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Abstract
To improve the diagnostic reliability of diabetes mellitus (DM), rule-based machine learning techniques has been proposed. However, the existing studies are highly diverse with a lack of summarization on the state-of-the-art. To address this gap, we comprehensively reviewed some recent studies. Overall, rule-based methods improved the performance and explainability of the machine learning algorithms, providing direct reference for personalized recommendation and clinical intervention of DM. However, the quality and availability of data limited the reliability of the algorithms. The current algorithms focus on fuzzy system and its optimizations, with a scarce of more complex methods. In the future, the rule-based machine learning algorithms can be improved by using large-scale datasets and more complex structures with better clinical knowledge interpretation, where internet-of-things and advanced artificial intelligence algorithms will play a key role. 


Introduction:
Diabetes mellitus (DM) is a chronic, metabolic disease characterized by elevated levels of blood glucose due to either lack of insulin or insulin resistance (1). Diabetes has more than 100 complications which can lead to blindness, lower limb amputation, kidney failure, heart attacks, stroke, and other life-threatening clinical events. In last 30 years, DM has become a global public health crisis with the number of patients arising from 108 million in 1980 to 422 million in 2014, with an increasing mortality rates by age (2). DM is also a heavy economic burden to the society, according to an investigation held by the American Diabetes Association in 2017, in America, the cost of diagnosed diabetes is at $327.2 billion. Together with prediabetes (10.7%, $43.4 billion), and gestational diabetes mellitus (0.4%, $1.6 billion) combine with the prior estimate for diagnosed diabetes to total $403.9 billion annually (3). Currently, there is no complete cure for diabetes; patients must be cautious of avoiding risk factors and constantly take medicines, which burdens the patient greatly.

Early diagnosis of diabetes can reduce the treatment cost and the risks of severe clinical events (4). At present, the diagnosis of DM mainly relies on doctors’ expertise on whether the patient's physiological parameters, especially the blood glucose and hemoglobin A1c (HbA1c), are within the normal range. Usually, this kind of diagnosis is time-consuming, as patients are observed over time and re-examined data are used to conclude. Reliable prediction and early detection of the symptoms play a key role in providing timely and efficient clinical intervention of DM to control the progress and minimize the relevant risks.

Some early detection systems of DM has been developed using machine learning and deep learning approaches with high testing accuracy (5, 6). However, as scientists dive into understanding the disease, the black-box nature of unsupervised machine learning and deep learning classifiers is getting undesired. Meanwhile, some key features can be identified as potential risk factors using statistical analysis where large-scale validation is needed. We demand an intelligent system that can help us make predictions and give suggestions on which feature has the highest correlation rather than being a clever classifier.

The rule-based approach is the domain-specific expert system that uses rules to make deductions or choices. The rules are referred to as ‘If statements’ as they tend to follow the line of ‘IF X happens THEN do Y’. Using if-then rules improves the interpretability of the results and provides more insight into the classifier structure and decision-making process. Rule-based clinical decision support systems have been gaining increasing popularity, which can be categorized into knowledge based (i.e., rules derived from clinical guidance or expertise) and non-knowledge based (i.e., rules automatically extracted from clinical data) to suit different clinical application scenarios (7). Recently, some rule-based machine learning methods have been proposed for the early diagnosis of DM, but there is a lack of comprehensive review. In this chapter, we aim to provide an initial review of the state-of-the-art and summarize the advantages and limitations to provide a reference for future studies.  
Literature search strategy
We conducted this systematic literature review by searching through PUBMED/MEDLINE, Medscape, IEEE Xplore Digital Library, and Scopus databases for all the articles containing the keywords "rule-based machine learning" in combination with "diabetes" or "diabetes mellitus (DM)" combined with "early detection" or "diagnostic" or "prediction" in the titles or abstract. The computer-based search combined free text and medical subject headings with the abovementioned keywords. The results were restricted to the studies published in English from 1st January 2015 to 1st September 2022.

