building blocks of which the intervention consists.

Table 4 gives an overview of the 15 process models with the main phases, steps, or requirements we could detract in each model (67 in total) and Table 5 gives an overview of the 17 determinant frameworks and the main components, constructs, or elements that were put forward in these frameworks (90 in total). This served as a basis on which we detracted the common thread in each of these models and frameworks. We identified three main phases which most models have in common: a development phase, a translation phase, and a sustainment phase. Throughout all process models, 54 phases, steps, or requirements could directly be linked to these three phases. We also identified three main components: the intended change, the context, and the implementation strategies. A total of 67 components, constructs, or elements from all determinant frameworks could be directly linked to these three main components (see: Table 5). Thirteen components from 10 different process models could also be linked to these three main components (see: Table 4). Additionally, 17 components from 10 different determinant frameworks could indirectly be linked to the three main components as either outcomes, actors or processes (see: Table 5), leaving only 6 components that were not linked to the core phases and components we identified.


Table 4. Overview of process models with their main phases, steps, or requirements.
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Table 5. Overview of determinant frameworks with their main components, constructs, or elements.
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The three core phases we identified simplify the implementation process and are relevant to distinguish between different actions that need to be taken at different points in the process. The three components we identified are the core building blocks of the intervention: the way these components are approached and interact with each other will determine implementation success. Therefore, intervention designers need to reflect on how to approach each of the components within each of the phases.


Phases of an Implementation Process

To examine different phases of an implementation process, we look at process models, as defined by Nilsen (25). Such models are built to make sense of the different phases or steps of the implementation process of an intervention (25). The goal is to construct and clarify a “logical pathway” that can give concrete guidance for intervention designers. Many models were designed with the objective of translating research evidence into real world practice (33, 39, 44, 46) or the so called shift from knowledge to action [cfr. Wilson et al. (46)]. They tend to depart from an evidence base that needs to be translated into real world settings (33, 39, 44, 46). Other models incorporate a research development phase (38, 46, 47) in which best practices are still to be defined.

We find variation among models as to what is viewed as the main process of implementation. In some models such process takes the form of a stepwise approach to ensure successful implementation of an intervention (30–32, 42, 49, 51). Nilsen (25) calls these action models. They are built upon critical steps or phases that need to be followed or focused upon in order to reach successful implementation. These main phases or steps can either be aimed at the implementation process itself (31, 32) or at the process of using research to initiate change (42, 51). In such models, key drivers or components tend to be highlighted that are necessary for change (33, 49) and/or they have a thorough focus on those strategies that will lead to sustainable change, which is referred to as general implementation strategies (31), transfer strategies (30), capacity-building strategies (32) et cetera.

Another approach for describing a process is to have models differentiate between the main phases of how implementation efforts takes form, in order to make sense of the implementation process itself (22, 38, 43, 45–47). These models describe similar phases. They distinguish between either a development (38, 47), preparation (43) or exploration phase (22, 45), a pre-adoption phase [such as piloting (38), installation (45), or the intent/decision to adopt (22, 43, 47)], an actual implementation- (22, 38, 45, 47) or translation phase (43, 46) and a sustainment (22) or institutionalization (46, 47) phase. We reduce these models to three core phases: a development phase, a translation phase and a sustainment phase—as depicted in Table 6. This is a simplification that is relevant for intervention designers and practitioners, as these phases make most sense to them as distinct phases that require other types of action from them.


Table 6. Overview of process models in relation to a development phase, translation phase and sustainment phase.
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Development Phase

The development phase is the initial phase in which preparatory activities are conducted in order to successfully introduce the intervention. In the different models, various elements are considered to be relevant in this initial phase, which leads to a variety of actions that can be taken to prepare for and develop an intervention. Overall, the development phase comprises:

1) Synthesizing or collecting research evidence on which an intervention can be based;

2) Exploring the host setting;

3) Considering the overall fit of an intervention within a particular setting;

4) Ensuring readiness and intend to adopt the intervention.

Most models require that intervention designers synthesize existing evidence (38, 39, 42, 44), or that they conduct their own (discovery) research (44, 46). This will lead to either a theory (38), approach or practice (46), or research findings that can be translated into an evidence based practice (EBP) standard (42) or guidelines (44). Other models have a different focus and depart from the idea of planning (26) for an intervention or a more general exploration phase (22, 45). This is less focused on research translation and more intended to gain awareness of an issue (22), and to explore practices and implementation strategies that might respond to this issue (22). Exploration could also refer to assessing the feasibility of implementation intentions or examining the readiness of the setting in which an intervention should take place (45). This is in line with Meyers, Durlak and Wandersman (32) who mention the importance of “initial considerations regarding the host setting,” which refers to exploring whether there is a fit between an intervention and the host setting.

The fit between an intervention and the host setting (32, 45) can be linked to the need to asses contextual factors in this initial development phase (10, 53). The Ottawa Model of Health Care Research refers to “assess” as a first step, which means that the implementation environment, potential adopters, and the evidence-based innovation itself have to be examined (30). This is relevant when trying to assess the feasibility and compatibility of the intervention within a specific context. Pronovost et al. (39) mention a barrier assessment, which is a similar approach as the Conceptual Model of Evidence-Based Practice Implementation in which much emphasis is placed on mapping various hindering and promoting context variables in order to increase implementation success (22). These models recognize the importance of scanning contextual variables to identify barriers and facilitators that will affect implementation efforts.

Lastly, some models incorporate the decision or intend to adopt as a key element of the initial phase (22, 30, 43, 47). Lukas et al. (49) refer to this as the “impetus to transform,” which indicates that the decision to adopt a certain intervention is affected by various elements (22). This relates back to overall practitioner readiness (45), and the fit between the intervention and the setting in which it will be implemented (32, 43). According to the Quality Implementation Framework, a key step in the initial phase is also to create a structure for implementation (32). This can mean having a plan for implementation (32), but also to form a team that is dedicated to ensure implementation of an intervention (32, 42). The CFIR also recognizes the importance of engaging different actors that are involved in the intervention and views it as one of the core activities in the first phases of developing an intervention (26).



Translation Phase

Many frameworks refer to an implementation phase (22, 38, 42, 45, 47). It can also be called executing (26), adoption (30), improvement initiatives (49), or practice integration (44). Following the definition of Blanchard et al. (45), the core of this phase is to integrate the intervention into everyday practice, relying on the preparatory work started in the initial phase. We decided to follow the approach of the NCCDPHP Knowledge to Action Framework for Public Health (46) and the Stetler Model of Research Utilization (43) in which this phase is called the translation phase. They view the implementation process as translating research into practice. The core of these phases is however similar: it refers to the entire process of putting research into practice (46), thus implementing change into real world settings. In short, the actions that are key within the translation phase are:

1) Introducing the intervention by applying the strategies as defined in the development phase;

2) Monitoring how different components interact with each other to ensure continuous improvement.

All models with a translation phase will agree that key activities within this phase are applying those strategies (30, 45) or types of support (42, 46) that have been defined in the development phase, in order to introduce the intervention. For example, training or coaching is organized (45, 46), leadership- or communication structures are put in place (42, 49), technical assistance is provided or financial resources are made available (46). The Ottawa Model of Health Care Research (30) sees this as a monitoring phase, which means that strategies for introducing and implementing the intervention are to be observed and adjusted if necessary. Within the Research Utilization Model (47), the term “adaptation” is introduced, which means that “over time, an innovation, the social system into which it is introduced, or both, may change or be modified to facilitate use of the innovation.” This suggests that interaction is expected between the intervention, the strategies used and the context or setting in which the intervention takes place.



Sustainment Phase

Seven process models that we included in our analysis mention some form of sustainment phase. Aarons et al. (22) directly incorporate a sustainment phase and define it as “the continued use of an innovation in practice.” This corresponds with what is named the “institutionalization phase” in the NCCDPHP Knowledge to Action Framework for Public Health (46) and the Research Utilization Model (47). Institutionalization of an intervention means that the intended change within an intervention becomes an established activity or norm within the setting it is implemented (46). It becomes integrated into the routines and practices of this setting (47), and it should be ensured that the intervention is applied to all of whom it is aimed (39). Central in the sustainment phase is:

1) Applying the strategies as defined in the development phase to help sustain the intervention;

2) Reflecting upon the actions taken and ensuring continuous improvement.

Indeed, the aim of the sustainment phase of an intervention is that the intended change is maintained and becomes part of the daily routines and practices. This goes beyond a mere adoption of an intervention. The Organizational model for transformational change in health care systems (49) incorporates a similar idea, which is referred to as integration. Blanchard et al. (45) also *speak of integration of new learnings into practice, which they call full implementation. All of these imply that an intended change is adopted and in time harmonizes with, or replaces previously existing practices and activities.

A sustainment phase is also the phase in which continuous improvements ensure a fit between the intervention and the setting in which it is implemented. The Quality Implementation Framework (32) sees the improvement of future applications as the core of this final phase. This is learning from experience. Through reflection and feedback from the setting in which the intervention is introduced, strengths, and weaknesses of the intervention can be detected and acted upon (32). For Blanchard et al. (45) this implies achieving fidelity and improving outcomes. This phase can directly be linked to evaluation, which four process models include as a separate phase.

This notion of continuous improvement can be linked to reflection and evaluation as a part of the process. Several process models include evaluation or measuring performance and outcomes as a phase of the implementation process, for example in the Medical Research Council guidance (38), the CFIR (26), the Ottawa Model of Health Care Research (30), the IOWA model (42), the ACE Star Model of Knowledge Transformation (44), the Stetler Model of Research Utilization (43) and Advancing Understanding of Mechanism of Change in Implementation Science (31), and the model for large scale knowledge translation (39). These frameworks or models generally include minor guidance about how to assess success or failure. There are however also frameworks that are designed specifically to guide the evaluation process, examples of which are the RE-AIM framework (54), the PRECEDE-PROCEED model (55) and the Implementation Outcomes Framework (IOF) (56).




Framework Components

Throughout the three phases of the implementation process, we distinguish components that have to be taken into account within each phase. Therefore, we looked into what Nilsen (25) calls determinant frameworks. These are designed with the intent to understand and explain what influences implementation outcomes, and thus provide information on which components to focus for implementation success. Some frameworks tend to mainly focus on enlisting relevant context variables [e.g., Theoretical Domains Framework 2.0 (51)], while others also specify the relationships and interactions between types of determinants (25). These frameworks provide valuable input when describing different types of context variables that might hinder or facilitate intervention efforts.

Table 7 gives an overview of how various determinant frameworks refer to the three components that we have extracted: intended change, context and/or strategies. They will provide further guidance on how to understand and work with these elements and how they can affect implementation outcomes.


Table 7. Overview of determinant frameworks that incorporate intended change, context, and strategies as components.
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Intended Change

The intended change deals with any conscious change into current practices of primary care providers or any actions that actors undertake (57), which are expected to solve a care or quality gap (58). This can take the form of a task-oriented change in practice (33), require behavioral change (59) either at individual or group/team level (40) and/or have a broader organizational impact whereby a more complex transformational change is initiated (33). The intended change derives from the objectives of the intervention, with the assumption that the initiated change will contribute to realizing these objectives (58).

Twelve of the determinant frameworks mention a component similar to the intended change as part of the implementation process. This is referred to as (characteristics of) an intervention (3, 26, 52), innovation (19, 30, 48, 60), change (40), program (36) or issue (34), or involves an evidence based practice (20, 30, 33, 41) or guidelines (20, 35). Determinant frameworks that do not mention the intervention as a separate component either focus on context variables (40), domains (51) or barriers (20), or incorporate intervention aspects in general implementation characteristics (35, 37).

The CFIR (26), the Interactive Systems Framework for Dissemination and Implementation (48) and i-PARiHS specifically zoom in on the characteristics of such an intended change (in these models referred to as intervention, innovation, or evidence-based practice). This indicates that an intervention or intended change is complex, multi-faceted, and different components will be interacting with each other (26). Characteristics that are mentioned are among others compatibility (33, 35, 48), adaptability (36, 48), complexity (26, 33, 35, 36), and/or relative advantage (33, 35). Such inherent characteristics of the intervention will have an impact on its overall implementation success.

As the intended change is expected to contribute to realizing the objectives of the intervention, it is important to define what outcomes are expected from the intended change. Four determinant frameworks incorporate results (52), output (52), outcomes (30), (implementation or innovation) effectiveness (37), or successful implementation (33) as separate components. This helps focusing on the objectives that are set when defining an intervention and the benefits that arise when implementation is successful (37). The time frame in which results can be observed, can differ majorly. Certain results are obtained early on, while others only exist in the long-term even after the intervention is finished (52). When defining the intended change, it is thus key to not only define the behavioral or organizational change that is expected, but also the expected results and how this can be evaluated.



Context

Context variables can be defined as “the set of circumstances or unique factors that surround a particular implementation effort (26).” They are dynamic factors that interact, influence, modify, and facilitate or constraint intervention and implementation efforts (53). Context variables are most prominent in what Nilsen (25) defines as determinant frameworks, in which the main objective is to gain insight in those barriers and facilitators that impact implementation outcomes (25). Some are built with the interaction of context variables (40), context domains (51), or barriers (20) as a main focus. Most frameworks indeed incorporate some form of context variables as an essential part of the implementation process. i-PARiHS (33), the Conceptual Model of Evidence-Based Practice Implementation in Public Service Sectors (22), the CFIR (26), the CAIMeR theory (52), and the GIF (19) directly incorporate context, contextual readiness, inner and outer context, context domains, setting, or factors as a component of the framework. A distinction is sometimes made between inner- and outer context or setting (22, 26), which mentions inner context variables as being specific to a person, team our organization (on micro and meso level), while outer context variables are broader in nature such as socio-economic or policy variables (on macro level).

When referring to context, some frameworks only incorporate context variables on the macro level. They zoom in on the so called outer context (50), external context (3), or external environment (36). Elements on an organizational or individual-adopter level are then incorporated under a different name. For example, organizational aspects can also be referred to as system characteristics (35), system antecedents or system readiness for innovation (50), practice environment (30), system and process barriers (20), implementation and sustainability infrastructure (36), organizational culture (41) or climate for implementation (37), intervention infrastructure (41), or factors relevant to the prevention delivery system (48).

When it comes to the micro context, individual adopter characteristics are mentioned by fewer frameworks. They are referred to as professional (3), or provider characteristics (35, 48), or more specifically as cognitive-behavioral barriers, attitudinal, or rational-emotional barriers or professional barriers (20), which indicates that individual adopter characteristics can cover a wide range of micro level aspects. This is also noticeable in the Theoretical Domains Framework (51), in which a wide variety of “domains” is mentioned, many of which are individual adopter characteristics such as professional role, beliefs about capabilities, etc.

On the micro level, context variables highly relate to the actors to which the intended change concerns. Greenhalgh et al. (50) state that “people are not passive recipients of innovations.” The dynamic interplay of how individuals relate to the organization in which they work (26) and their general assumptions about people, society and their profession (52) influences their perception and the way in which they make sense of an intended change. Six determinant frameworks include actors (52), individuals involved (26), potential adopters (30, 50), recipients (36), or the user group (34) as a core component. Incorporate actors as one of the components strengthens the view that actors have an impact on the way an intervention is realized. In five determinant frameworks, the influence actors have on implementation success is recognized by including individual attitudes, cognitions, or professional characteristics as a context variable (3, 20, 35, 48, 51). The component actors can thus be incorporated as a separate component of an implementation model, but it can also be included as a micro level context variable.

Overall, there is a wide belief that the context in which a primary care intervention takes place highly determines implementation success (10). This makes scanning and taking into account the context key for each phase of the implementation process. When determining implementation strategies, context variables must be taken into account in order for strategies to be tailored and fit local circumstances (10). This is in line with realist evaluation, whereby the general aim is to find out “what works, for whom, and under what conditions?” (6). In this approach, context variables are the conditions in which an intervention takes place.



Strategies

Implementation strategies can be defined as the approach(es) and means that are used to ensure or enhance the adoption of the target behaviors and other requirements of the primary care intervention by the targeted actors (10, 61). Whereas, the intended change refers to what is to be implemented, the strategies refer to how they are to be implemented and is linked to the process or mechanism that intervention designers want to trigger in order to accomplish implementation.

Implementation strategies are directly referred to in few process models, such as Advancing Understanding of Mechanism of Change in Implementation Science (31), whereby a first step to implementation is to specify the implementation strategies; the Ottawa Model of Health Care Research (30) in which transferring strategies is a part of monitoring the uptake of the intervention and in the GIF (19), in which the strategies are viewed as the approaches to respond to barriers and facilitators. Throughout other determinant frameworks, a component similar to implementation strategies is included in eight of the models we included in our analysis, either in the form of facilitation (33), support (e.g., training, assistance) (20, 48), implementation characteristics (35) and dissemination and/or diffusion of strategies (34, 41, 50). Frameworks also tend to incorporate those elements that are considered to be most decisive as strategies, such as communicational aspects (50), coordination of different stakeholders (41), or the use of incentives and disincentives (37).

Implementation strategies are discussed more in-depth in the Expert Recommendations for Implementing Change (ERIC) study, in which a compilation of 73 implementation strategies was made (62, 63). This can serve as a guide for when the most fitting implementation strategies have to be selected for the implementation of a certain intervention. To make more sense of the wide diversity of implementation strategies, they often are categorized. For example, Powell et al. (64) distinguishes between strategies that are related to either planning, educating, financing, restructuring, managing quality, and/or attending to policy context. Another categorization can be found in Charif et al. (65), who differentiate strategies that are related to either the health infrastructure, policy and regulation, financing, human resource, or patients (65).