More than 50 articles were found. Excluding the irrelevant results and those written in other languages with parallel English versions, 29 items were finally selected. There were one book chapter, 22 journal articles and six conference papers.

We included only original research studies that adopted rule-based methods for diagnosing diabetes. Since the rule-based methods include rule association mining, learning classifier systems, and fuzzy logic concepts, we classify those studies into three categories based on the proposed rule-based algorithm: fuzzy system based, SVM based and others. In data preprocessing, the dimensionality reduction and over-sampling are widely used. For detailed analysis, the three categories are further divided into sub-categories according to their performance and subsequent algorithm. In the end, we summarized the innovations and limitations of the state-of-the-art and suggested some directions for future works.

System overview 
As illustrated in Figure 1, a general architecture of rule-base machine learning system for diabetes diagnosis consists of several essential steps: the pre-processing of clinical data, the development of classification algorithm, the rule-based optimization of the machine learning algorithm to form a hybrid algorithm, and the evaluation of algorithm’s performance. Finally, the algorithm can be further validated and optimized in different application scenarios.


Figure 1. Flow diagram of a general rule-based machine learning algorithm
Dataset 
Most researchers developed or tested their model on the Pima Indians Diabetes Dataset (PIDD, or PID dataset), originally from the National Institute of Diabetes and Digestive and Kidney Diseases. In contains information of 768 women from a population near Phoenix, Arizona, USA. In particular, all patients are females at least 21 years old of Pima Indian heritage. Pima Indians are a Native American group that was deemed to have a high incidence rate of diabetes mellitus (8). The objective of the dataset is to predict whether or not a patient has diabetes diagnostically. The dataset has 9 columns and 768 rows where 500 are negative (non-diabetic, marked as 0) and 268 are positive (diagnosed with DM, marked as 1). This dataset is insufficient for making real-world predictions as the dataset only included female patients from a certain ethnic group. There are misleading or missing values in the datasets. In addition, it is no longer updated and maintained due to permission restrictions. Therefore, this PIDD provides important reference for DM detection algorithms whilst there is a high need for new datasets to cover more cohorts and potential risk factors.

[bookmark: baut0005]Some researchers used new datasets in algorithm development. Lukmanto et al. used the data collected from survey activities at one of the eastern Jakarta hospital laboratories in Indonesia (9). Han et al. used data from the China Health and Nutrition Survey (CHNS), which has a number of 7913 instances (10). Fetaji et al. used three datasets: PIDD, the UCI dataset which has been used in 29 research projects, and the Kosovo dataset extracted from a doctoral thesis (11). Muhammad et al. collected their data from the Murtala Mohammed Specialist Hospital, Kano State, in Nigeria (12). Hao et al. uses Diabetes Medical Examination Data collected by Beijing Hospital (DMED-BH) (13). Compared with PIDD, these new datasets included more attributes and instances, which enriched DM-related information and may provide more potential risk factors. However, they are not open-access due to ethic concerns, leading to difficulties in performing multicenter large-scale studies.

Dataset is a crucial part of machine learning. The combination of different datasets can improve the reliability of the algorithms, and the robustness against individual differences. An open platform where researchers, and even patients can share and use data may bring in revolutionary changes in algorithm development towards high accuracy, fine-grained classification, and patient-specific evaluation for precise medicine. To achieve this, further investigation is necessary on data management and ethical issues including data privacy and security.