Implementation strategies can be very different depending on the type of change that is initiated, and should ideally be tailored to fit the inner and outer context (10, 66), making use of the facilitators or barriers that are observed in order to ensure a fit between the intervention and its context (3). When defining implementation strategies to implement one's intervention, Proctor et al. (67) have set up guiding principles to name, define, and operationalize implementation strategies by firstly specifying the following elements: (1) actor, (2) action, (3) action target, (4) temporality, (5) dose, (6) implementation outcome affected, and (7) justification. These can support intervention designers in defining implementation strategies.

In short, implementation strategies are expected to lead to an intended change in a given context. This means that there is an underlying process that will bring about this change. Three determinant frameworks include this (implementation) process (26, 60) or mechanism (52) as one of the core components. These frameworks have a more explanatory approach and put more emphasis on understanding the process of change. For complex interventions, this consists of many interdependent sub-processes that may or may not follow a clear path to success (26). The process involves decision making activities, the use of resources, communication, and collaboration (50). Blom and Morén (52) view this as an either social, socio-psychological, or psychological mechanism that is at the base of change. Greenhalgh et al. (50) and Lewis et al. (31) also refer to linkages or effect modifiers and Aarons et al. (22) speak about interconnections, referring to the fit between an innovation and a system or organization that comes into play when introducing a change. These frameworks thus incorporate the process or mechanism of change as a core element that needs to be understood in order to fully know how to target certain interventions in specific settings. When choosing implementation strategies, it is thus recommended to make explicit the assumptions of how a certain strategy will lead to the intended change in a given context.





DISCUSSION

We have identified the core building blocks of an overarching implementation framework for complex interventions in primary care services. Throughout our narrative review, three core phases are detracted that describe the process of implementation in relation to three core components. This process can roughly be divided in a development phase, a translation phase, and a sustainment phase. For each phase, three main components are essential to define, tailor, and manage to successfully implement an intervention in a specific setting. These are the intended change, the context, and the implementation strategies. Other related components that are closely linked to these three components may still be relevant, such as actors, the process or mechanism, and the outcomes and evaluation of the intervention.

An overarching implementation framework is needed to transcend the solely theoretical models and to aim for a model that is both explanatory as well as actionable. Context variables should be given a prominent place in this, as tailoring interventions to local circumstances is considered key for reaching implementation success (9, 10). By focusing on the core components intended change, context, and strategies we propose meaningful concepts to intervention designers and practitioners for reflecting upon the interactions of these components. The next step is synthesizing these core building blocks into a framework that consists of a clear and actionable pathway for intervention designers, and which enables them to prioritize and reflect upon those actions that need to be taken for the implementation of complex interventions.

Our research is part of a larger project that intends to make progress in three main research areas: to improve goal oriented care, self-management, and inter-professional collaboration. In each of the three areas, one or more interventions will be used for developing and evaluating the implementation of interventions in these three areas. The model that we will further develop will allow to develop and implement interventions with broad consideration of the setting or context in which they will be introduced, and how this interacts with the intended change and the implementation strategies that are used.

A limitation of our review is that we did not gather and include our sources in a systematic way. We used a more intuitive approach whereby sources were gathered mainly through expertise from our research team, by database searches with a set of different key words and by further use of a snowball approach that lead to the most prominent frameworks and models that exist. Furthermore, as we have only included English literature, there seems to be a slight overrepresentation of literature deriving from native English authors and/or institutions. Moreover, we have no view on gray literature or literature written in foreign languages, which might further limit our scope.

Although there is no assurance that we have covered all relevant literature, the methodology of a narrative review allowed us to explore the broad range of implementation literature and interpret various approaches in the light of interventions that aim toward pro-active, person-centered primary care. This way, we could harmonize literature into insightful constructs and phases which are to be made concrete when further applying them in the defining and execution of interventions.



CONCLUSION

An overarching implementation model is needed to bridge the gap between scientific evidence and actual practice in primary care. Through a narrative review, we have identified the core building blocks that form the common thread of existing implementation frameworks or models and we synthesized it in three core phases (a development phase, a translation phase and a sustainment phase) and three core components (the intended change, the context and the implementation strategies). These core building blocks can be used to develop an overarching implementation model that is both explanatory, as well as actionable. The main phases and components are the basis on which further guidance for intervention designers will be elaborated. A strength of the model that we will develop based upon this research is that it will be further developed and refined in collaboration with three research teams that will actively use the model to develop and introduce one or more interventions in primary care. This allows for direct feedback on its applicability and therefore ensures its actionability.
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Background: There is a lack of evidence concerning the effective implementation of strategies for stroke prevention and management, particularly in resource-limited settings. A primary-care-based integrated mobile health intervention (SINEMA intervention) has been implemented and evaluated via a 1-year-long cluster-randomized controlled trial. This study reports the findings from the trial implementation and process evaluation that investigate the implementation of the intervention and inform factors that may influence the wider implementation of the intervention in the future.

Methods: We developed an evaluation framework by employing both the RE-AIM framework and the MRC process evaluation framework to describe the implementation indicators, related enablers and barriers, and illustrate some potential impact pathways that may influence the effectiveness of the intervention in the trial. Quantitative data were collected from surveys and extracted from digital health monitoring systems. In addition, we conducted quarterly in-depth interviews with stakeholders in order to understand barriers and enablers of program implementation and effectiveness. Quantitative data analysis and thematic qualitative data analysis were applied, and the findings were synthesized based on the evaluation framework.

Results: The SINEMA intervention was successfully implemented in 25 rural villages, reached 637 patients with stroke in rural Northern China during the 12 months of the trial. Almost 90% of the participants received all follow-up visits per protocol, and about half of the participants received daily voice messages. The majority of the intervention components were adopted by village doctors with some adaptation made. The interaction between human-delivered and technology-enabled components reinforced the program implementation and effectiveness. However, characteristics of the participants, doctor-patient relationships, and the healthcare system context attributed to the variation of program implementation and effectiveness.

Conclusion: A comprehensive evaluation of program implementation demonstrates that the SINEMA program was well implemented in rural China. Findings from this research provide additional information for program adaptation, which shed light on the future program scale-up. The study also demonstrates the feasibility of combining RE-AIM and MRC process evaluation frameworks in process and implementation evaluation in trials.

Clinical Trial Registration: www.ClinicalTrials.gov, identifier: NCT03185858.

Keywords: stroke, implementation evaluation, mobile health, rural China, RE-AIM (reach, effectiveness, adoption, implementation and maintenance)


INTRODUCTION

Stroke is the second leading cause of mortality and disability worldwide. An estimation from the Global Burden of Disease study found that 77% of stroke survivors were from low- and middle-income countries (LMICs), where individuals with lower socioeconomic status suffer more, and effective strategy in secondary prevention is far lacking (1, 2). In China, the burden of stroke is substantial, with 11.1 million stroke survivors national wide (3, 4) and disproportionally higher in Northern China and rural regions (5). The recurrence rate was as high as 11.2% for all stroke survivors and was 5.7% within 1 year and 22.5% within 5 years among the low-income rural population (5, 6). The limited capacity of primary healthcare system and the overburden of secondary and tertiary hospitals attributed to the fragmented care for stroke prevention in rural China. Thus, effective strategies to improve stroke management are in great need.

Evidence on effective secondary prevention exists, but challenges lie in translating these strategies into routine practice, especially in resource-constrained settings. A primary care-based integrated mobile health intervention (SINEMA intervention) has been designed and implemented in rural China (7). This intervention applied tailored intervention strategies tested in previous programs, such as task shifting, task sharing, and digital health technologies (8–11), and targeted primary healthcare providers and community-dwelling patients who suffered stroke to address the barriers in stroke management. The effectiveness of the SINEMA intervention has been demonstrated, with improvements in blood pressure control, medication adherence and quality of life, and a reduction in disability, stroke recurrence, and deaths were also observed at 12 months among stroke survivors, allocated to the intervention arm compared with the participants who received usual care (12).

Further investigation of the implementation of the SINEMA intervention is very important in order to uncover the implementation outcomes and understand the extent to which effectiveness was affected by other factors (13, 14). Such findings will also help inform the future optimization of implementation of the SINEMA intervention in other settings. Many different frameworks have been proposed for guiding the implementation evaluation (14–18). For example, the RE-AIM evaluation framework proposes five key dimensions—with these being, reach, effectiveness, adoption, implementation, and maintenance—to inform the future implementation, generalizability, and scalability of effective programs (17). The MRC process evaluation framework is another commonly used framework for complex intervention that emphasizes the implementation, mechanisms of impact, contextual factors, and the relationships between these dimensions (14). While many different community-based interventions have adopted a single framework to illustrate certain aspects of program implementation (15), few studies have undertaken a comprehensive evaluation by utilizing quantitative and qualitative data to describe the implementation outcomes and explain how the program was implemented.

This current study examines the implementation of the SINEMA intervention to provide further information for researchers, practitioners, and policymakers. We developed an implementation and process an evaluation framework that combined both the RE-AIM and MRC process evaluation frameworks and utilized both quantitative and qualitative data. This paper reports the findings on implementation outcomes, relates enablers and barriers, and illustrates some potential impact pathways that may influence the effectiveness of the SINEMA intervention and its wider implementation.



METHODS


SINEMA Trial, Study Setting, and Intervention Components

The SINEMA trial was a Hybrid II effectiveness-implementation trial (19). The effectiveness of the SINEMA program was investigated by a cluster randomized controlled trial conducted among 50 villages of rural Hebei Province, Northern China (7). A total of 1,299 rural stroke survivors (an average of 25.5 participants per village) were recruited in the trial. Twenty-five villages, including 637 patients, were randomly allocated in the intervention arm and implemented the SINEMA program over 12 months (12).

The study was conducted in a resource-limited rural county with doubled stroke burden and less than half of the annual disposable income per capita than the national average (20–22). In rural China, the general practice and preventive care are mainly delivered by primary healthcare providers, including village doctors who have received minimum basic medical and pharmaceutical training and can prescribe medications (23). The acute-stage stroke treatments are mainly delivered at county hospitals, while rehabilitative care and follow-up visits are largely unavailable. The outpatient services are paid out of pocket, although the zero-Markup drug policy allows low price of medications in the village clinics and the NCD insurance package reduced the catastrophic health expenditure by reimbursing some outpatient services if patients received care from county hospitals (24).

Built on such context, the SINEMA intervention was designed, and a detailed description of the intervention and trial design has already been published elsewhere (7). In brief, the SINEMA intervention included both provider-facing and patient-facing components (Figure 1, left panel). As both receptors and providers of the intervention, village doctors received training, performance-based financial support, and virtual-group peer support. They delivered monthly face-to-face follow-up visits to participants with support from an android-based mobile application (SINEMA App). The participants received monthly follow-up visits and daily voice messages dispatched automatically at no cost if they had a phone available. A digital health system, consisting of the SINEMA App and voice messages dispatching system, was developed to support the program delivery (25, 26). Besides, five physicians from township hospitals and one county manager also facilitated the program implementation by providing support and performing quality control.


[image: Figure 1]
FIGURE 1. Evaluation framework.




Evaluation Framework and key Measurement

The implementation and process evaluation was performed based on an evaluation framework that derived from both the RE-AIM framework (17) and the MRC process evaluation framework (14), as described in Figure 1. The RE-AIM framework was used to inform the measurement of implementation outcomes, covering program reach, adoption, implementation, and maintenance. Reach was assessed by the absolute proportion and the representativeness of individuals involved in the trial among those identified with stroke history during the village-wide screening. Adoption was measured from the provider perspective by considering the acceptance and uptake of the intervention among village doctors. Implementation was evaluated both quantitatively and qualitatively, including the intensity and the quality of services delivered and the adaptation made by providers. Maintenance was defined as perceived willingness of providers and participants to maintain or scale up the SINEMA program post-trial. We also identified facilitators and barriers that may influence each RE-AIM dimensions. The MRC process evaluation framework was used to investigate the interactive relationship between context, intervention components, and implementation indicators. The MRC framework also enabled us to assess some of the unexpected pathways or consequences that have not been previously considered.



Data Collection

To obtain a comprehensive overview of program implementation, we collected data in multiple phases from various stakeholders. Multiple data collection approaches were adopted, including self-administered surveys among village doctors, face-to-face interview-based surveys among participants, monitoring data from the digital health system, and in-depth interviews among stakeholders. Table 1 summarizes the data source and data collection approaches.


Table 1. Data sources and data collection approach.
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Self-Administered Surveys Among Village Doctors

Fifty village doctors participated in a self-administered survey dispatched via an online survey platform (Qualtrics, Provo, UT) at both baseline and 12 months. The survey asked about their sociodemographic information and their knowledge, attitude, and practice in the secondary prevention of stroke. Questions about the acceptance and preference in intervention components were also asked at the 12 months among village doctors allocated in the intervention arm.



Screening Data About Potential Participants

Before recruitment of participants, village doctors conducted a screening of residents in the villages to identify people who had been diagnosed with stroke. Village doctors reviewed health records of existing residents or conducted door-to-door screening and provided a list of potential participants with detailed information on age, gender, stroke history, basic communication abilities, and disabilities. This information guided the invitation of the potential participants and provided the information to understand the reach of the program.



Surveys Among Recruited Participants

Among participants, trained assessors performed a face-to-face baseline survey. These data covered a broad range of information, including their sociodemographic characteristics and a series of indicators on health history, health behaviors, and health conditions.



Monitoring Data From Digital Health System

The digital health system, which consisted of the SINEMA mobile application and voice-message dispatching system, also tracked and monitored the delivery of follow-up visits and voice messages. The data on follow-up were extracted from the SINEMA server, which tracked the number of follow-up visits delivered by each village doctor and for each patient. A third-party message-dispatching system captured the number of voice messages distributed and recorded the number of voice messages answered by the participants on a given day.



Semi-structured In-depth Interviews Among Stakeholders

Semi-structured in-depth interviews were conducted for four waves at the 3rd, 6th, 9th, and 12th months from the initial of the intervention with slightly different purposes and adjusted interview guides. Supplementary Table 1 reported the number of interviews conducted in each wave and by type of stakeholders. The first two waves focused on how the SINEMA intervention was adopted and implemented and the potential enablers and barriers that may influence the implementation. The third and fourth waves of in-depth interviews focused on the impact of intervention components and the key enablers and barriers that may influence the implementation, effectiveness, and maintenance. The first three waves of interviews were conducted by the research team, while the last wave was performed by an independent investigator who was not involved in any stage of the intervention design and implementation to ensure the objectivity of the evaluation. Stakeholders involved in the intervention implementation (including patients who suffered stroke, village doctors, physicians at township hospitals, and a county coordinator) were invited to participate in the interviews in all four waves. The village doctors who allocated in the control arm were also invited at the fourth wave.

We used purposive sampling to ensure the diversity of the participants and the coverage across villages and townships. At each wave of data collection, the research team identified the villages to ensure that at least one village from each township was selected. All intervention villages were covered across the four waves of data collection. Within each village, the research team interviewed the village doctor and selected one or two participants based on their availability, willingness, ability to communicate, and demographic characteristics to ensure representatives of the participants. Interviews were conducted either in the village clinics or at the homes of the participants. The physicians at township hospitals and the county coordinator who involved in the study were also interviewed at their working places. All interviews lasted between 20 and 40 min and were audio-recorded with verbatim transcripts for data analysis.




Data Analysis

The data analysis of quantitative and qualitative data was performed independently, and then the findings were embedded within the designed evaluation framework (27). This approach gathered the quantitative and qualitative data by not only demonstrating the key dimensions of program implementation but also exploring its variations, facilitators, and barriers. For quantitative data, descriptive analysis was performed by using STATA 15.0 software. T-test and chi-square test were used for comparison between groups of participation status.

For qualitative data, the thematic analysis approach was applied with the following steps: First, we familiarized ourselves with the data by reading all transcripts. Due to the large numbers of interviews administered during the four waves (n = 98), we went through all the transcripts and classified the quality of the transcripts based on the quality of the interview, the amount of information contained in the conversation, the types of stakeholders, and the wave of data collection. Forty-three (43.8%) transcripts were classified into the high-quality group and received full analysis with line-by-line coding from two researchers, while others received rapid coding from one researcher (Supplementary Table 1 reports the number of transcripts involved in the full analysis). Second, we developed the coding structure. Researchers (EG, LS) coded at least one transcript from each type of stakeholders from all four waves. Data were coded on a line-by-line basis, and data were initially organized according to the topic of questions from the interview guide. We then inductively derived codes with a more elaborate hierarchical coding scheme by considering different intervention components and the dimensions of the evaluation framework. Researchers discussed the coding structure, and issues were resolved by consensus. Third, transcripts classified as high-quality transcripts were coded by two researchers independently, with at least half transcripts were double coded to ensure the objectivity and transparency of the process. Any discrepant interpretations were discussed between the researchers and across a broader research team. The researchers also scanned the remaining transcripts that were classified as low-quality transcripts to avoid missing information. Fourth, themes were developed to map each dimension of the framework by reading the coded data and the original transcripts to ensure that the themes were authentic and rooted in the data. All the quotes involved in the manuscript were translated from Chinese to English.




RESULTS

Utilizing the evaluation framework described in Figure 1, we summarized the context, implementation outcomes, and impact pathways of the SINEMA intervention. Characteristics of stakeholders involved in the in-depth interviews are summarized in Tables 2, 3.


Table 2. The characteristics of the participants who were involved in the screening, recruited in the trial, and participated in the in-depth interviews.
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Table 3. Characteristics of village doctors who were involved in trial, implemented the SINEMA intervention, and participated in the in-depth interviews and their perceptions of stroke care and SINEMA intervention components.
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The Context for Implementing SINEMA
 
Characteristics of Villages and Healthcare System in the Region

The SINEMA intervention was implemented in Nanhe County, rural Hebei, China. The 50 villages in the rural regions scattered around urban areas of the county, where the county hospitals located with an average distance of 14.5 km (Supplementary Table 2). During the interview, majority of the participants identified village clinics as their first contact point of the healthcare system to address their day-to-day health needs; some participants also mentioned that they sought care from other healthcare facilities, including private clinics and pharmacies within the village or nearby villages, township hospitals, county hospitals, and hospitals in nearby cities. Several factors may determine different choices of healthcare facilities, such as healthcare needs of the participants, trust and relationship with doctors, insurance coverage, and the quality of available services.

“I visited village clinics quite often. If I am available, I will come here to measure my blood pressure. Not every day, but one time per 3 to 5 days.” –Participant, 3-month interview

“I got my medicines from the No. 2 county hospital because I could get reimbursement from the hospital. I need to pay out of pocket if I get medicine from the village clinic.”

- Participant, 6-month interview



Interpersonal Relationships and Support for Care

According to the baseline survey, 410 (64.3%) participants had a family caregiver, mainly their spouses, daughters or daughters-in-law, as most of their sons or sons-in-law were working outside of villages. Family caregivers played the most critical role in daily life and treatment adherence of the participants. Although the participants mentioned that they know other village residents pretty well, people who had insufficient support from the family members could not get extra help from other neighbors or friends as stigma related to stroke existed. Some participants mentioned that they were unwilling to depend on other people or discuss their health conditions with other neighbors in the villages.

“I don't know other people who also had this disease (stroke), but there should be some. I don't like to bother others. I could do most of the things by myself. I don't like to talk too much with others as I don't want to become a topic of their gossips.”– Participant, 6-month interview



Personal Characteristics

At the personal level, the study participants were a vulnerable population group with low socioeconomic status. Among the participants who received the SINEMA intervention, 264 (41.1%) had received no formal schooling at all, 276 (43.3%) had more than two other chronic diseases, and 179 (28.1%) were experiencing moderate to severe disabilities (Table 2). About 7.3% participants experienced depression at the baseline, and many of them experienced various levels of cognitive impairment or other issues related to stroke or aging, which brought further obstacles to understanding and accepting the intervention, building their confidence, and improving self-efficacy and self-management behaviors.

“My health condition is getting poorly, and I don't think I could be fully recovered as I am getting old anyhow.”—Participant, 3-month interview

“Some stroke patients had impaired brain function and poor memory. They thought there was no big difference whether they take medicine or not.”—Village doctor, 6-month interview




Implementation Outcomes

This section presents the results on implementation outcomes regarding program reach, adoption, implementation, and maintenance. The enablers and barriers that influence each domain of the implementation outcomes are summarized in Table 4 and described briefly below.


Table 4. Enablers and barriers on implementation indicators.
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Reach

A median of 1.7% [an interquartile range (IQR): 1.3, 2.4%] residents in recruited villages was screened with stroke history within 50 eligible villages. At the village level, the proportion of people recruited in the trial accounted for a median of 70.1% (IQR: 58.3, 87.%) among all stroke survivors screened in the villages. The recruited participants were similar to those screened with self-reported stroke history in the region, except stroke survivors who reported bedridden were generally not recruited. The participants could represent a general group of rural community-dwelling stroke survivors with a median of 5.3 (IQR: 2.3, 9.8) years of stroke history since the first event, stable health conditions, and basic communication abilities (Table 2). The findings from the in-depth interviews revealed that knowledgeable village doctors who reviewed existing health records and performed door-to-door screening enabled the reach of the program to the targeted population in a timely fashion. People employed outside of the villages or having families living outside may be left out of the program (Table 4).



Adoption of the SINEMA Program Among Village Doctors

Fifty eligible villages out of 109 villages within five townships were formally invited and recruited in the study. These villages represented typical middle-to-large-sized rural villages of Northern China with a median of 2,422.5 residents per village (IQR: 1,772, 3,600) (Supplementary Table 2). All village doctors (n = 25, mean age: 46 ± years old, 12% females, Table 3) from the intervention arm adopted the SINEMA intervention. A few village doctors expressed that they had seldomly used mobile apps before the program and experienced a learning curve. Some village doctors did not use all modules of the SINEMA App due to lacking needs and motivations.

“I seldomly used the performance module and checked these statistics. I only check whether I missed any follow-up visits. I completed my tasks while evaluating my work is other people's tasks.” —Village doctor, 6-month interview

Twenty village doctors (83.3%) considered the training sessions as the most valuable and essential component. They believed that knowledge and skills gained through training sessions and previous experience in delivering similar services mitigated the learning curves of program adoption and enabled them to deliver the follow-up visit to the participants. The follow-up visits module and the training modules of the SINEMA App received 14 and 13 votes, ranked as the second and third most essential components by village doctors. Financial incentives were not ranked highly as essential intervention components, as some village doctors mentioned that the financial incentives did not impact much on their decisions of program adoption or the amount was not high enough to be a driver; rather, the perceived benefits to the residents that village doctors learned from the communication with county and township physicians, as well as the opportunities of receiving training and guidance from experts, were major enablers that determined their adoption.

“The payment didn't influence me much. It was not the case that if I got more money, I could work better…. Even if you stop paying me, it will not influence me much. Similar to Basic Public Health Services, the project brought benefits to our residents. After participating in this project, I could better manage my patients; I met them face-to-face monthly. If someone comes to check my work, I do not need to lie to him or her, as I have done this work as required. There is a benefit.”—Village doctor, 9-month interview



Implementation and Fidelity of Follow-Up Visits

Twenty-five village doctors in the intervention arm performed an average of 291.5 (SD: 29.5) follow-up visits over 12 months. Among 637 participants, 564 (88.5%) received no <12 follow-up visits as full dose per protocol. The participants who received the full dose were more likely to be those without family caregivers and had multiple chronic disease conditions (Supplementary Table 3). Although the quantity of the follow-up visits was high, the quality of follow-up visits varied. Follow-up visits were delivered mainly at the village clinics or homes of patients. Some village doctors scheduled all follow-up visits on certain days of a month; others performed the follow-up visits as an add-on service once participants came to clinics. Based on descriptions of village doctors of the key steps of follow-up visits, we found that many village doctors adjusted the procedure by skipping some steps.

“I opened the app, measured the blood pressure, and asked questions based on the app. If needed, I asked all questions (on the app), or I selected key questions to ask. …For example, if the patient has a stable situation, or I know him or her quite well, I may skip the question about hospitalization and only emphasize medicine use. For the side effect of medicines, it does not need to be asked each time.”—Village doctor, 6-month interview

Factors that influenced the quantity and the quality of follow-up visits are summarized in Table 4. Internal enablers included perceived responsibilities from providers, good preexisting patient-doctor relationship, and strong willingness from the participants. The SINEMA App and the quality control from the township physicians promoted the intervention fidelity. Village doctors mentioned that the designed SINEMA App played a supportive role in standardizing follow-up visits and assisting the information management. However, the required internet access may also bring some barriers when there is no stable internet access. Village doctors and township physicians also stated that preexisting heavy workload and lacking compliance of patients might limit the quantity and the quality of follow-up visits, but the top-down support and quality control may encourage high fidelity.

“He (the township physician) is playing supervision and encouraging role. For example, if he found that there are certain patients that left without follow-up visits, he will remind me to finish at my earliest.” -Village doctor, 12-month interview



Implementation and Acceptance of Voice Messages

About half of the participants answered the voice messages during the program implementation on a given day among those who agreed to receive voice messages. The answering rate was maintained over the 12-month implementation period (Supplementary Figure 1). The implementation of voice messages was influenced by phone use patterns and characteristics of the participants. Both quantitative and qualitative data indicated that the participants who had their phones without sharing with family members picked up more voice messages (Supplementary Table 3). Most participants mentioned that they considered voice messages as good reminders and a reliable source of getting information and favored the simple content, repeated leading sentences, and local dialect. However, some participants who experienced cognitive declines could only recall the leading sentences. In contrast, a few participants stated that they dropped out of the voice-message component halfway through as the contents were too simple for them.

“It (the voice messages) says about taking medicines and doing exercise. I cannot remember other details…. Nevertheless, it is useful as it reminds me in the morning, and it shows care about me.” –Participant, 12-month interview



Maintenance

During the interview, most of the village doctors and the participants expressed their willingness to continue the program. Some village doctors suggested expanding the participants to individuals with other chronic conditions, but others also expressed concerns about the workloads if the program expanded to a larger population group. Village doctors perceived that impacts of intervention could be maintained as participants have established good habits in visiting village clinics and taking medicines. Some village doctors also expressed a spillover effect of the program to other existing services and programs.

“During these months, they have developed a habit. Participants have kept a good relationship with me, and I expect they will continue visiting me as often…. I also used this program approach for the Basic Public Health Services. I planned for the follow-up visits regularly so that I don't need to be rushed or to lie to people who check my work.”- Village doctor, 9-month interview

The county and township managers also expressed that the maintenance of the program may be influenced by the scope of targeted participants, workloads of village doctors, and the financial mechanisms to cover the cost of the program delivery. Integrating the program with the existing programs and information systems was also mentioned as critical factors for future maintenance and scaling-up.

“This program should be integrated with other activities in both urban and rural settings. Such as the program should be integrated with the basic public health services so that the program could get more policy support.” -Township physician, 12-month interview




Effectiveness and Perceived Mechanism of Change

The trial results on the effectiveness of the SINEMA intervention have been detailed elsewhere (12). In brief, the intervention achieved a significant reduction in systolic blood pressure (between-arm difference: −2.8 mmHg, 95% CI: −4.8, −0.9; p = 0.005), and improved medication adherence, physical activities and quality of life as secondary outcomes and reduced stroke recurrence, hospitalization, and deaths as exploratory outcomes. The impact pathways of the intervention were further revealed through in-depth interviews.


The Influence on Confidence and Practice of Village Doctors

Village doctors acknowledged that they prescribed medicines mainly by following the previous prescriptions before the intervention. Training and support improved their awareness of clinical guidelines and encouraged them to provide more guidance and suggestions during visits of patients. Some village doctors also mentioned that they considered adherence and long-term benefits of participants while prescribing medicines. The survey at 12 months post-baseline also indicated increased perceived confidence in prescribing evidence-based medicines and supporting patients (Table 3).

“Through this project and the training session, I changed my mind by considering not only the medicine price but also the effect. For patients who had poor adherence, I suggested them to change to prolonged antihypertensive medicines. Although the cost is a little bit higher, the effect in controlling blood pressure was largely improved.”—Village doctor, 9-month interview



Interactive Impact of Voice Messages and Follow-Up Visits on Self-Management and Doctor-Patient Relationships of Patients

An interactive function between voice messages and follow-up visits has been identified from interviews. We found that the face-to-face communication between providers and participants about the content of voice messages facilitated the general adoption and acceptance of the voice message component; meanwhile, the daily voice messages reinforced adherence of patients to the suggestions of the doctors delivered during the follow-up visit component. Village doctors stated that voice messages supplemented their role to provide extra assistant for the participants to improve their treatment adherence. Some participants mentioned that they discussed the contents of voice messages with village doctors, which reinforced them to pick up voice messages and translate health education information to self-management activities, as they received consistent information from the village doctors and voice messages.

“The voice messages improved their awareness. We (village doctors) cannot observe and remind patients every day, but we can only remind patients when we have a face-to-face appointment. The voice messages add to that to remind patients so that they consider how they should take medicines and do exercise as the doctors told them; then, they establish a good habit.”—Village doctor, 9-month interview

The frequent face-to-face visit and daily voice messages also help village doctors build or maintain a good relationship with the participants. About 88% of the village doctors acknowledged that their patients relied more on them due to the intervention, and the project improved their authorities in the village (Table 3). The patients also mentioned that they felt more care from the village doctors through voice messages and follow-up visits.

“Through the follow-up visits, patients trust me more. (I conducted) follow-up visits once a month, without asking them to pay, and, if they don't come, I will call them to remind them. There were several patients who sought care from other providers if they were sick (before the intervention). But I followed up with them and they said they were willing to my suggestions because they think my suggestions were helpful. Now, our relationship is not bad. I say “hi” to them if I meet them on the street.”—Village doctor, 12-month interview

“The doctor measured my blood pressure frequently. He also reminded me to pick up the call or visit him if I forgot. I could feel that he cares about me.”—Participant, 9-month interview



The Influence of Personal and Interpersonal Characteristics on Program Effectiveness

The influence of follow-up visits and voice messages varied by person. Personal factors, such as personal education background, cognitive functions, and self-efficacy, may influence their acceptance of information delivered, the impact on behavior changes as intermediate outcomes, and the long-term effects on health outcomes.

“Almost all of them could understand the content, but some people, such as those who have received education or with strong willingness to improve their health, could absorb more information from voice messages; for others, they may just listen to them but not take anything from them.”—Village doctor, 3-month interview

“This disease cannot be fully treated. I am becoming older, and I don't think I could get better. Even if I don't have a disease, my health condition will get worse anyhow.”- Participant, 12-month interview

Village doctors also mentioned that family caregivers are another channel that they exchange information with if family caregivers could become the extra support to encourage participants to adhere to the treatment and self-management activities.

“Some stroke patients had impaired brain function. It is hard to communicate with them…For these patients, I told their family members about their medicine prescriptions to remind them. But there is also a case that the patients' wife spends the whole day playing mahjong and seldomly take care of the patient. For this type of patients, their family are not helpful at all.” -Village doctors, 12-month interview



The Impact of Other Healthcare Services or Programs

Some participants mentioned that they also sought healthcare services from other healthcare providers. Inconsistent information gained from different sources brought obstacles for participants to adhere to the suggestions provided by village doctors during the follow-up visits, thus may limit the role of the village doctors.

“I take medicines from several places (providers). I could pay less (out of pocket) from other places if I know the person.”—Participant, 12-month interview

“About half of participants visited county hospitals and got their medicines prescribed there because they could get reimbursement if they have special non-communicable disease insurance. For them, I don't interrupt their medicine use—I only encourage them to continue taking medicine.”—Village doctor, 9-month interview

Besides, some other existing services or programs had some overlap with the SINEMA intervention, as the participants with hypertension and diabetes could have been targeted by these programs already. Although not all the participants involved in the trial could access other services, it may attenuate the observed between-arm differences of the intervention.

“There are other health education and follow-up visits services as part of the Essential Public Health Services. We provided village-wide health education sessions and advocated basic public health services, including blood pressure management. Our residents (including stroke patients) may improve their health literacy and be aware of the benefit of taking medicines and keep a good diet (during the study period due to these programs).” —Village doctors from the control arm, 12-month interview





DISCUSSION

Based on the RE-AIM and MRC Process Evaluation frameworks, this study gives new evidence concerning implementation outcomes and the factors relevant to the implementation and effectiveness of the SINEMA program. The SINEMA intervention successfully reached a representative group of community-dwelling stroke survivors and brought significant benefits to health and wellbeing of participants. Although some of the village doctors made adaptations to the program delivery approach, all of them adopted the intervention and delivered with high fidelity. Some potential impact pathways were identified, such as empowerment among village doctors in clinical decision-making and the interactive impact on stroke survivors via both human-delivered services and technology-enabled components. The contextual factors, including personal and interpersonal characteristics and healthcare system and environment, also interacted with intervention components and provided some further explanations about program effectiveness.

For complex interventions, implementation and process evaluation is very important to provide additional information on how the different intervention components were implemented and interacted with the context. We innovatively derived a framework from both the RE-AIM and the MRC process evaluation frameworks to provide a more comprehensive view of program implementation and effectiveness. Following the recent suggestion about the use of RE-AIM framework (17), we used mixed methods to report both the findings on each dimension of RE-AIM and illustrated the facilitators and barriers that may influence these dimensions. The MRC framework provided another lens through which we are able to understand the context and potential impact pathways for the effects of the SINEMA program. The study findings provide learnings for policymakers, health practitioners, and researchers regarding the future adaptation, optimization, and implementation of the SINEMA program.

Our findings demonstrate that future adaptation of the SINEMA intervention needs to consider the coherence and relationship of its intervention components. Many of the SINEMA intervention components, such as capacity building, task shifting, home-based follow-up visits, and technology-enabled tools, have been investigated previously (9, 28–32). However, the impact of these components was not always positive and additive in the real-world setting (15). Indeed, our study demonstrates that the intervention components were not independent of one another but rather interacted and were synergistic with each other. The components of training, financial compensation, and top-down support from township physicians became the facilitators for adopting and implementing the follow-up visit component. The follow-up visits and voice message components interactively influenced behaviors of providers and patients, and improved doctor-patient relationships. This finding re-emphasized the core concept of the Chronic Care Model, that is, the importance of building a provider-patient alliance with productive information exchange (33, 34). This suggests that future implementation of community-based services should address the barriers of program adoption at levels of both providers and patients by combining effective strategies into a streamlined program to flat the adoption curve and to overcome implementation challenges.