	Study
	Number of subjects (DM vs control)
	Dataset
	Features/Predictors
	Preprocessing methods 
	Training data
	Testing data 

	Ramezani et al. 2018 (14)
	268 DM and 500 non-DM

	Pima Indians Diabetes Dataset

	8 medical predictors:   age, blood pressure, pregnancy, glucose, insulin, skin thickness, diabetes pedigree function, body mass index (BMI)

	Multiple imputation analysis: inference missing values;  dimensionality reduction: neglect insignificant attribute
	3-fold cross-validation (CV)


	Hayashi and Yukita 2016 (15)
	
	
	
	Sample selection technique to extract a fewer number of rules and lower average number of antecedents
	768
	768

	Nagaraj and Deepalakshmi 2022 (16)
	
	
	
	Convert raw data into categorical data for effective implementation
	537 (70%)
	231 (30%)

	Karthikeyan et al. 2019 (17)
	
	
	
	Three modified training datasets:
1. Missing values replaced with a mean value;
2. Missing values removed; 
3. A three-class variable (non-DM, pre-DM, DM) derived from 41 instances
	768
	3*768

	Lukmanto et al. 2019 (18)
	
	
	
	1. Removal of features with missing value over 5%;
2. F-score for feature selection
	342 (87%)
	50 (13%)

	Feng et al. 2015 (19)
	
	
	
	Not mentioned
	Leave-one-out approach: use all of the data from each dataset for training, then one sample was removed from the dataset as the test sample, and this was repeated until all of the samples had been tested.

	Aamir et al. 2021 (20)
	
	
	
	Normalization to (0,1) scale
	52%
	48%

	Siva Shankar G. and Manikandan K. (21)
	
	
	
	Not mentioned
	k-fold CV

	Azad et al. 2022 (22)
	
	
	
	1. Handle missing value using Naïve Bayes algorithm;
2. Oversampling the minority class;
3. Dimensionality reduction.
	Split test methodology on 60–40%, 
65–35%, 70–30%, 75–25% and 80–20%; ten times for each split and the best five outcomes were recorded. 

	Cheruku et al. 2022 (23)
	
	
	
	1. Normalization;
2. Feature selection 
	10-fold CV

	Cheruku et al. 2017 (24)
	
	
	
	Not mentioned
	

	Pourpanah et al. 2016 (25)
	
	
	
	Not mentioned

	80%
	20%

	Porebski and Straszecka 2014 (26)
	
	
	
	
	Not mentioned

	Beloufa and Chikh 2013 (27)
	
	
	
	
	10-fold CV 

	Mehra et al. 2020 (28)
	
	
	
	Linguistic summarization (LS): eliminate the outliers
	768

	Sagir and Sathasivam 2017 (29)
	
	
	7 medical predictors:   blood pressure, pregnancy, glucose, insulin, skin thickness, diabetes pedigree function, body mass index (BMI)
	Not mentioned
	 2/3
	 1/3

	Abiyev and Altiparmak 2021 (30)
	Not mentioned
	Original and extended Pima Indian datasets
	8 medical predictors:   age, blood pressure, pregnancy, glucose, insulin, skin thickness, diabetes pedigree function, body mass index (BMI)
	Calculating the maximum, mean, standard deviation, and and correlation values ​​for all features
	2000
	2000 & 768

	Mansourypoor and Asadi 2017 (31)
	Not mentioned
	Pima Indian Diabetes and BioSat Diabetes Dataset (768+403 subjects) 
	
	Reducing the numbers of rules:
1. Rule learning; 2. Rule pruning; 3. pruning rule antecedents; 4. evolutionary rule selection.
	Not mentioned

	Gürbüz et al. 2013 (32)
	268 DM and 500 non-DM
	Pima Indians diabetes datasets and Wisconsin breast cancer dataset
	
	Normalization
	560
	208

	Lukmanto and Irwansyah (9)
	Not mentioned
	Survey and interview data collected from eastern Jakarta, Indonesia
	3 types of indicators:  glucose test results, age, and doctor statement (polyuria, polydipsia  or polyphagia)
	Knowledge-based range value of each input variable as a basis for determining the fuzzy value (e.g., the numerical value indicating high blood glucose)
	No training
	311

	Lahsasna and Seng 2017 (33)
	
	UCI Repository of Machine Learning Databases
	Not mentioned
	Feature selection
	10 independent iterations with different data partitions of 10-cross validation procedure (10 × 10 CV)

	Han et al. 2014 (10)
	7913
(646 DM, 7267 non-DM)
	China Health and Nutrition Survey (CHNS) 
	9 predicators: hemoglobin A1c (HbA1c), triglyceride (TG), uric acid (UA), high-density lipoprotein (HDL), age, diastolic blood pressure (DBP), cholesterol (CHOL), waist and weight
	Feature selection (56->9 features)

	90% for rule extraction
	10%

	Muhammad et al. 2020 (12)
	383
	Data collected from the Murtala Mohammed Specialist Hospital, Kano State, in Nigeria
	9 attributes: age, family history, glucose, CHOL, blood pressure (BP), HDL, triglyceride, BMI, and the diagnosis result
	Calculating the correlations between attributes before training
	Not mentioned

	Hao et al. 2022 (13)
	6503 DM and 36,853 non-DM
	Diabetes Medical Examination Data collected by Beijing Hospital (DMED-BH)
	17 indicators from routine physical examination, blood test, and questionnaire survey
	feature selection by chi-squared test
	5-fold CV for feature selection



Pre-processing methods
To deal with the imbalanced data distribution, many researchers normalized the data according to the statistical properties (20, 32)(23). Normalization can help scale down each attribute to a specific interval, reduce data redundancy and improve the training stability and the performance of machine learning models. Therefore, data normalization has been widely used in the pre-processing of DM-related clinical datasets (34). 

The health records often consist of high dimensionality features with considerable missing values. As aforementioned, there are missing values in the PIDD. Therefore, besides data normalization, the majority of pre-processing methods fall in two categories: missing value operations and feature selection. 

[bookmark: bau005]Lukmanto et al. tried to remove missing values and attributes that had missing values over 5% (18). Ramezani et al., adopted multiple imputation analyses to infer missing values (14). Azad et al. used Naïve Bayes algorithm and random forest (RF) classifiers to predict the missing values (22). In Karthikeyan et al.’s work, they generated 3 testing datasets with different methods of handling missing matters and evaluated them separately (17). The results showed that removing the missing values had better performance than substituting the mean value for the missing values; which might be caused by the outliers in the dataset. Furthermore, replacing the missing values using variables generated by a rules-based classifier showed the highest accuracy, which offers an intuition on how the rule-based techniques help facilitate the model. 

With or without handling missing values, researchers took different measures to overcome the "curse" of high dimensionality. Al-Behadili et al. conducted rule pruning which is a common technique in rule-based classifiers that reduces the size of the discovered rules by avoiding the overfitting noisy data during pre-processing (35). Meanwhile, feature selection (i.e., sample selection, or dimensionality reduction) is also commonly used in pre-processing (10, 13, 18, 23). 

Some studies focused on outlier detection/ removal, which is essential in many scenarios because they can adversely affect the algorithm performance by influencing the distribution of data and the range of attributes. Mehra et al. used linguistic summarization (LS) in their research to eliminate the outliers (28).

Finally, in splitting of the dataset, most of the research uses k-fold cross-validation (CV) to separate the training and testing dataset for splitting the dataset. Some researchers focused on rule extractions, so they split the data into k parts, use n/k (n<k) to extract the rules and leave ones to test the model (10).
Algorithms for classification
As shown in Figure 2, the classification algorithms used in the studies are highly diverse. Since 2013, most researchers have taken a hybrid way to get better performance on the classification task. The most commonly adopted hybrid system is composed of fuzzy system with genetic algorithm (GA), fuzzy system with decision tree (DT), and support vector machine (SVM) with DT. Generally speaking, the fuzzy system itself can generate the if-then rules while other algorithms (GA, bat algorithms (BA), and particle swarm optimization (PSO), etc.) were adopted in the hybrid models to optimize the fuzzy classifiers (23, 25, 31, 36, 37). Some researchers used fuzzy decision trees, while only few attempted to build completely different integration model (16, 38, 39). As for the SVM, since it could not be interpreted directly, the focus lies in extracting the correct rules from the obtained SVM model (10, 13, 18, 32, 40). Some other methods were also proposed, but they are scattered and without a systematic approach.
[image: ]
Figure 2. Word cloud analysis for algorithm used in selected research