Our study also emphasized the unique role of information and communication technologies in supporting program delivery and program evaluation. The use of information and communication tools generated data to support intensive monitoring of program implementation. Future studies could further investigate the best approach of using digital solution-generated data for providing real-time feedback about program implementation. The digital health system also supported intervention delivery. In line with previous studies (35), we also identified barriers to digital health adoption among individuals who shared devices or had low-technology literacy. Interestingly, our study also showed a reinforcement loop between the technology-enabled component and the human-delivered component that were not considered in many previous studies (36–38). Such findings indicated some spillover effect of digital health solutions beyond service delivery if the technology-enabled component could be embedded into the healthcare system. The results added further evidence on mHealth-enabled interventions on chronic disease management, whose importance was amplified due to the COVID-19 pandemic (39).

Findings from our study also illustrated the complex impact of stakeholders and the context on program implementation and effectiveness. Variability of program implementation across villages was attributed to attitude, capacities, and practice of village doctors. In line with previous studies that identified barriers to normalizing new interventions when a competing program exists (15, 40, 41), we also noticed the challenge to sustain SINEMA intervention when primary healthcare providers rated their workloads as high with limited capabilities and incentives in stretching to other new tasks. However, our study illustrated the benefits of the SINEMA intervention to existing services in reducing the learning curve and the spillover effect of the SINEMA intervention on improving the quality of existing preventive services. This finding highlighted the importance of considering the synergies and integration across programs when introducing and implementing a new program.

The impact of the intervention was different among subgroups. For example, the quantitative subgroup analysis showed that the impact of the SINEMA intervention was consistently positive except for males and those who were <65 years (12), while the qualitative data added further information by showing that different self-efficacy, doctor-patient relationships, and preference in service utilization may explain the variation in health outcomes. Males and younger participants are more likely to take some casual work outside of villages and had more chance to interact with other healthcare providers beyond the intervention scope, such as private health clinics or pharmacies. As the qualitative findings suggested, services provided from these facilities may disrupt the uptake or the intervention impact pathway when conflicting information was delivered to the participants. These findings provide more explanations about program effectiveness and offer suggestions for future program optimization to deliver more personalized information and involve other available private services in the program.

Our study has several strengths. We developed an evaluation framework that combined the RE-AIM and MRC frameworks and used data collected at four time points to comprehensively understand the implementation of the SINEMA intervention. Data extracted from the digital health system provided additional real-time monitoring on program uptake and implementation beyond the traditional observational approach. In addition, we combined the findings from quantitative and qualitative data to demonstrate how the program was implemented and to identify the facilitators and barriers that may influence the program implementation and effectiveness.

There were also some limitations. First, the definitions and measurement of RE-AIM indicators were defined based on the best estimation of available data. For example, we measured the program reach by analyzing the representativeness of our participants among screened stroke survivors in the study settings rather than more broad scope due to the limited access of data. The measurement of program maintenance is also limited to willingness of the participants to maintain the program, which may overestimate the long-term program maintenance in actual practice. Second, the trial was conducted in 50 villages of one county in rural Northern China. Villages and participants recruited in the trial shared many similarities, limiting the observed diversity and the external validity of the study findings. Future studies could explore the adaptation and implementation of the program when the program is disseminated to diverse settings and populations. Third, as a common limitation of complex intervention, we could not fully explain the impact mechanism or distinguish separate effects from different components. However, we illustrated some potential impact pathways that were not explained by quantitative intermediate outcomes and provided some unexpected pathways or consequence that influenced the impact. Such findings are important for considering the scale-up and adaptation of the program to other contexts and settings.



CONCLUSION

The SINEMA intervention reached a representative stroke patient group in rural China, adopted by village doctors and implemented with relatively high fidelity. The program benefited both providers and patients, but the impact was diverse by characteristics of individual, interpersonal relationships, and other services in the setting. There is a need to explore the adaption of the SINEMA model in other settings and for other chronic diseases.
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Pattern identification (PI), a unique diagnostic system of traditional Asian medicine, is the process of inferring the pathological nature or location of lesions based on observed symptoms. Despite its critical role in theory and practice, the information processing principles underlying PI systems are generally unclear. We present a novel framework for comprehending the PI system from a machine learning perspective. After a brief introduction to the dimensionality of the data, we propose that the PI system can be modeled as a dimensionality reduction process and discuss analytical issues that can be addressed using our framework. Our framework promotes a new approach in understanding the underlying mechanisms of the PI process with strong mathematical tools, thereby enriching the explanatory theories of traditional Asian medicine.
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INTRODUCTION

Pattern identification (PI), a distinctive diagnostic system found in traditional Asian medicine (TAM), is a clinical reasoning process that uses the signs and symptoms of patients to identify diagnostic patterns (1). These patterns convey information about the nature of the disease or the location of lesions and serve as a guide for treatment selection (2) (e.g., drain for a “excess” pattern and tonify for a “deficient” pattern). Notably, patterns in TAM are pragmatic concepts that are widely accepted as a useful treatment target rather than actual pathogens or objectively measurable states (3). It can be said that PI is a strategy chosen to make diagnostic decisions based on naked sense observations and to determine corresponding treatments. Despite their centrality in theory and practice, the information processing principles of PI have remained relatively superficial. Additionally, abstract descriptions make it difficult to objectively describe the PI process, resulting in a low level of consistency between practitioners (4–6).

In recent years, approaches based on machine learning (ML) have demonstrated remarkable performance in a variety of tasks, including image classification, speech processing, and natural language processing, all of which are difficult to solve using knowledge-based approaches (7). Interestingly, this success has spawned approaches in systems neuroscience that use ML to study how the brain works (8–11). The strategy is to use ML algorithms as a computational model of the brain and to benchmark this model in order to gain a better understanding of how the brain represents, learns, and flexibly processes high-dimensional information.

Inspired by the idea that ML models can help capture critical aspects of the brain's computation, we present a novel framework for explaining how information is processed in the PI system and why it is effective. Within our framework, we model the PI system as a dimensionality-reduction algorithm and propose several research questions. By leveraging ML's framework, we can adopt powerful mathematical tools, broaden the scope of inquiry, and enrich explanatory theory in TAM.



MANUSCRIPT FORMATTING


A Brief Introduction to Dimensionality Reduction

In this paper, we view the PI system through the lens of dimensionality reduction process, which reduces high-dimensional data to a low-dimensional representation. To that end, we'll discuss high-dimensional data and dimensionality reduction briefly. Rather than providing strict mathematical definitions, we will explain these concepts with examples to aid intuitive understanding.

The dimensionality of data is defined as the number of features (attributes) that describe the observations in data (Figure 1A) (assuming that the number of rows (observations) exceeds the number of columns (features/attributes) and the data matrix is full-rank, which is easily satisfied in noisy, real-world datasets). A larger number of features leads to a more detailed representation of the observation (i.e., high representational power) (12). Additionally, when compared to low-dimensional space, high-dimensional space makes data classification easier (13). For instance, while classification in a low-dimensional space requires non-linear and complex decision boundaries, data can be made linearly separable by adding additional dimensions (axes) (Figure 1B).


[image: Figure 1]
FIGURE 1. Schematic figures explaining the features of high-dimensional data. (A): Intuitive understanding of multidimensional data. Each observation (row) in each table is described by one or more features (columns) and visualized as a point in one-, two- or three-dimensional space. This representation is easily extended to four-dimensional space or higher, but it cannot be visualized. (B): By transforming the dataset into high-dimensional space, the data can be separated using a linear decision boundary. (C): Curse of dimensionality. As the dimension of the space increases, the volume of the space expands exponentially, and the density of the space becomes increasingly sparse. (D): Projection into an intrinsic-dimensional space. Data laid out in three-dimensional space can be approximated by a two-dimensional plane composed of newly discovered axes that account for majority of the data variability.


However, high-dimensional space does not come without drawbacks. Due to the fact that more than four-dimensional space is beyond human cognition, high-dimensional data are unintuitive, making it difficult to interpret or derive insights. More importantly, as the input dimension increases, the classifier's performance on unseen data typically degrades rather than improves. A common explanation for this is the “curse of dimensionality” (14). As the dimension increases, the volume of space in which data are represented increases exponentially, to the point where available data become sparse (Figure 1C) (15). In this case, the model is likely to miss generalizable patterns in the data. One solution is to increase the size of the training data until the density is sufficient, while another is to reduce the dimensionality of the data, which is usually the more practical option (16).

Apart from these disadvantages of high-dimensional data, the typical motivation for dimensionality reduction is that the genuine dimension (i.e., degree of freedom) of the space may be significantly less than the number of features due to feature dependencies (17). That is, even if the dataset contains hundreds or even millions of features, the majority of variation may be explained by a handful of latent variables. There are numerous dimensionality-reduction algorithms, and which one to use depends on the nature of the data and the research objective. For instance, principal component analysis (PCA), one of the most widely used linear dimensionality-reduction techniques, seeks to identify orthogonal axes [i.e., principal components (PCs)] that best account for the variance of the data via a linear combination of existing axes (18). By projecting the data into a subspace of leading PCs, we can obtain a compact representation of the data, albeit with some information loss (Figure 1D). There are also non-linear techniques such as Isomap (19), t-stochastic neighbor embedding (20), uniform manifold approximation and projection (21) that capture non-linear relations between variables. Overall, the motivations for dimensionality reduction in dealing with high-dimensional data are as follows: first, high-dimensional data are unintuitive; second, they are prone to the curse of dimensionality; and third, a dataset's dimensionality may be artificially high.



Modeling the PI as a Dimensionality-Reduction Process From the Symptom Space

One of the most distinctive characteristics of TAM in clinical practice is the use of patterns to identify and treat the patient. TAM physicians evaluate patient's clinical symptoms and signs and classify them according to specific pattern groups (4). The identified patterns provide basis for prescribing treatments including herbal formula (22). Each patient can be thought of as a point in a multidimensional symptom space, with each dimension corresponding to a distinct symptom. If the total number of symptoms is p, the patient is represented as a p-dimensional vector whose elements are the coordinate values on each symptom axis. Similarly, the herbal space can be defined in the same way, with each dimension representing an individual herb. If the total number of herbs is q, a herbal prescription (a mixture of herbs) is represented as a q-dimensional vector whose elements are the coordinate values for each herbal axis. Following that, treatment selection can be formulated as a mapping from the symptom space to the herbal space (To keep the discussion concise, treatment is limited to herbal prescriptions). From the doctor's perspective, there are several motivations to reduce the dimension of the input data to perform this task successfully. Assuming the symptom and herbal space have dimensions of p and q, respectively, the number of theoretically possible mappings is qp. Even if each p and q are on a tens-scale, they are already beyond the cognitive capacity of any single human memory. In this case, shrinking the input space's dimension can exponentially reduce the number of available alternatives (Figure 2A).


[image: Figure 2]
FIGURE 2. Framework modeling the PI with dimensionality reduction. (A): Rather than mapping high-dimensional spaces directly, the number of cases can be reduced exponentially by first projecting the input space to low-dimensional space composed of multiple latent variables and then mapping it to the output space. (B): Representing the data using a few underlying patterns reveals the intrinsic structure of the data, which is difficult to capture in a high-dimensional space where distinct factors of variations are highly entangled. Each point represents sample data, and the points denoted by a black circle represent the ith sample, which is represented in both the symptom space ([image: image]) and the pattern space ([image: image]). The points are color-coded according to the identified patterns. (C): TAM's low-dimensional pattern space is constructed from metaphorical concepts that are embodied in everyday life. The pattern space in eight-principle PI, the most comprehensive type of PI, is visualized as an example. Six of eight principle patterns are composed of the exterior, interior, cold, heat, deficiency, and excess, while the other two are Yin and Yang, which are higher concepts that encompass the other six patterns. Six principle patterns are grouped in pairs of mutually opposing properties: exterior-interior, cold-heat, and deficiency and excess. These three pairs represent the extent to which external pathogens penetrate the body, the nature of the disease, and the relative superiority of the body's resistance to pathogenic factors and the pathogenic qi, respectively. These concepts' familiar and abstract characteristics enable robust inference of the pathological pattern from a myriad of symptom phenotypes.


Additionally, there is frequently a high degree of correlation and redundancy among individual symptoms, limiting possible patterns of variation (e.g., fever may have a positive correlation with thirst and a negative correlation with a pale face). In other words, a small number of independent patterns can effectively describe the system's behavior, resulting in symptom data that may span only a constrained, low-dimensional subset of the entire space. In this case, the overall structure of the symptom data, which may not be visible at the individual symptom level, may be more important for treatment selection. Disentangling the data based on latent patterns may aid in revealing the data's intrinsic structure (Figure 2B).

Given this perspective, the PI system can be modeled as the process of representing high-dimensional symptom data in a low-dimensional space defined by a few latent patterns. Assuming that the patient records contain p symptom variables and are represented by r pattern variables, PI process can be described as follows: Given a set of n patient vectors [image: image][i.e., the ith training sample is a vector [image: image], where xij is jth feature of ith sample], the aim is to transform each vector [image: image] into a new vector [image: image] where r≪p. The mapping function f:X ⊂Rp→Z⊂Rrcan be estimated differently depending on the specific forms of the objective function.

Interestingly, human-inferred latent patterns may not always be the optimal solution in terms of information loss minimization, which is the primary goal of dimensionality-reduction algorithms such as PCA. This is because, given human expert's inductive reasoning, reduced representations must not only deliver compact information but also be cognitively efficient. Indeed, the patterns in TAM, such as heat, cold, deficiency, and excess, are primarily intuitive and metaphorical concepts that are embodied in daily life (Figure 2C). Inferring patterns from experiences or observations of the physical world and explaining the physiological and pathological phenomena of the human body in terms of these conceptual patterns are key characteristics of TAM theory (23). While this approach may appear crude and ideological in comparison to pathogen-based diagnosis, it provides an intuitive foundation for inductive reasoning (24, 25).



Research Questions in PI Systems That Can Be Addressed Using Mathematical Metrics Developed in ML

In this section, we raise several research questions that can be addressed by utilizing our novel framework that models the PI system in terms of the ML perspective. In particular, we focus on the topics for specifying the dimensionality reduction properties of the PI system.


Is PI a Linear or Non-linear Process?

Dimensionality-reduction algorithms can be classified mathematically as linear or non-linear, which is critical for implementation. Linear techniques such as PCA, multidimensional scaling, and factor analysis are widely used in a variety of fields. They employ straightforward linear algebraic techniques that are easy to implement and provide clear geometric interpretations (26). In the real world, however, data may form a highly non-linear manifold. Low-dimensional embeddings obtained via methods assuming a linear submanifold may be unsatisfactory in this case (27).

Whether to use a linear or non-linear technique should be determined by the nature of the data being analyzed, as well as the nature of the problem being solved. The PI process should compress the symptom space while retaining the information required for treatment selection, but its linear or non-linear nature has not been investigated. For instance, the probability of being identified as a particular pattern can increase supra-linearly when a particular symptom pair appears concurrently, whereas the probability may be negligible in the absence of a single symptom.

Numerous techniques exist for quantifying non-linearity in operations (28–30). Quantifying non-linearity may allow for the assessment of the adequacy of currently developed tools supporting clinical PI. For example, a questionnaire based on linear regression may be ineffective for a disease in which significant non-linear associations exist between symptoms and patterns.



How and to What Extent the PI Abstracts Information

The core characteristic of human intelligence is to learn from small samples to deal with previously unknown situations, which are often linked with the critical challenges raised in ML (31). For the brain to learn efficiently within its limited resources, it is necessary to draw general conclusions from individual experiences rather than memorize them all (32). Abstraction and hierarchical information processing are critical capabilities that contribute to the human brain's remarkable capacity for generalization (7, 33).

Given that PI is the process of representing patients' clinical symptoms as metaphorical patterns, it is fundamentally an abstraction process. Abstract representations may aid physicians in robustly inferring pathological patterns from a wide variety of symptom combinations, thereby simplifying patient classification. It is critical to investigate how and at what level abstractions are made and how they contribute to patient classification and/or treatment selection in order to gain a better understanding of information processing in PI.

Obtaining abstract (high-level) representations while ignoring irrelevant details is also critical in artificial intelligence (AI). Deep neural networks, in particular, such as convolutional neural networks and autoencoders are thought to learn abstract representations, and abstraction in representations can be quantified in various ways, for example, the degree of dichotomy or the capacity for generalization (34–38). Similarly, abstractions in PI can be explicitly quantified using the PI model's representation. Whether or not TAM concepts with varying levels of abstraction are hierarchically encoded in the system, or whether the level of abstraction varies between different types of PI that employ distinct conceptual patterns, such as Qi and blood, viscera and bowels (zangfu), or the five phases, could be specific research topics. This would enable us to assess the appropriate level of abstraction as well as its advantages and disadvantages.



What Is the Objective Function of the PI System?

The objective function specifies how a model's performance/cost is calculated, and a model is trained to maximize or minimize it. In other words, the objective function represents the model's learning goal, which is a critical component that must be specified in ML practice along with the learning rule and the architecture (39). Similarly, we can consider the PI system's objective function. Investigating the objective function that led the development of TAM's clinical decision-making model into its current form will give insight on the information processing strategy of PI system.