a. Fuzzy system
The term "fuzzy" refers to the fact that it helps to deal with concepts that cannot be expressed as "true" or "false" but rather as "partially true". This fuzzy logic allows overlapping class definitions, uncertainty and vagueness (23), therefore improves flexibility and classification performance of medical decision support systems (41, 42). The fuzzy if–then classification rules are represented by linguistic terms that can be easily interpreted and examined by human operators so that their expertise can be used in the design of the controller. This makes it easier to mechanize tasks that are already successfully performed by humans (43, 44). 

In 1995, Ishibuchi et al. developed a genetic algorithm-based fuzzy system to generate if-then rules and achieved good classification accuracy (45). The generation of fuzzy if-then rules was further investigated in following years (45-49). As fuzzy classifier depends on the rules, more rules can generate better classification results. Thus, how to generate more rules without increasing computation load became a hot topic. To deal with that, algorithms like heuristic approaches (50), neural networks (30, 51, 52), GA (36), PSO (37) and ant colony optimization (ACO) (53) have been introduced in the optimization of classifiers.

In 2009, Karahoca et al. built an adaptive neuro-fuzzy inference system (ANFIS) for predicting diabetes which outperformed the Multinomial Logistic Regression (54). In 2010 and 2011, Ganji and Abadeh  used ACO algorithm to generate fuzzy classification rules called FSC-ANTMINER for diabetes disease diagnosis (42, 55). They have used artificial ants to explore the search space and gradually make fuzzy candidate rules. Afterwards, in 2013, Beloufa and Chikh proposed a modified Artificial Bee Colony (ABC) learning method with a mutation operator which showed better performance in differentiating DM and non-DM subjects (27). Pourpanah et al. in 2015 proposed a hybrid system by building a Fuzzy ARTMAP (FAM) classifier with Q-learning then using GA to optimize the classifier and extract rules (25). In the same year, Feng et al. developed a new variable coded hierarchical fuzzy model with PSO and GA for optimization (19). In 2016, Porebski and Straszecka proposed a fuzzy system based on the Dempster-Shafer theory and applied it in the diagnosis of appendicitis and DM (26). The research in optimization continues to be carried out, as in 2019, Siva Shankar G. and Manikandan K. use grey wolf optimization, which has shown better result than ACO (21).

More hybrid approaches were proposed in recent years. Ramezani et al. combined logistic regression and adaptive network-based fuzzy inference system which enabled the imputation of missing values in data-derived diagnosis of DM (14). Sagir and Sathasivam optimized the adaptive neuro-fuzzy inference system with modified Levenberg-Marquardt algorithm, which showed superior performance compared to the conventional ANFIS (29). Cheruku et al. combined Rough Set Theory (RST) and Bat optimization Algorithm (BA) to build a fuzzy rule miner for DM detection (23). Lahsasna and Seng investigated two variant fuzzy classifiers and their ability to optimize the conventional one. The first classifier was used to find non-dominated fuzzy rule-based systems with better interpretability-accuracy trade-off by using an enhanced version of multi-objective genetic algorithm (NSGA-II) called Controlled Elitism NSGA-II (33). The second approach was based on the first one with an additional feature selection step to improve the quality of the generated rules. 

Besides optimizing fuzzy classifiers, there are also attempts towards integrated fuzzy decision trees. In 2019, Anuradha et al. developed a fuzzy decision tree classifier based on ant colony meta-heuristic (38). Chen et al. proposed a decision tree-initialized neuro-fuzzy approach: a decision tree (C4.5) was used to initialize and generate crisp rules that were transformed with categorical values replaced by Gaussian membership functions to form the adaptive network-based fuzzy inference system (39). The process is much more complicated but rewardable since it can derive the optimal set of accurate fuzzy rules. Recently, Nagaraj and Deepalakshmi built a rule-based expert recommendation system based on a decision tree where the results were input into a fuzzy system for further analysis (16).

There are also other integrated approaches, for example, Abiyev et al. integrated neural network with fuzzy systems and built type-2 fuzzy neural network (T2-FNN) for predicting diabetes (30, 52) and achieved high accuracy in classification for average 99.5% in two testing sets. Mansourypoor and Asadi sued GA to optimize the fuzzy classifiers and Reinforcement Learning to do evolutionary tuning of the membership functions and weight adjusting (31). Mehra et al. proposed an integrated model by building an Interval type-2 (IT2) based Fuzzy set with linguistic summarization to help convey the extracted rules more easily to be understood (28).

b. SVM

SVM is a supervised learning algorithm that is commonly used in two-group classification problems. Trained by a set of examples from two categories, an SVM algorithm builds a model that assigns new examples to one category or the other, making it a non-probabilistic binary linear classifier (56).

SVM can alleviate over-fitting and the curse of dimensionality even in small samples, providing the flexibility in analyzing clinical datasets for diagnosis (57). Even though the traditional SVM is a “black box” model, with additional explanation modules and algorithms, hybrid systems can be developed to derive intelligible representation and comprehensible ruleset. 

In 2010, Barakat et al. appended a rule-based explanation component to the SVM algorithm, where the extracted rules were correct and useful in DM diagnosis as confirmed by domain experts (40). In 2014, Gürbüz and Kılıç developed an adaptive support vector machine to classify diabetic data. They first normalized the data, fed the data to the ASVM and used if-then rules to make decisions (32). These early attempts provided the possibilities of interpreting the "black-box" model, which inspired subsequent researchers to re-use the generated rules as a parameter to train the systems. In 2015, Han et al. fed the extracted SVs into constructing a RF model, which generated rule sets that reached an average precision of 94.2% in diagnosing DM (10). Although SVM-based classification is widely used in the diagnosis of DM, its combination with rule extraction deserves further investigation (58, 59).

Besides adding an intelligent module, another novel approach is the fuzzy SVM system that combines fuzzy logic with SVM. In 2019, Lukmanto et al. used feature selection and fuzzy SVM as a classifier to generate fuzzy rule sets (18). Recently, Hao et al. proposed a method based on the Biased RF and fuzzy SVM (13). They first extracted SVs, then used the fuzzy SVM to predict the SV labels which were fed to the Biased RF to generate the rules. 

c. Other algorithms

Recently years witnessed the development of other novel approaches, for example, the hybrid model of Re-RX with J48graft combined with sampling selection proposed by Hayashi and Yukita (15) in 2016. Re-RX is a white-box rule extraction method, but it always generates more rules than needed. The integration of J48graft improved the performance of the system in both precision and interpretability. In 2017, Cheruku et al. built a rule-miner system based on the spider monkey optimization algorithm which outperformed existing algorithms in mean rule length and mean ruleset size (24). Karthikeyan et al. comprehensively tested four rule-based techniques, namely Zero R, Naive Bayes, Bayesnet and J48, on 4 datasets generated with different strategies of handling missing values, there the best performance appeared on the dataset with an three-class DM indicator (non-DM, pre-DM, DM) generated by rule-based method (17). In 2022, Azad et al. developed a DM prediction model with a four-layer framework consisting of Synthetic Minority Oversampling Technique, Genetic Algorithm and Decision Tree (PMSGD), which reduced error rate to help decision-making (22).

Table 2. The algorithms, performance, and application scenarios in recent studies.

	Study
	Algorithm name or architecture
	Performance
	Application scenarios

	Abiyev and Altiparmak 2021 (30)
	Type-2 fuzzy neural network (T2-FNN)
	Accuracy (ACC): 99.06%,
precision : 99.2%,
sensitivity: 100%
	Diagnosis of other diseases

	Mehra et al. 2020 (28)
	Type -1 J3:L3 fuzzy sets (T1FS);
Interval type-2 (IT2
linguistic summarization)
	N/A (no testing, only rules generated)
	Utilizing dataset and provide maximum reliable rules

	Mansourypoor and Asadi 2017 (31)
	Genetic algorithm (GA) and Reinforcement Learning (RL) 
	ACC: 82.5% and 96.5%
	It can be used as an expert system to help both physicians and ordinary individuals. 