We can start with a common objective function of ML to determine that of the PI system. In supervised learning, the most widely used objective function is as follows:

[image: image]

[image: image] denotes the function space of f, and the function [image: image] is found by the minimization of the cost (inside the square bracket), which is composed of the loss function L(yi, f(xi)) and the regularization function J(f) with its associated regularization weight λ. yi and f(xi) denotes the ground-truth treatment and model prediction for the ith-sample xi, respectively. To minimize the loss, the model should fit the training data as closely as possible. However, the complexity of the model is constrained by the penalty imposed by the regularization term. The strategy of having two conflicting components in the objective function enables the designer to consider a reasonable bias-variance trade-off (i.e., enhancing the model's reliability in the face of unseen data at the expense of greater bias) (40). In other words, the objective function formulation expresses explicitly which characteristics the system values and penalizes.

It will be important to investigate which type of performance or penalty should be assessed by the loss and regularization functions in order to induce the current PI system. For example, when describing the long-term evolution of a PI system, the regularization function may be used to constrain the agent's cognitive and/or computational load rather than to prevent overfitting (In the long run, variance shrinks because [image: image]where σ2 denotes the model variance).





DISCUSSION

Earlier research on developing an AI-based diagnostic system for TAM was primarily focused on developing an expert system that makes use of expertise and ontology (41–45), whereas in recent years, a bottom-up approach that generates knowledge from the data has become more prevalent. The majority of recent PI studies utilizing ML have attempted to develop predictive models capable of reproducing a physician's diagnosis (46–48). While these studies explored the clinical applicability of ML algorithms based on their predictive performance, there were also studies examining the PI theory itself. One study validated TAM pattern types statistically by demonstrating that patient clusters in the data set correspond well to theoretical pattern types (49, 50), and another used a decision tree algorithm to extract a collection of symptoms indicative of a pattern in a particular disease (51) [For a more comprehensive and systematic review of the application of quantitative models in traditional medicine, see (52, 53)]. Our study is unique in that it presents a broader framework for explaining and analyzing PI system's information processing strategy from a ML perspective. Additionally, while we explained the PI process as dimensionality reduction, it is not exclusive to other ML algorithms such as clustering.

When dimensionality reduction is used to extract latent features, the process is comparable to that of theorization or modeling. Both involve deriving fundamental principles or patterns from massive and disordered data at the expense of detailed information. A model that fully describes all data samples is merely an enumeration of facts and is incapable of conveying generalized knowledge. Instead, we require a simple explanation to make sense of the data despite the presence of residuals that the model cannot account for. This aspect of dimensionality reduction is consistent with TAM's distinctive way of thinking, which seeks to interpret changes of the patient's symptoms and discomfort using abstract concepts that describe the dynamic nature of the micro-environment of the human body (54). By grasping the generalizable principles underlying individual observations, we can explain, predict, and manipulate the observed system's behavior beyond the scope of our experience.

According to cognitive psychology, humans frequently employ heuristic strategies that arrive at satisfactory solutions with a modest amount of computation to make decisions within their cognitive capacity and time constraints (55–57). Numerous models have been proposed to explain the strategies employed by the human brain, and dimensionality-reduction model in this paper is in line with such models. However, the constraint on computing resources in the dimensionality reduction of ML is not severe, resulting in differences between the human and machine computation. Additionally, it is expected that extensive feature selection will occur prior to dimensionality reduction in the actual PI process, based on cues such as the patient's chief complaint. This procedure would be based on the physician's prior knowledge, which correspond to the Bayesian prior. It is also noteworthy that reduced representations in PI systems must be interpretable because they are the product of conscious reasoning, unlike many ML algorithms, including PCA.

We combine the ingredients of systems neuroscience and ML to propose a conceptual framework for investigating the PI system, based on TAM domain knowledge. The introduction of a new perspective leads to the emergence of novel research questions and methodologies, opening a novel field of investigation. By implementing mathematical tools developed in ML, we will be able to verify a variety of hypotheses to which qualitative approaches have been applied primarily and contribute to the development of shareable explicit knowledge. This may help overcome one of TAM theory's primary flaws, namely that it is subjective and difficult to articulate. While this framework leaves room for elaboration, we believe it will serve as the foundation for developing interpretable AI for the medical domain.
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Stage of the program
implementation

Pre-implementation

Implementation

Post-implementation

Timepoint of data
collection

Screening
(before O months)

Baseline
(0 months)

Baseline
(0 months)

Throughout program
implementation (0-12
months)

Quarterly

(3.6, 9 months)

Quarterly
(12 months)

Follow-up survey
(12 months)

Type of data collection

Screening data among
potential participants

Survey among recruited
participants

Self-administered surveys
among village doctors

Monitoring data from digital
health system

Semi-structured in-depth
interviews among
stakeholders

Semi-structured in-depth
interviews among
stakeholders

Self-administered surveys
among village doctors

Information collected

Basic information
(socio-demographic, stroke
history) of stroke survivors
(60 villages, n = 2333)
Basic information and major
outcome indicators of
recruited participants’ (50
vilages, n = 1,299)

Basic information, attitude
and practioe of stroke
prevention among village
doctors (n = 50)

The number of follow-up
visits delvered, and voice
messages received.
Implementation situation
and relevant factors among
participants, village doctors,
township physicians.
Implementation situation
and relevant factors among
participants, village doctors,
township physicians

Attitude and practice of
stroke management among
50 vilage doctors,
acceptance and adoption of
intervention components
among 25 village doctors in
intervention arm.

Data collection approach

Village doctors filed in the
form based on existing
health records or interviews
with potential participants.
A questionnaire
administered by trained
assessors via face-to-face
interviews.

Village doctors
self-administered the online
survey.

Extracted from digital health
platforms.

Project-related researchers
conducted semi-structure
in-depth interviews.

Researchers who have not
involved in the program
design and implementation
conducted semi-structured
in-depth interviews.

Village doctors.
self-administered the online
survey.

Type
of data

Quan

Quan

Quan

Quan

Qual

Qual

Quan
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Characteristics of participants Stroke survivors Stroke survivors Stroke survivors involved

screened ® participated in the trial in the interviews
(n=2,81) (n=1,200) (n=51)
Sex, % female 909 (43.7%) 553 (42.6%) 23 (45.1%)
Mean age at baseiine (SD) 67.1(0.2) 65.7(8.2) 656 (7.7)
Stroke type ©
Ischemic 1,781 (83.29%) 1,119 (86.1%) 42 (82.4%)
Hemorrhage 331 (15.9%) 176 (13.6%) 9(17.6%)
Not specified 19.(0.9%) 4(03%) 0(0%)
Self-report medicine taking during screening or baseline survey
Antiplatelet 1,357 (65.2%) 852 (65.6%) 19 (37.3%)
Satin 699 (33.6%) 340 (26.2%) 11 (21.6%)
Anti-hypertensive medicines 1,675 (80.5%) 1,030 (79.3%) 42 (82.4%)
Had experienced stroke recurrence 603 (20.0%) 378 (29.1%) 10 (19.6%)
Visited to village clinics in the past month 1,600 (76.9%) 795 (61.2%) 40 (78.4%)
Difficult to get out of bed © 160 (7.7%) 27 2.4%) 0(0%)
Having basic communication abily 1,919 (92.2%) 1,259 (96.9%) 50 (98.0%)
Duration since the first stroke event
<8 years 549 (26.4%) 357 (27.5%) 10 (19.6%)
3-5 years 443 21.3%) 320 (25.3%) 18 (35.3%)
6-9 years 479 (23.0%) 257 (19.8%) 7(18.7%)
= 10 years 610 (20.3%) 356 (27.4%) 16 (31.4%)

20nly stroke survivors who were from the 50 eligible vilages were accounted. Stroke survivors from 10 vilages that did not meet the cluster eligible criteria were excluded from
the analysis.

bFor the participants who had multiple stroke experiences, the type of stroke accounted for the latest stroke event.

¢The participants who had limited walkability but able to visit to the village clinics with support of family caregivers were included in the trial, otherwise were excluded.





OPS/images/fpubh-09-675171/fpubh-09-675171-t004.jpg
Framework

Medical Research Council guidance, Craig et al. (38)

Gonceptual Model of Evidence-Based Practice
Implementation in Public Service Sectors, Aarons et al. (22)

Gonsolidated Framework for Implementation Research
(CFIR), Damschroder et al. (26)

NGCDPHP Knowledge to Action Framework for Public
Health, Wilson et al. (46)

Research Utilization Model (modified from Rogers), Davis
etal. (47)

Models who distinguish between phases of the implementation process

Active Implementation Frameworks, Blanchard et al. (45)

Stetler Model of Research Utilization, Stetler (43)

Generic Implementation Framework (GIF), Moullin et al. (19)

ACE Star Model of Knowledge Transformation, Stevens (44)

A model for large scale knowledge translation, Pronovost
etal. (39)

Advancing understanding of mechanism of change in
implementation science, Lewis et al. (31)

Action models with a step-wise approach

Organizational model for transformational change in health
care systems, Lukas et al. (49)

The ottawa model of health care research, Logan et al. (30)

Quality Implementation Framework, Meyers et . (32)

IOWA Model, Doody and Doody (42)

Phases/steps/requirements

Development

Feasibilty and piloting
Evaluation
Implementation
Exploration

‘Adoption decision/Preparation
Active implementation
Sustainment

Planning

Engaging

Executing

Reflecting and evaluating

Research phase
Translation phase

institutionalization phase

Stage 0. Research Development
Stage 1. Dissemination

Stage 2. Intent to adopt

Stage 3.aImplementation

Stage 3.b Adaptation

Stage 4. Institutionalization
Stage 5. and replication
Exploration

installation

Initial implementation
Fullimplementation

Phase 1: Preparation
Phase 2: Validation

Phase 3: Comparative Evaluation
Phase 4: Decision making
Phase 5: Translation/application

Phase 6: Evalu:

Pre-implementation
Process of implementation

Post-implementation

Discovery Research

Evidence Summary

Translation to Guidelines

Practice Integration

Process, Outcome Evaluation

1. Summarize the evidence

2. Identify local barriers to implementation

3. Measure performance

4. Ensure all patients receive the interventions
Step 1: Specifying implementation strategies
Step 2: Generating strategy-mechanism linkages
Step 3: Identifying proximal and distal outcomes
Step 4: Articulating effect modifiers

Impetus to Transform

Leadership

Improvement Initiatives

Alignment

integration

1. Assess: Practice environment, potential adopters, evidence-based innovation
2. Monitor: Transfer strategies, adoption
3. Evaluate: Outcomes

1. Inital considerations regarcing the host setting
2. Creating a structure for implementation

3. Ongoing structure once implementation begins
4. Improving future applications

1. Selection of a topic
2. Forming a team

3. Evidence retrieval

4. Grading the evidence

5. Developing an EBP Standard
6. Implement the EBP

7. Evaluation

*The underlined phases/steps/requitements are those that are directly incorporated into the three main phases we put forward as common thread in these modes.
*The phases/steps/requirements in italics are linked to the three main components as described in Framework components.
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Determinant framework

Consolidated Framework for Implementation Research (CFIR),
Damschroder et al. (26)

Integrated Promoting Action Research in Health Services Framework

(-PARIHS), Stetler et al. (33)

CAIMeR theory, Blom and Morén (52)

Barrier assessment, Cochrane et al. (20)

Ecological Framework—Interactive Systems Framework for
Dissemination and Implementation, Durlak and DuPre (48)

Conceptual model for considering the determinants of diffusion,
dissemination, and implementation of health service delivery and
organization, Greenhalgh et al. (50)

Understanding user context framework for knowledge transtation,
Jacobson et al. (34)

The interdiscipiinary conceptual framework of clinicians’ compliance

with evidence-based guidelines, Gurses et al. (35)

Four levels of change for improving qualiy, Ferlie and Shortell (40)

Apractical, robust implementation and sustainability model (PRISM),

Feldstein and Glasgow (36)

Translating research into practice, Bradley et al. (41)

Determinants and consequences of implementation effectiveness,
Klein and Sorra (37)

Conceptual framework, Lau et al. (3)

Generic Implementation Framework (GIF), Mouliin et al. (19)

The ottawa model of health care research, Logan et al. (30)

Components/constructs/elements

Intervention Characteristics
Indlviduals involved

Inner setting

Outer setting

Process

Evidence/Evidence and EBP characteristics (revised version)

Context/Contextual readiness for targeted EBP implementation (revised version)

Faciltation
Successful implementation (revised version)
Contexts

Actors

Interventions

Mechanisms

Professional barriers
Barriers embedded in the guidelines or evidence
Patient barriers

Support or resources

System and process barriers

Community level factors

Provider characteristics
Characteristics of the innovation

Factors relevant to the prevention delivery system
Organizational capacity

Factors related to the prevention support system
The innovation

System antecedents for innovation

System readiness for innovation

Adopter

Assimilation

Implementation process

Linkage

Outer context

Communication and influence

Diffusion and dissemination

The user group

The issue

The research

The researcher-user relationship
Dissemination strategies
System characteristics

Provider characteristics
Guideline characteristics
Implementation characteristics

Individual change
Group/team change

Organizational change

Larger system/environment change

Program (interventions)

External environment

Implementation and sustainabilty infrastructure

Recipients
Top-down support
Leadership

ity of evidence-based practice

Cimate for implementation

Skills

Incentives and disincentives

Absence of obstacles

Innovation values fit

Commitment

Strategic acouracy of innovation adoption
Implementation effectiveness

Innovation effectiveness

External context
Organization
Professional
Intervention

Innovation

Context domains
Strategies

Factors

Evaluations

Practice environment
Potential adopters
Evidence-based innovation
Transfer strategies
Adoption

Outcomes

Theoretical domains framework (v2.0), Atkins et al. (51) Knowledge, skills, social/professional role and identity, beliefs about capabilties,
‘optimism, beliefs about consequences, reinforcement, intentions, goals, memory,
attention and decision processes, environmental context and

resources, social influences, emotion, behavioral regulation

Outer context

Inner context

Interconnections

Conceptual model of evidence-based practice implementation in public
service sectors, Aarons et al. (22)

*The underlined components/constructs/elements are those that are directly incorporated into the three main components we put forward as common thread in these frameworks.
*The components/constructs/elements in italics are linked to the three main components in Framework components, as either outcomes or evaluation (inked to intended change),
actors (linked to context) or process (linked to strategies).
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Action models

Framework

Medical research council
guidance, Craig et al. (38)
Conceptual model of
evidence-based practice
implementation in public service
sectors, Aarons et al. (22)
Consolidated Framework for
Implementation Research (CFIR),
Damschroder et al. (26)
NCCDPHP knowledge to action
framework for public health,
Wilson et al. (46)

Research utiization model
(modified from Rogers), Davis
etal. (47)

Active implementation
frameworks, Blanchard et al. (45)
Stetler model of research
utilzation, Stetler (43)

Generic Implementation
Framework (GIF), Moulin et al.
(19

AGE star model of knowledge
transformation, Stevens (44)

Amodel for large scale
Knowledge translation,
Pronovost et al. (39)

Advancing understanding of
‘mechanism of change in
implementation science, Lewis
etal. 31)

Organizational model for
transformational change in health
care systems, Lukas et al. (49)
The ottawa model of health care
research, Logan et al. (30)

Quality implementation
framework, Meyers et al. (32)

IOWA model, Doody and Doody
(42)

Development phase
Development

Exploration
Adoption Decision/Preparation

Planning
Engaging

Research phase

Research Development
Intent to adopt

Exploration

Preparation validation
comparative evaluation decision
making

Pre-implementation

Discovery Research
Evidence Summary
Translation into guidelines
Summarize the evidence
Identify local barriers

to implementation

Impetus to Transform

Assess (practice environment,
potential adopters,
evidence-based innovation)
Initial considerations regarding
the host setting

Creating a structure

for implementation

Selection of a topic

Forming a team

Evidence retrieval

Grading the evidence
Developing an EBP standard

Translation phase

Feasibilty and piloting
Implementation

Active implementation

Executing

Translation phase

Implementation
Adaptation

Installation

Initial implementation
Translation/application

Process of implementation

Practice integration

Improvement Initiatives
Alignment

Monitor (transfer strategies,
adoption)

Ongoing structure once
implementation begins

Implement the EBP

Sustainment phase

Sustainment

Institutionalization phase

Institutionalization
Diffusion and replication

Full implementation

Post-implementation

Ensure all patients receive the
interventions

Integration

Improving future applications






OPS/images/fpubh-09-675171/fpubh-09-675171-t007.jpg
Determinant framework

Consolidated Framework for
Implementation Research (CFIR),
Damschroder et al. (26)

Integrated Promoting Action
Research in Health Services
Framework (-PARIHS), Stetler et al.
@3

CAIMeR theory, Blom amd Morén (52)
Barrier assessment, Cochrane et al.
(20)

Ecological framework—interactive
systems framework for dissemination
and implementation, Durlak and
DuPre (48)

Conceptual model for considering the
determinants of diffusion,
dissemination, and implementation of
health service delivery and
organization, Greenhalgh et al. (50)
Understanding user context
framework for knowiedge translation,
Jacobson et al. (34)

The interdiscipiinary conceptual
framework of clinicians’ compliance
with evidence-based guidelines,
Gurses et al. (35)

Four levels of change for improving
quality, Ferlie and Shortell (40)

A practical, robust implementation
and sustainability model (PRISM),
Feldstein and Glasgow (36)
Translating research into practice,
Bradey et al. (41)

Determinants and consequences of
implementation effectiveness, Klein
and Sorra (37)

Conceptual framework, Lau et al. (3)

Generic Implementation Framework
(GIF), Moulin et al. (19)

The ottawa model of health care
research, Logan et al. (30)
Theoretical domains framework
(v2.0), Atkins et al. (51)

Conceptual model of evidence-based
practice implementation in public:
senvice sectors, Aarons et al. (22)

Intended change

Intervention characteristics

Evidence/Evidence and EBP
characteristics

Interventions.