	Ramezani et al. 2018 (14)
	Artificial neural network (ANN) and fuzzy logic 
	3-fold CV
ACC: 88.05%
	Making diagnosis with missing values

	Hayashi and Yukita 2016 (15)
	Recursive-Rule eXtraction (Re-RX) with J48graft 
	10-fold CV
ACC:83.83%
Area under the ROC Curve (AUC): 0.816
	Medical decision making, including the diagnosis of T2DM

	Nagaraj and Deepalakshmi 2022 (16)
	C4.5 decision tree algorithm and fuzzy inference system

	ACC 98.87%
	Precise prediction and personalized recommendations for DM prevention (normal living, nutrition control, exercise, and medications) 

	Karthikeyan et al. 2019 (17)
	Four algorithms: Zero R, Naive Bayes, Bayesnet, and J48
	ACC (%) of zero R, Naive Bayes, Bayesnet, and J48 on three datasets: 
1: 65.1042, 74.8698, 78.776, and 87.1094
2: 63.4146, 80.4878, 87.9049, and 90.2439
3: 48.7805, 92.6829, 92.6829, and 98.2122
	Precise prediction of DM


	Lukmanto et al. 2019 (18)
	Fuzzy rule-based support vector machine (SVM)
	ACC: 89.02%
	

	Lukmanto and Irwansyah 2015 (9)
	Fuzzy hierarchical model
	ACC: 87.46%
	

	Gürbüz et al. 2013 (32)
	Adaptive support vector machine (ASVM)
	ACC: 97.39% (multi-fold CV)
sensitivity: 96.77%  specificity: 97.69%
ROC: 0.9721
	Diagnosis of different kinds of disease

	Cheruku et al. 2017 (24)
	Spider monkey optimization algorithm (SMO)
	ACC: 89.87% (10-fold CV)
average sensitivity: 94.6%.
	Precise prediction of DM

	Pourpanah et al. 2016 (25)
	1. Train QFAM (Fuzzy ARTMAP (FAM) classifier with Q-learning), get Q score, use Q score to prune QFAM
2. Rule extraction with the GA from QFAM
	Accuracy rate (%) of QFAM-GA:   85.6, 84.75, and 84.52 in 5%, 10%, and 20% noises;
87.42, 87.69, and  74.22 in pruning of 0.3, 0.5, and 0.8
	The propose method provides a useful decision support tool in assisting their clinical decision-making processes.

	Han et al. 2014 (10)
	SVM + RF 
SVM model, constructed by best fold of CV, was applied to predict the labels of SVs, then the artificial data were used to train an RF model. All decision trees of RF were the generated rule sets.
	Weighted average precision : 94.2%, 
weighted average recall : 93.97% 
	This will provide an enhanced opportunity for timely and appropriate intervention to apply, which may reduce the incidence of diabetes and its complications.

	Porebski and Straszecka 2014 (26)
	Dempster-Shafer theory (DST) and Fuzzy Sets theory (FST) were used to support medical decision and provide heuristic rules. Basic probability assignment provided rules uncertainty. The fuzzy membership function was used for symptom interpretation.
	The best inference efficiency reached 97% which means that only six out of 215 cases were diagnosed incorrectly.
	The method creates opportunities to choose between general or specific knowledge used in the diagnosis support and the level of precision of considered symptoms. They can be successfully used in knowledge engineer and human expert cooperation.