Barriers embedded in the
guidelines or evidence

Characteristics of the innovation

The innovation

The issue

Guideline characteristics

Individual change
Group/team change
Organizational change
Larger

system/environment change
Program (interventions)

Credibilty of evidence-based
practice

Intervention

Innovation

Evidence-based innovation

Context

Inner setting
Outer setting

Context/Contextual readiness for
targeted EBP implementation

Contexts
Cognitive-behavioral bartiers.
Atiitudinal or rational-emotional
barriers

Professional barriers

Patient barriers

System and process barriers
Community level factors
Provider characteristics

Factors relevant to the
prevention delivery system:
organizational capacity

System antecedents for
innovation

System readiness for innovation
Outer context

System characteristics
Provider characteristics

External environment
Implementation and
sustainabilty infrastructure
Top-down support
Leadership

Organizational culture
Intervention infrastructure
Climate for Implementation
Innovation values fit

External context
Organization
Professional
Context domains
Factors

Practice environment

Provides a list of domains that
can be incorporated as context
variables.

Outer context

Inner context

Strategies

Fagiltation

Support or resources

Factors related to the prevention
support system

Communication and influence
Diffusion and dissemination

Dissemination strategies

Implementation characteristics

Coordination of different
stakeholders
Dissemination

Diffusion

Skills/Incentives and
disincentives/Absence of
obstacles

Strategies

Transfer strategies
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Category

Process
models.

Determinant
frameworks

Classic
theories

Implementation
theories

Evaluation
frameworks

Categorization and definitions by Nilsen (25)

Description

Specify steps (stages, phases) in the process of translating
research into practice, including the implementation and use
of research. The aim of process modls is to describe and/or
quide the process of translating research into practice. An
action modelis a type of process model that provides
practical guidance in the planning and execution of
implementation endeavors and/or implementation strategies
to faciltate implementation.

Specify types (also known as classes or domains) of
determinants and individual determinants, which act as
barriers and enablers (independent variables) that influence
implementation outcomes (dependent variables). Some
frameworks also specify relationships between some types of
determinants. The overarching aim is to understand and/or
explain influences on implementation outcomes, €.g.,
predicting outcomes or interpreting outcomes retrospectively
Theories that originate from fields external to implementation
science, e.g., psychology, sociology, and organizational
theory, which can be applied to provide understanding and/or
explanation of aspects of implementation

Theories that have been developed by implementation
researchers (ffom scratch or by adapting existing theories and
concepts) to provide understanding and/or explanation of
aspects of implementation

Specify aspects of implementation that could be evaluated to
determine implementation success
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Domain

Implementation science or
interdiscipiinary

Medical sciences

Nursing

Pharmacy

Public health or prevention
research

Organization research or
senvice innovations

Social and behavioral
sciences

Social work

Process models

Consolidated Framework for Implementation Research (CFIR) (26),
Advancing Understanding of Mechanism of Change in
Implementation Science (31), Qualty Implementation Framework
(32), Ottawa Model of Health Care Research (30), Generic
Implementation Framework (GIF) (19)

Medical Research Council guidance (38), A Model for Large Scale
Knowledge Translation (39)

IOWA Model (42), Stetler Model of Research Utiization (43), ACE
Star Model of Knowledge Transformation (44)

Active Implementation Frameworks (45)

The NCCDPHP Knowledge to Action Framework for Public Health
(46), Research Utilization Model (modified from Rogers) (47)
Organizational model for transformational change i health care
systems (49)

Conceptual Model of Evidence-Based Practice Implementation in
Public Services Sectors (22)

Determinant frameworks

Consolidated Framework for Implementation Research (CFIR) (26),
Integrated Promoting Action Research in Health Services
Framework (-PARIHS) (33), Understanding User Context
Framework for Knowledge Translation (34), Interdiscipiinary
Conceptual Framework of Clinicians’ Compliance with
Evidence-based Guidelines (35), A Practical, Robust
Implementation and Sustainability Model (PRISM) (36),
Determinants and Consequences of Implementation Effectiveness
(87), Conceptual Framework (3), Generic Implementation
Framework (GIF) (19)

Four levels of change for improving quality (40), Translating
Research into Practice (41), Barrier Assessment (20)

Ecological Framework—Interactive Systems Framework for
Dissemination and Implementation (48)

Conceptual Model for Considering the Determinants of Diffusion,
Dissemination, and Implementation of Health Service Delivery and
Organization (50)

Theoretical Domains Framework (V2.0) (51)

Conceptual Model of Evidence-Based Practice Implementation in
Public Services Sectors (22), the CAIMeR Theory (52)
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Pubmed N
# fragilty [allfield] 19914
# fragile [all feld] 22,727
#3 low traumatic [al fielc] 12,625
# # OR#20#3 53,368
#5 fracture fal field] 322,337
#6 break [all field] 119,498
#7 split fall field] 102,207
#8 crack [al ield] 20,423
#9 #5 OR #6 OR #7 OR #8 554,762
#10 Pain [all field] 869,082
#11 Long-term pain [al field] 45413
#12 Painful all field] 900,316
#13  Suffer [all field] 1,307,321
#14  discomfort [all field] 48,254
#15 hurt all field] 4,855
#16 iritation [all field] 52,785
#17  tenderness [all feld] 24,481
#18  soreness [all field] 3526
#19 Fracture-related limitations [al fiet] 85
#20  disabilty [all field]) 374,533
#21  disabled [all field) 374,533
#22 #100R #11OR #12 OR #13 OR #14 OR #15 OR 1,740,707
#16 OR #17 OR #18 OR #19 OR #20 OR #21
#23 #4 AND #9 AND #22 1,479
Cochrane N
# fragilty [allfield] 1,454
#2 fragile [all field] 736
#3 low traumatic [all field] 2,223
#4 #OR#20#3 4313
# fracture [allfield] 18,713
#6 break [all field] 4,066
47 spit allfield] 10,282
#8 crack [al field] 390
# #5 OR #6 OR #7 OR #8 32,832
#10 Pain fal field] 191,678
#11 Long-term pain [all field) 13,367
#2 Painful fall field] 12,200
#13  Suffer [al field] 7,294
#14  discomort fal field] 16,901
#15 hurt all field) 519
#16  initation [allfield) 5,867
#17  tenderness [allfield] 3,618
#18  soreness [al field] 1,995
#19 Fracture-related limitations [al field] 10
#20  disabilty [all field] 37,247
#21  disabled [all field] 3,175
#22 #100R #11 OR #12 OR #13 OR #14 OR #15 OR 234,933
#16 OR #17 OR #18 OR #19 OR #20 OR #21
#23  #4AND #9 AND #22 745
Embase N
# fragilty [allfield] 41,107
# fragile fall feld] 29,980
3 low traumatic [all fielc] 144
4 #1OR#20#3 69,324
#5 fracture fal field] 396,777
6 break [all field] 72,142
# split [all field] 91,222
48 crack [al field] 9,824
# #5OR #6 OR #7 OR #8 563,987
#10  Pain [all field] 1,378,467
#11 Long-term pain [all field] 1,777
#12  Painful fallfield] 90,626
#13  Suffer [all field] 98,951
#14  discomfort allfield] 84,393
#15 hurt al field) 6,051
#16  irmitation [all field] 48,794
#17  tenderness [all field] 37,726
#18  soreness [al field] 4,539
#19 Fracture-related limitations [all field] 1
420 disabity [all field] 334,924
421 disabled [al field] 60,695
422 #10OR #11OR #12 OR #13 OR #14 OR #15 OR 1,916,555
#16 OR #17 OR #18 OR #19 OR #20 OR #21
#23  #4AND #9 AND #22 4,262
Web of Science N
# fragilty [allfield] 27,390
# fragile [all feld] 40,871
3 low traumatic [all fielc] 24,839
#4 #OR#204#3 91,004
5 fracture fal field] 509,008
I3 break [all field] 407,261
#7 split [all field] 287,946
8 crack [all field] 261,946
# #5 OR #6 OR #7 OR #8 1,351,490
#10  Pain [all field] 708,471
#11 Long-term pain [all field] 42,587
#12 Painful fal field) 53,923
#13 Suffer [all field] 349,061
#14  discomfort [all field] 44,770
#15 hurt al field) 12,487
#16 irmitation [all field] 21,493
#17  tenderness [all field) 16,422
#18  soreness [al field] 3,980
#19 Fracture-related limitations [all field] 27
#20  disabilty [all field) 285912
421 disabled [al field] 57,642
#22  #10OR#11OR #12 OR #13 OR #14 OR #15 OR 1,399,657
#16 OR #17 OR #18 OR #19 OR #20 OR #21
#23  #4 AND #9 AND #22 1,764
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Country

Germany

Taiwan

Romania

France

Norway

Canada

USA

Austria

China

Korea

Turkey

JAPAN

Turkey

Mexico

Sweden

USA

Canada

Italy

Sweden

Turkey

Sweden

Duration

Average follow-up
of 5.3 1.7 years
after injury
Range 3-8

Oct. 2002-Mar.
2003

Jun. 2016-Aug.
2017

Atleast 1 year

Jun 2007-Jun.
2008

Nov. 1,
2016-Sep. 30,
2018

At least 6 month

6 month

Each of ~1.5
years duration

6 month

Jan. 2016-Jan.
2018

Avyear (Dec.
2003-Nov. 2006)

Jan.-Dec. 2016

1 year

Participants

Thoracolumbar
fracture group = 85;
control = 584

24,435

364 postmenopausal
wormen

5883 have osteoporosis

307 subjects age of
50 years

67

101 women with
diagnosed
postmenopausal
osteoporosis

222

358 with vertebral
fractures

196 with an
osteoporotic vertebral
compression fracture
Reference population
(28) = 600

105 females with
osteoporosis

174 consecutive
wormen with
postmenopausal
osteoporosis
909 patients

136 with hip fracture

36 women with
osteoporosis and
verified with vertebral
fracture

1,098 Japanese
ancestry

21 who had sustained
fractures

513 post-menopausal
wornen over 50,

having back pain for at

least 3 months, not
responding to
consenvative
treatment, with NRS
between 2 and 4 (mild
pai) and SF 36
between 60 and 100.

107

172 with rib fracture

Hip fracture
patients:868 (inal was
840 patients)

Control group: 2,251

Female/male

Thoracolumbar fracture
group: 41/44 control:
N/A

11,937/12,498

364/0

588/0

222/85

56/12

101/0

173/49

284/74

Fracture group:165/31
Reference
population:303/297

105/0

174/0

96/41

36/0

1,008/0

16/5

513/0

72/35

66/106

Hip fracture patients:
628/245

Control

group: 1,333/918

Agelyear)

Thoracolumbear fracture
group- Mean  SD: 47.8
+128

Range 25-65 control: N/A

Over 20 years

Mean  SD: Osteoporosis
(n=228): 655+ 7.39
Control (n = 136): 63.45
+ 816 Range: 46-85

Mean = SD vertebral
fracture (1 = 548) vs.
control group: 71.61
501vs.71.00+5.13 (0
=049

Over 50 years

Range: 47-89

Mean: 62.6

Mean + SD: total: 79.3 +
85

Mean + SD: 72.3 + 9.4

Mean £ SD: 72.7 £ 7.9

Mean: 74.3 £ 7.5

Mean = SD back pain (1
= 159) vs. Non-back pain
(=15):678%65vs.
655+ 7.0(p =0.18)
Mean: 60

Range: 33-89

Mean £ SD: 77 £ 10

Mean  SD: 74.6 £ 83
Median: 76.6
Range: 57-87

Mean: 63.3
Range: 43-80

Range: 51-87

Mean: 72
Range: 50-89

Mean = SD: 75.5 % 11.9
Range: 42-96

Medican: 47
Range: 18-85

Hip fracture patients mean

Female: 79.0
Male: 73.9

aScale domains: S selection of study groups, C comparability, O outcome assessment. Each “*" counts one point in different domain.

Outcome (20, 21) Nos
score®

Thoracolumber fracture vs. control group (Mean = SD) s

*SF-36 questionnaire -pain domain e~

65.78 + 2.87 vs. 78.90 £ 8.87 (p < 0.05) o

*Pain Regulation Questionnaire (PRQ)

Pain competence: 41.40 £ 1.12 vs. 36.98 + 8.41 (0 < 0.001)

Pain intensity: 23.84 & 1.30 vs. 20.55 % 8.62 (o < 0.001)

Pain anxiety:26.63  11.50 vs. 31.90 = 858 (o < 0.001)

Pain depression: 21.15 = 1.27 vs. 25.33 + 9.60 (o < 0.001)

Pain avoidance: 25.72 & 0.94 vs. 25.38  8.10

Pain withdrawal: 24.93 + 1.23 vs. 28.90 = 10.90 (o < 0.001)

Pain distraction: 33.29  1.08 vs. 32.37 821

1.2,912 participants with osteoporosis, 1,416 reported low back pain ~ §™**

(o < 0.001). [oid

2. Osteoporosis vs. non- osteoporosis, with low back pain OR =255 O™

(95% Cl = 2.33-2.78); with frequent low back pain OR = 4.15 (95% Cl

=366-4.70)

3. Adjusted sociodemographic factors, ORs of associated osteoporosis

or not for frequent low back pain in females and males were 3.49 (95%

Cl =2.99-4.07) and 5.77 (95% Cl = 4.66-7.15), respectively.

*SF-36 questionnaire -pain domain [median (IQR)) st

1. Osteoporosis vs. Control:45 (45; 67.5) vs. 72.6 (55; 77.5) (o < 0.001)  C*
2. Osteoporosis patients with fracture (1 = 132) vs. without fracture (1~ O™**
96): 45 (45; 67.5) vs. 45 (35; 57.5) (p = 0.035)

UALEFFO-41 -pain domain [median (IQR}]

1. Osteoporosis patients with fracture (n = 132) vs. without fracture (7
= 96): 55 (30; 65) vs. 50 (30; 65) (p = 0.446)

QUALEFFO scores- pain domain(0-100)

patients with no fracture (n = 40): 60 patients with sum of grade of c

fracture is 1 or 2 (n = 133): 51 o

patients with sum of grade of fracture is 3 or 4 (0 = 189): 58

patients with sum of grade of fracture is 5-9 (n = 146): 58

patients with sum of grade of fracture is =10 (n = 80): 55

Patients self-reported pain s

{Some gave more than one answer and horizontal aggregates of c

percentages are therefore >Ioo) None (no infirmity): 31 (10.1%); foot o

(foo/leg/knee pain): 135 (44%); back (back pain): 96 (31.3%); hip (hip

pain): 53 (17.3%)

34 participants reported pain (30 fomale, 4 male). s

o

o

1.84 participants reported the presence of back pain. s

2. Frequency of back pain (daily: 33, weekly: 6, monthly: 20, lessthan G

once per month: 15) o
3. Duration of back pain (sever hour: 40, 1 day: 11, several days:11,
several weeks:4, constantly:18) 4.severity of back pain (very: 14,
moderately: 45, mildly: 25)
Visual analog scale (0-10) s
Osteopenic patients: 3.2 + 2.6 c
Osteoporotic patients without fracture history: 3.2 + 2.5 o
Osteoporotic patients with fracture history: 3.9 2.7 (o > 0.05)
1. Pain duration, weeks (< 2:183, 2-8:116, 28:59) s
2. Spinal palpation tendemess: 197 c
3. Axial spinal percussion pain: 83 o
4, Radiating pain: 76 5. Pain grades (mild: 17, moderate: 121, severe:
220)
*EQ-5D (pain/discomfort domain) s
1. No problem-39 (19.99%); 1 some problems: 139 (70.9%); serious c
problems: 18 (9.2%) o
2. Age 50-59 (n = 13) vs. reference population 84.6 vs. 30.6% (P <
0.001)
3. Age = 60 (1 = 183) vs. Reference population 79.8 vs. 62.7% (P <
0.001)
Geriatric pain scale (0-100) s
1. Mean: 57.6 % 17. lin = 16.6; Max = 92.8 (o
2. Pain level (n = 104) Slight (0-30) = 7 (6.7%); Mild (31-69) = 70 o
(67.39%); Severe (70-100) = 27 (26.0%)
1. 159 patients (91.4%) complained of back pain. stc
o
1. 695 patients (76.45%) reported experiencing pain s
2. The duration of the presence of pain was 8.7 + 5.27 year [Min:1, c
Max: 26] o
o
:  and 6th month patients report pain, respectively, 122 c
(89.7%), 92 (68%), 72 (52.9%) o
2. patients report pain, respectively, in level 1,2, 3 st month:148,735;
6th month: 646,210 (level 1: indicating no problem; level 2: indicating
some problems; level 3: indicating extreme problems)
Numeric rating scale (NRS) s
1. Maximum pain: Mean & SD: 5.9 & 1.8; median: 6; range: 2-8 2. c
Minimum pain. Mean & SD: 1.9 & 2.5; median: 2; range: 0-8 o
3. Average pain: Mean  SD: 4.8  2.1; median: 5; range: 0-8
“The original population (1 = 1,098) s
1.200 of these women had responded to questions about back pain,  C*
the number who reported increased frequency of back pain after the
fracture was 16 (46%) of 35 subjects with new vertebral fractures, 1
(10%) of 10 subjects with prevalent fractures only, and 21 (14%) of 155
subjects without vertebral fractures.
2. Incidence of increased frequency of back pain With vertebral o
fractures vs. without vertebral fractures Incident fractures: OR = 6.4
(95% Cl: 2.6-15.6): p < 0.05
Prevalent fractures OR = 1.7 (95% Cl: 0.5-5.6): p > 0.05
“The most examination (1 = 203)
1. 28.1% reported some frequency of back pain since their previous:
visit.
2. Among the subjects with and without incident vertebral fractures (1
= 45 and 158), the proportions reporting some frequency of back pain
were 53 and 21%, respectively.
11 participants reported persistent pain g
oo
Numeric rating scale (NRS) stc
1.77.5 % (0 = 165) of patients referred an NRS rate between 2and 3 0"
(first group) and 22.5% (n = 48) a rate of 4 (second group).
2. The correlation between the pain (NRS) and the number of vertebral
fragility fractures (P < 0.001).
“Von Korff Pain Intensity score(0-100) st

70.9 £ 19.3 (3 weeks), 615 % 21.4 (3 months), 60.7 £ 21.6 (6 ¢
months), 60.5 = 23.0 (12 months);

*Von Korff Disability score (0-100)

disabilty means scored 68.9  23.6 (3 weeks), 56.4 & 25.5 (3 months),
51.0 + 27.5 (6 months), 53.9 & 27.8 (12 months) (P < 0.001).
EQ-5D

1.Total score: 0.37  0.37 (3 week), 0.52  0.35 (3 months), 0.54 &
0.36 (6 months), 0.52 = 0.38 (12 month) (o < 0.001).

2. The number of patients reporting moderate or severe problems in
pain/discomfort domain 97% (3 week), 89% (3 months), 87% (6
months), 89%(12 month) (o < 0.001).

Numeric rating scale (NRS) (0-10)

1. At 15th days, 3rd month, 6th month, the pain level of <65 yr
participants were significant lower than >65 yrs group.

2. At 15th days, 3rd month, 6th month, the pain level of < female were
significant higher than > male.

3. Patients have 2 rib fractures with significant higher pain level than
who has only one fracture.

Back pain during last 10 years 1. Female (P < 0.001) Hip fracture.
patients: 23% (1 = 143) vs. Control group: 45% (1 = 600)

2. Male (P < 0.001) Hip fracture patients:20% (n = 49) vs. Control
group: 48% (1 = 441)

s o
o

o
o
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Model Criteria  Accuracy Sensitivity ~Specificity ~c-statistic

Logistic ATPIl 0.902 0.520 0.950 0.862
LDA & 0.898 0.545 0.936 0.875
SVM Jis 0.902 0.400 0.965 0.880
Random Forest & 0.922 0.440 0.980 0.893
Adaboost NHLBI 0.893 0.440 0.950 0.888
Naive Bayes 0.853 0.720 0.870 0.853
Logistic IDF 0.929 0.619 0.961 0.887
LDA 0.916 0.545 0.956 0.901
SWM 0.916 0.476 0.961 0.885
Random Forest 0947 0571 0.985 0921
Adaboost 0.911 0.429 0.961 0.885
Naive Bayes 0.893 0810 0.902 0.880

AUC, area under curve.
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Characteristics and perceptions of village doctors Involved in the trial Allocated in Participated

(n=50) interventionarm  in-depth interviews
(n=25) (n=27)
Age, mean (SD), years 46.0(6.4) 46.1(7.9) 46.0(7.5)
Sex, % female 8(16.0%) 3(12.0%) 3(11.1%)
Education, n (%)
High school or equivalent 29 (58.0%) 15 (60.0%) 16 (59.3%)
Junior college 18 (36.0%) 8 (32.0%) 9(33.3%)
College 3(6.0%) 2(8.0%) 2(7.4%)
Years as village doctor, mean (SD) 24.3(7.4) 24.2(8.6) 24.2(8.8)
Self-evaluation on existing workload at baseline
Very high 12 (24.0%) 6 (24.0%) 6(22.2%)
High 26 (52.0%) 12 (48.0%) 13 (48.1%)
Acceptable 12 (24.0%) 7 (28.0%) 8(206%)
Agreement on the top three most essential intervention components
Face-to-face training NA 20 (80.0%) NA
SINEMA App (training module) NA 18 (52.0%) NA
SINEMA App (follow-up module) NA 14 (56.0%) NA
SINEMA App (reminder module) NA 5(20.0%) NA
SINEMA App (performance statstics module) NA 3(12.0%) NA
Financial compensations and incentives NA 4(16.0%) NA
Rerminders and feedbacks from township physicians NA 7 (28.0%) NA
Agreement on the following statements related to the perceptions and attitude on stroke care at 12 months of the intervention implementation
| am aware of the health conditions of stroke patients in my vilage. 33(67.4%) 18 (75.0%) 19 (70.4%)
1am confidence in prescribing the most appropriate medicines for stroke patients. 41(83.7%) 21 (87.5%) 21 (77.8%)
1am confident in providing support and guidance to stroke patients. 42(85.7%) 24 (100.0%) 25 (02.6%)
My patients trusted me. 39(79.6%) 22(91.7%) 23(85.2%)
All my stroke patients could adhere to my suggestions and prescriptions. 24 (49.0%) 15 (62.5%) 15 (65.6%)
Agreement on the following statements related to the impact of the intervention at the 12 months of the intervention implementation
The frequency of getting blood pressure monitoring had improved among my patients. NA 22(91.7%) NA
The program led to a clear improvement in blood pressure control among my patients. NA 23(95.8%) NA
‘The program led to a clear improvement in medication adherence among my patients. NA 23(95.8%) NA
The program made more patients in my villages proactively do physical activities. NA 24 (100.0%) NA
My patients rely on me more after the project NA 21(87.5%) NA
The project improved my authority in the village. NA 21(87.5%) NA

NA. not applicable, as the questions were only for village doctors in the intervention arm.
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Indicators

Reach

Adoption of the
SINEMA program
among providers

Implementation and
fidelty of follow-up
visits.

Implementation and
fidelity of
voice-message
components

Maintenance

Enablers or Barriers

Enablers:

* Knowledgeable community
healthcare workers.
(vilage doctors)

* Existing health records and
door-to-door screening

Barriers:

« Participants’ migration for
working and family purposes

Enablers:

 Knowledge, capabiiies and
confidence gained from
training and
previous experience

« Perceived benefits on
residents and themselves

* Perceived credibility from the
top-down approach

Barriers:

« Poor technology literacy

« Lacking needs and
motivations in specific tasks

Enablers:

« Patients’ needs and
willingness in improving health
and Providers' responsibilties
and efforts

* Trusted
doctor-patient relationships

* SINEMA App
standardized procedures

* Support and quality control
from township physicians

Barriers:

* Pre-existing heavy workioad
and competing programs

* Participants’ low awareness,
adherence or cooperation

* Technical diffculties (unstable
intemet access)

Enablers:

Perceived benefits

Free at no cost

Simplicity in content and

dispatch way

Nudges and suggestions from

vilage doctors

Barriers:

* Phone ownership and
use pattern

« Lacking individualized
contents to meet
diverse needs

« Hearing problems

Enablers:

« Perceived cost-benefits on
patients and providers

* Supportive environment
Integration with other services

Barriers:

* Workloads and
competing programs

« Lacking mechanism to share
the implementation cost

Some selected quotes

* “l had screened 35 potential participants, but there were a few patients who | failed to contact
(during the screening and recruitment stage). A few of them were not at home when | tried to
contact them, after several try, | gave them up. There is another patient who was hospitalized;
thus, it ended up with 23 participants (after the eligibity screening).”—Vilage doctor 6, 9- month

 “The training sessions were helpful. | learned some new knowledge, which is helpful in my work.
Especially the knowledge on the effect and side-effect of these essential medicines. Following what
the chief physician told in training, | started to adjust the medicines for patients during the follow-up
visits.”—Village doctor 2, 3-month

 “/was in charge of the blood pressure management service (as part of the Basic Public Health
Services). Even f there is no such program focus on stroke patients, | need to manage more than
a hundred of patients with hypertension. Delivering follow-up visits (quarterly) is my job. Thus,
for some of our participants, this intervention is an add-on service to the Basic Public Health
Services."—Vilage doctor 10, 12-months

* “The financial compensation did not attract me at all. | participated because the township
physicians invited me and said this program is good for our residents and I could also learn a lot
from the program.”—Village doctor 8, 9-month

o “At the beginning, | wasn't too familiar with the app and the procedure, but | grasp the skills and
could deliver follow-up visits smoothly after several rounds (of monthly visits)."—Vilage doctor 1,
6-month

* “It (APP) reminded the date of follow-up visits for each patient, but | started follow-up visits before
the system reminds me. It could be useful, but | don’t need it."— Village doctor 5, 12-month

* “People won't reject help on improving their health. So there is no much difficulties for me to
implement the follow-up visits.”—Village doctorS, 12- month

« “l manage all stroke patients in this village. They seldornly visit other providers. | know their heaith
condition quite well and patients relies on me, and they get used to this relationship... This
relationship was not established in a day; it has been several years.”—Village doctor 3, 12-month

« “Before the program, | delivered services to patients, but there is no standard. | am now delivering
follow-up visits by following the app. It is simple and comprehensive. The focus is not on the
diagnosis, but on follow-up visits to communicate about their conditions. Having this procedure is
helpful."—Village doctor 1, 12-month

* “For some vilage doctors, | need to remind them multiple times (to complete the follow-up visits).
1 checked their follow-up records to see whether there is any patient with extremely high blood
pressure that needs more attention. | also talk to village doctors, if | found some unreasonable
records.” —Township physician, 3-months

* “The workload was increased, but | conduct follow-up visits when | was not too busy.
doctor 3, 12-month

« “For some patients, they con't give enough attention to t. You call them several times, but they do
not come. For some peaple who are elderly or have low awareness, they don't care it too much.
You have to visit them and let them know the importance.”— Village doctor 5, 3-month

* “Sometimes, the internet was not stable, and the data cannot be uploaded. Thus, it s better to
take the information down and then upload later."—Village doctor 5, 6-month

« “l received it (voice message) every day. | seldom had a phone call, but | receive your message
every day. | learn things from listening to it, and there is no cost.”—Participant 14, 12-month

* “l can receive it every day. It was useful for me. | put my phone near my bed. It reminds me of
taking medicines and do exercise. It (voice messages) told me many knowledges and | followed
it"—Participant 3, 6-month

* “During each follow-up visits, | will remind them to continue taking medicines and pick up the
voice messages if they can."—Village doctor 2, 12-month

« “I have received voice messages, but not every day. Sometimes, | went out but didn't bring my
phone with me; then | could ot receive the messages."—Participant 1, 3-month

« “Idon't use the phone qite often. | don't know how to use it. My phone shared with my family
members. When it put here, | could listen to it; otherwise, | cannot. | have received some.... There
was once when | clicked the button, but | cannot hear it."- Participant 5, 3-month

« “Some people they seldom pick up phone calls. Especially the elderly, they have hearing issues,
and they cannot pick up the call."— Township physician 1, 6-month

Vilage

« “ldon't foresee too much challenge (in continuing the service). It is a basic service at no cost for
patients. They will accept it... It (the SINEMA program) also dich't bring too much burden on me.
Atleast, it heped the patient-doctor relationship. I also improved my skills by communicating more
frequently with many patients.”—Village doctor 1, 12-month

* ‘It also depends on the village doctors. Some village doctors who are more responsive to the
patients in the vilage will continue doing it even without the program and financial support.”
—County manager, 12-month

« “This program should be integrated with other activities in both urban and rural settings. Such as
the program should be integrated with the basic public health services so that the program could
get more policy support.” — Township physician, 12-month

« “If we included it (the SINEMA program) as routine services, the workioad could be heavy. There
are patients with stroke, coronary heart diseases, and mental cisorders. If all counted, the workload
will be heavy to maintain the current frequency of follow-up visits."— Village doctor 4, 12-month

o ‘It is quite important to identify how the cost could be sustainably covered, Maybe the program
could be integrated with public health programs or other existing programs. It is hard to allocate
funding if there is no support from the county or above authorities.”— Township physician,
12-month
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A. Factors affecting the prevalence and severity of infectious diseases.
 Climatic factors
 Social conditions
« Molecular variations in pathogens
« Dynamic of the vector agent
« Genetics of the host population
« Interactions with concurrent diseases
B. Cause vs. causal association.
— Cause
o any factor that produces an effect
« in medicine, also reported as etiology, pathogenesis, mechanism.
— Causal association

« any factor that reveals an increased frequency of association in exposed vs.
non-exposed

« in medicine, a factor associated is a risk factor.
C. Complexity of individual adaptation.

There are many degrees of freeclom:
« the initial condition is uncertain

« the sensitivity/susceptibilty is individual
 the future exposure to the environment depends on space-time

« different systems are dynamicaly involved

« the results may be of opposite sign, unfavorable, neutral, or even favorable.
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Gl bleeding Bacterial infection

Index, No. (%) 335 (35.0) 519 (54.3)
30-day, No. (%) 53 (22.6) 105 (44.7)
60-day, No. (%) ~ 89(21.7) 198 (48.2)
90-day, No. (%) 104 (21.0) 242 (48.9)

HE Ascites others

47(49) 55(68) NA
21(89) 938 47(20.0)
36(88) 15(37) 73(17.8)
40(8.1) 19(38) 90(18.2)

Gl, gastrointestinal: HE, hepatic encephalopathy; NA, not applicable.
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HR

Gl bleeding 2.787451

Serum sodium 0.9552653
Total bilirubin 1.0087945
INR 1.3975204

95%Cl

(2.2207,3.4988)
(0.9333,09777)
(1.0026,1.0050)
(1.1264,1.7339)

P-value

<0.001
<0.001
<0.001
0.002

Gl, gastrointestinal; INR, international normalized ratio; HR, hazard ratio; Cl,

confidence interval.
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Nomogram MELDs CLIF-C ADs CTPs MELD-Nas

C-index C-index Crindex Cindex C-index
95%Cl 95%Cl 95%Cl 95%Cl 95%Cl
Derivation cohort N = 705
30-day 077 0659 0678 0638 0674
(0.7280.812) (0.610,0.709) (0.630,0.727) (0587,0.690) (0.624,0.723)
P-value vs. readmission <0001 <0001 <0001 <0001
60-day 0.754 0621 0655 0598 0.649
(0.716,0.791) (0.578,0.669) (0.614,0.697) (0555,0.641) (0.608,0.691)
P-value vs. readmission <0001 <0001 <0.001 <0001
90-day 0731 0609 0662 0,604 0.647
(0.693,0.768) (0.567,0.650) (0.622,0.702) (0.563,0.645) (0.606,0.687)
P-value vs. readmission <0001 <0.001 <0.001 <0.001
Validation cohort N = 251
30-day 0.703 0574 0619 0590 0,606
(0.638,0.768) (0.495,0.652) (0.543,0.696) (0514,0.666) (0.528,0.683)
P-value vs. readmission <0001 <0001 0029 <0001
60-day 0.694 0569 0558 0627 0520
(0.627,0.762) (0.498,0.640) (0.487,0.629) (0559,0.696) (0.449,0.502)
P-value vs. readmission <0001 <0.001 0029 <0.001
90-day 0.707 0607 059 0649 0556
(0.636,0.777) (0.537,0.677) (0.528,0.669) (0579,0.718) (0.484,0.628)
P-value vs. readmission <0001 <0001 0029 <0001

95% Cl, 95% confidence interval; MELDs, model for end-stage liver disease score; CLIF-C ADs, chronic liver failure-consortium acute decompensation scores; CTPs, child-turcotte-pugh
score; MELD-Nas, MELD-Na score.
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Factors

CKD
No
Yes
Sex
Female
Male
MEDIAN (IQR)
Age
BMI
Cholesterol
oL
HoATC
GoT
GPT
VvaT
T_bilirubin
ALKp
AFP
E score
CAP score
Albunin
BUN
Creatinine
UA
TSH

Health (0/5)

no =477
No. (%)

279 (58.5%)
198 (41.5%)

296 (62.1%)
181 (37.9%)

42 (36-48)
215(19.9-232)
182 (163-202)
112 (95-132)
53(5.1-5.4)
19 (16-23)
16 (12-22)
13 (10-19)
06(0.4-0.8)
55 (46-65)
2.21(1.56-3.02)
3.9(3.3-4.6)
221(197-248)
46 (4.4-4.7)
12 (10-14)
07 (0.6-0.9)
4.8(4.1-5.9)
1.87 (1.24-2.61)

Met (1/5)

ny =295
No. (%)

148 (50.2%)
147 (49.8%)

126 (42.7%)
169 (57.3%)

45 (37-51)
239 (22.3-25.9)
193 (170-218)
128 (107-149)
5.4(52-56)
20 (17-25)

21 (15-31)
18 (18-27)
06(0.5-0.8)
58 (49-69)
2.16(1.57-3.2)
403.4-4.7)
250 (217-281)
4.6 (4.4-4.8)
12 (10-14)
08(0.6-0.9)
55 (4.6-6.7)
1.83 (1.30-2.48)

Met (2/5)

nz = 200
No. (%)

84 (42%)
116 (68%)

64 (32%)
136 (68%)

45 (40-52)
25 (23.3-27.5)
195 (172-219)
134 (114-156)

55(53-5.7)

21 (18-26)

25 (17-35)

22 (17-36)

0.7 (0.4-0.9)
62 (53-74)
2.36(1.72-3.24)
43(35-5.1)
272 (242-810)
4.6(4.4-4.8)
12 (10-15)
0.8(0.7-1.0)
60(5.2-7.1)
1.91 (1.24-2.54)

MetS (3/5)

ng =102
No. (%)

39(38.2%)
63(61.8%)

26 (25.5%)
76 (74.5%)

45 (40-52)
26.8(24.9-29.8)
195 (166-214)
134 (107-155)
56(5.3-59)
23 (18-30)
30 (20-47)
25 (18-42)
065 (0.5-1.0)
61(53-71)
2.31(1.62-3.07)
49 4.0-55)
298 (251-831)
4.6 (45-4.8)
12 (10-15)
09(0.7-1.0)
6.3(5.4-7.1)
1.74 (1.25-2.45)

MetS (4/5)

ng =42
No. (%)

16 (38.1%)
26 (61.9%)

6(14.3%)
36 (85.7%)

45 (39-51)
28.2(26.6-30.9)
190 (158-215)
124 (90-168)
5.7 (5.4-6.0)
26 (21-35)
405 (24-58)
35 (26-55)
06(0.4-0.9)
67 (58-79)
2.31(1.66-3.15)
5.1(4.4-6.8)
327 (296.5-359)
4.6 (4.4-4.9)
13(11-16)
09(0.8-1.0)
6.9(5.8-7.8)
1.82 (1.12-2.75)

Mets (5/5)

ns =13
No. (%)

4(30.8%)
9(69.2%)

1(7.7%)
12(92.8%)

44 (40-50)
28.8(25.8-31.7)
190 (139-241)
135 (86-178)
65(6.0-7.9)
26 (22-52)
43 (28-99)
37 (28-74)
08(05-12)
59 (52-70)
2.83(2.28-4.70)
6.1(4.6-6.8)
323 (276-870)
48(455.0)
12(11-15)
1.0(08-1.1)
7.1(6.7-7.9)
2.12 (1.39-2.65)

p-value

<0.001

<0.001

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
0.221
<0.001
0.068
<0.001
<0.001
0.007
0.009
<0.001
<0.001
0971
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Factor Met (1/5)
ny =295

OR p-value
Age 1.011 0.295
BMI 1.392 <0.001
yGT 1,025 <0.001
CAPscore 1.003 0230
UA 0.930 0277
Cholesterol 0.985 0028
LDL 1.029 <0.001
HbA1C 1.559 0087

Met (2/5)
np = 200

OR p-value
1.087 0003
1525 <0001
1.033 <0.001
1.005 0051
1.064 0430
0962 <0.001
1.056 <0.001
3.264 <0.001

Mets (3/5)
ng =102

OR p-value
1.038 0016
1825 <0.001
1.027 0.001
1.009 0.008
1.035 0.734
0.983 0.154
1.030 0017
an? <0.001

Mets (4/5)

OR

1.047
1.795
1.035
1.024
1.282
0.990
1.016
4.403

ng =42

p-value

0.037
<0.001
<0.001
<0.001

0.087

0.490

0.301
<0.001

MetS (5/5)
ns =13
OR p-value
1,085 0.132
1877 <0.001
1.039 <0.001
1017 0.027
1.772 0.005
0975 0.304
1.034 0.189
7.447 <0.001

Likelihood
Ratio Test

p-value

0.032
<0.001
<0.001
<0.001

0.014

0.002
<0.001
<0.001

The baseline of multinomial ogistic regression for the health group is (0/5) without any metabolic syndrome disorders. After stepwise regression, only eight factors were retained. High

odds ratios are in bold.
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1) References in key articles

Nisen (25) Provides a categorization of frameworks and
models and gives many examples of each type.
Damschroder et al. (26) Provides a list of references on which the

consolidated framework for advancing
implementation science was based.

2) Database search

Databases List of search terms
(Between 2000 and May

2020)

PubMed “Primary care” or “primary care interventions”
Web of Science or *health services” AND

Google Scholar “implementation framework” or

“implementation model” or
“implementation science”

3) Adaptation of search terms based on findings
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Zhou et al. 2015 (5)
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Tian et al. 2016 (8)
Wei et al. 2017 (9)
Yang etal. 2017 (2)
Fuetal. 2018 (10)
He etal. 2018 (3)
Tang et al. 2018 (1)
Yin etal. 2018 (11)
Mao et al. 2019 (12)
Shietal. 2019 (13)
Zeng et al. 2019 (4)
Jiang et al. 2020 (14)
Lietal, 2021 (15)
Du etal,, 2021 (16)

Selection

(1) Representativeness of the exposed cohort.
(2) Selection of the non-exposed cohort.

(3) Ascertainment of exposure.
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Author

Zhou et al. ()

Zhou et al. (7)

Tian et al. (8)

Wei et al. (9)

Yang etal. (2)

Fuetal. (10)

He etal. (3)

Tang et al. (1)

Yin etal. (11)

Mao etal. (12)

Shietal. (13)

Zeng etal. (4)

Jiang et al. (14)

Lietal. (15)

Duetal. (16)

ion
year

2015

2015

2016

2017

2017

2018

2018

2018

2018

2019

2019

2019

2020

2021

2021

Study design Area

Quasi-experimental Ningshan County,

study Zhenping County,
and Shaanxi
Province

Quasi-experimental Ningshan County

study Hospital in Ankang
city, Shaanxi
province

Descriptive study Beijing

(retrospective

longitudinal study)

Natural experiment Guangxi

Time series study Shaanxi Province

Penal study 1,880 counties.

Time series study Sanming City, Fujian

Province

NA Nanjing City, Jiangsu
Province

Time series study Shandong Province

Penal study Hangzhou City,
Zhejiang Province
Penal study Al TCM county
hospitals
Beijing Gity
Penal study Shandong Province
Penal study Chengdu Gity
Interrupted time series  Chongaing City

study

Hospital
accreditation

Secondary

Tertiary

N/A

Primary

NA

Secondary (n = 4)
and tertiary
(h=21)

Secondary and
tertiary

Secondary tertiary,
and urban/rural
primary healthcare
centers (PHCs)

Primary (n = 6),
secondary (0 = 2),
and tertiary (0 = 9)

Urban employee
basic medical
insurance

Secondary and
tertiary

Urban employee
basic medical
insurance

Tertiary

Outcomes

o Total expense per visit .
(inpatient/outpatient service).

* Drug expense per
visit (npatient/outpatient service) s

« The effects of zero-markup
on medical expense
per visit.

* The effects of zero-markup
policy on medical
service provision.

« The effects of zero-markup.
policy on the health care
revenue for hospitals.

* Estimates
of government subsidy.

* Annual patient-visits. .

* Ratios of .

medicine-to-healthcare-
charges (RMOH).

« Physician work-days
(inpatient/outpatient service).

« Physician-workioad
(inpatient/outpatient service).

« Inflation-adjusted per-visit
healthcare charges
(inpatient/outpatient service).

* Mortality-
rate (inpatient/outpatient service).

« Antibiotic prescribing rate .
(outpatients with a primary
diagnosis of upper
respiratory tract infection).

* Monthly average .
hospitalization
expenditure (AHE).
« Monthly average
hospitalization expenditure
after reimbursement (AHER).

Outpatient care .

« Total expenditures per visit.

« Drug expenditures per visit.

« Expenditures for diagnostic
tests/medical consumables
per vist.

« Expenditures for medical
services per vsit.

« Outpatient visits.
Inpatient care

« Total expenditures
per admission.

* Drug expenditures.
per admission.

« Expenditures for diagnostic
tests/medical consumables
per admission.

« Expenditures for medical
services per admission.

« Inpatient admissions.

« Average length
of inpatient stay.

« Outpatient .
drug expenditure.

 Outpatient total
health expenditure.

o Inpatient drug expenditure.

* Inpatient
total health expenditure.

« The markup ratio of .
drug sales.

« The growth rate of
medical service revenue.

o Total annual .
antibiotic expenditure.

« Antibiotic expenditure per
person per year.

o Average number .
of medicines. .
* Average number
of antibiotics.
* Average
expenditure per prescription.

* Revenue from government .
subsidies.

« Share of revenue from drug
sales (divide the amount of
revenue from TCM and
Western medicine by total
revenue except government
subsidies).

« Revenue from Chinese
medicine sales.

* Revenue from western
medicine sales.

* Revenue from medical care
services.

* Gross revenue.

« The number of annual
outpatient visits and the
number of
inpatient admissions.

o The total expenditreand ~ »
other expenditure
components of
the pilot hospitals.

« Revenue from medicine .
sales.

« The share of revenue from
medicine sales.

« Evenue from medical care
services.

 Government subsidies.

« Revenue and expenditure
surplus.

* Gross revenue.

« The number of annual
outpatient and
inpatient vsits.

« Aseries of expenditure .
variables (actual
reimbursement expenditure,
reimbursement ratio, total
healthcare expenditures,
drug expenditure,
examinations expenditure,
material expenditure,
nursing expenditure, etc.).

o Average drug cost 11per  ®
month for NCDs’
outpatients analyzed overall.

Statistical methods

Hospital-data
difference-
differences.
Individual-data
regressions.

A
diference-in-difference
model to measure the
difference in several
indicators between
two hospitals.

Rank-sum tests.
Join-point
regression analyses.

Difference-in-cifference
analyses.

Segmented regression
analysis of interrupted
time series data.

Pre-trend test based on
linear regressions,

Interrupted time series
analysis with three
segments divided by
two intervention points.

Simple linear interrupted
time series regressions.

Descriptive statistics.

T-test.
Pearson Chi-square
test or Fisher exact test.

Difference-in-difference.

1:1 propensity
score-matched analysis
(Propensity scores were
calculated by

logistic regression).

Difference-in-diference
analyses.

Difference-in-cifference
analyses.

Interrupted time
series analysis.

Conclusions

e The absolte  monetary
reduction of the per-visit
inpatient expense is 20 times
of that in outpatient care.

* The relative reductions are
the same for outpatient and
inpatient visits.

« The incentive to utiize
outpatient or inpatient care
attributed to Zero-markup
Policy for Essential Drugs is
equivalent, regardless of the
price difference in
absolute terms.

With minimal or no subsidy, the

govemnment can catalyze the

zero-markup policy and
potentially generate positive
outcomes for county hospitals.

Implementation of Universal Zero-
Markup Drug Policy:
« Increase annual patient-visits
* Reduce RMOH
« Have different impacts on
outpatient and
inpatient services

The national essential medicines
scheme and zero-mark-up policy
may be associated with
reductions in outpatient antibiotic
prescribing and intravenous
infusions.

A statisticaly significant absolute
decrease in the level or trend of
monthly AHE and AHER was
detested after the introduction of
the zero-markup drug policy in
western China. However,
hospitalization expenditure and
hospitalization expenditure after
reimbursement were il
increasing. More effective
policies are needed to prevent
these costs from continuing to
rise.

The policy change led to a
reduction in drug expenditures, a
rise in expenditures for medical
senvices, and no measurable
changes in total health
expenditures. However, this
study also found an increase in
expenditures for diagnostic
tests/medical consumables at
hospitals that had a greater
reliance on drug revenues before
the reform, which is unintended
by policymakers. Further, these
results were more likely to be
driven by the supply side,
suggesting that hospitals offset
the reductions in drug revenues
by increasing the provision of
services and products with
higher price-cost margins.

Although, the pharmaceutical
reform could control or reduced
drug expenditure and total health
expenditure in short term,
expenditures gradually resumed
growing again and reached or
even exceeded their baseline
levels of pre-reform period,
indicating the effect became
weakened or even faded out in
long term.

Nanjing’s pricing and
compensation reform has
basically achieved the policy
targets of eliminating the drug
markups, promoting the growth
of medical services revenue, and
adjusting the structure of medical
revenue. However, the growth
rate of service revenue of
hospitals varied significantly from
oone another.

The overall antibiotic expenditure
increased over time in
Shandong, China. However, the
increase rate of expenditure
began to decline in 2016,
possibly related to the
implementation of antibiotic:
stewardship initiatives.

The average number of

medicines per prescription, use

of antibiotics, intramuscular (IM)

jections and intravenous (V)

injections decreased while the

use of hormones increased. No
significant change of the average
medicine expenditure per
prescription was observed. The
problems of poly-pharmacy,
overuse of antibiotics,
intramuscular (IM) injections and
intravenous (V) injections and
hormones stil existed, however
mitigated after the
implementation of The National

Essential Mediicine Policy and

the Zero Mark-up Policy.

© ZMDP achieved its  stated
goal through reducing  the
share of revenue from drug
sales  without  disrupting
the availabilty of heathcare
services at TCM  county
hospitals no matter in the short
term or long term

* The success of ZMDP was
mainly due to the huge growth
in the government’s financial
investment in TCM hospitals,
which offset western medicine
sales revenue, while
maintaining current hospital
service levels. However,
whether government financial
investment can continue such
long-term growth remains an
open question.

After the zero markup drug

policy, expenditure on drugs

revealed a continuous deciine.

However, the deciine in total

expenditure was weakened by

the substitution effect of medical
consumables in the long term.

* The ZMDP achieved its some
initial goals of removing the
profits from western medicines
in county hospitals’ revenue
without disrupting the normal
operation, and had different
impacts  between  county
general andTCM hospitals.

* Meanwhile, some unintended
consequences were also
recognized through the
analysis, such as the decline
of the utiization of the TCM.

« After implementing the SHRDS
policy, the significant reduction
in drug expenditure led to

more  physicians  inducing
patients’  healthcare ~ service
needs, and the increased

social healthcare burden was
partialy transferred to  the
patients’ personal econormic
burden through the deciine in
the reimbursement ratio.

« The SHRDS policy is not an
effective way to control
healthcare expenditure.

* The ITS analysis is an effective

method of health  policy
evaluation.
« The implementation of the

ZMDP can reduce the drug
cost for chronic disease
outpatients in the  tertiary
hospital and their economic
burden.

« Follow-up policies st reqire
targeted price adjustments in
the health service system to
adjust the drug cost effectively.
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Digital health ELSI

Ethical

« Promotion of patient autonomy and empowerment

* Design, obtainment, and interpretation informed consent
+ Identity confirmation and authentication

* Achieving fair distribution of risks, benefits, and costs
* Guaranteeing quality of care

« Strengthening the doctor-patient relationship

* Assuring continuity of care

« Defining professional duties and responsibiities

* Maintaining conficentiality

« Patient-generated health data

+ Direct to consumer telemedicine and unsolicited requests for diagnosis and
individual health management
+ Dehumanization of care

Moral status and ethical judgement of machines
* Human nature, quantitied-self and technological singularity
Legal

« Appropriateness, coherence, and accessibity of reguiation, incluing
inconsistencies in interpretation by oversight bodies

« Assessment of validity, utiity and quality of products, services, strategies,
and interventions

+ Data protection rights (including privacy by default, privacy by design, data
destruction policies, the right to know and the right not to know)

+ Data access, return of information and non-discrimination
+ Data ownership rights, fair, transparent, and harmonized data sharing rules.
+ Compliance standards, oversight, and sanctions

« Broader data and device security issues

* Jurisdiction and licensure for telemedicine

Social

* Level of public participation and awareness

Digital lteracy levels of patients and health professionals

« Academic curricula adequacy (upgrades and updates)

Limits to privacy and confidentialty in health
Inequality and social stigma

Lifestyle changes and adoption of healthy behaviors

« Impact on health access (economic, geographical, and informational)

Despite categorization, issues are mainly hybrid in nature.
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A. Why it s difficult to predict the (clinical) future for the
dividual: the boundary between health and disease is fuzzy.

- Predictabilty refies on:
« formulation of relevant questions
« using appropriate methodology
« having more evidence
o strong algorithms
« interpretative model

o generalizabilty of population averages to individuals
s problematic:
— Interpretative models are:
« subjective interpretation of the researcher
« influenced by the dominant scientific culture
B. Limitations in the use of statistical models in medicine.

« Amodelis a subjective interpretation of the researcher.
 Amodel lacks a complete -structural-systemic- understanding.
o The predictabiity of a model relies on algorithms.
« In statistics, any correlation found does not imply causation.
« Reproducibilty is a standard, mainly, for science.
o Future exposures may not be prediotable precisely.
o The generalization of results is impossible.
o The verification of the prevention effectiveness is a
complex issue.

C. Critical approach to the guidelines system.

Multiple instances, dificult to meet at the same time, buit a (better)
system of (public) health care
« rationalizing the medical intervention

« reduce costs
« ensure legal protection of physicians

« preserve professional autonomy

« fall within the public/private funding of research

« ensure an appropriate statistical-mathematical standard
« check the prevention effectiveness

D. Different approaches to the patient if viewed as an individual or
as an average.

Individual patient Average patient

Requires an empathic relationship Relationship should be fimited
Benefit from the consultation of the Use of guidelines mandatory
guidelines

Takes more time Takes less time

Decision making assumes a high level  Responsibilties are shared
of responsibility