	Sagir and Sathasivam 2017 (29)
	Adaptive network based fuzzy inference system with classifier (ANFIS) trained with Modified Levenberg-Marquardt algorithm
	ACC: 82.30%, sensitivity: 66.23 %,
specificity: 89.76 %
	An efficient diagnosis system for physician

	Beloufa and Chikh 2013 (27)
	Modified Artificial Bee Colony (ABC) algorithm fuzzy classifier learning
	ACC: 84.21%,
sensitivity: 83.45%,
specificity: 84.60%
	Easy to read result (less rules) for physician

	Muhammad et al. 2020 (12)
	Six different algorithms: logistic regression, SVM, K-nearest neighbor (KNN), RF, naive Bayes and gradient booting
	ACC: 88.76% in RF, 
AUC: 86.28% in RF and gradient booting, both the best. 
	The model will help health workers and medical personnel in diagnosing type 2 DM among the suspected patients.

	Hao et al. 2022 (13)
	1. A fuzzy SVM was used to predict the SV labels. The SVM-derived SVs and predicted labels make up the artificial dataset fed to the biased RF to generate rules. 
2. A rule reduction module was developed to remove redundant conditions and rules.
	on DMED-BH dataset: 
ACC: 96.92%,
precision 94.81%,
recall: 93.11%,
F1 : 0.9395;
on PID dataset: ACC: 96.84%, 
precision: 95.23%,
recall: 93.64% 
F1: 0.9442;
on CHNS dataset: 
ACC: 94.92%, 
precision: 92.87%,
recall: 92.98%, 
F1: 0.9292 
	It provides the basis for early intervention measures for diabetic patients.

	Feng et al. 2015 (19)
	1. GA: to determine the best combination of feature inputs. 
2. DNA coding: to reduce the number of rules in each fuzzy subsystem. 
3. Chaotic particle swarm optimization (CPSO): to tune the weight of each rule. 
4. A multi-objective optimum fitness function: to minimize the number and length of rules.
	The ACC was 73.70% with 53 rules and 79.17% with 2489 rules.
	It provides accurate classification with lower number of fuzzy rules, which may provide easy to read result for physicians and enable the applications in DM detection with low sample sizes. 

	Aamir et al. 2021 (20)
	 Fuzzy logic was combined with the cosine amplitude method which detected the belongingness (degree of membership) to construct two fuzzy classifiers.
	ACC, recall, precision, and F-measure: 96.47%, 95.76%, 93.39%, and 94.56% for Classifier 1; 95.38%, 89.83%, 95.50%, and 92.58% for Classifier 2.
	Accurate detection of DM at an early stage

	Siva Shankar G. and Manikandan K. (21)
	Grey wolf optimization algorithm to optimize  fuzzy rules.
	ACC: 81.16%, precision: 76.24%, recall: 80.48%
	It improves the accuracy of DM prediction by optimizing the features globally.

	Azad et al. 2022 (22)
	A four-year Prediction Model using Synthetic Minority Oversampling Technique, Genetic Algorithm and Decision Tree (PMSGD) 
	ACC, precision, sensitivity, and ROC in the best outcome: 82.1256%, 80.70%, 85.98%, and 0.8511.
	Automatic diabetes analysis and prediction with high precision

	
Cheruku et al. 2022 (23)
	Rough Set Theory (RST) and Bat optimization Algorithm (BA) to extract the best features from the dataset and to generate a set of fuzzy rules, respectively
	ACC: 85.33%,  sensitivity: 92.6%, 
specificity: 70.68%, G-Measure: 80.59%
	A robust decision support system

	Lahsasna and Seng 2017 (33)
	Fuzzy reasoning: to generate fuzzy rules; Multi-objective GA: to optimize fuzzy rule-based systems; Two iterative algorithms (Michigan and Pittsburg): to find good individual rules; Two variant fuzzy classifiers: NSGA-II and Controlled Elitism NSGA-II
	Average error rate:
proposal 1: 18.43%,
proposal 2: 18.33%
	The two variant fuzzy classifiers improved the accuracy-interpretability trade-off to suit different clinical applications.




Figure 3. An example of rule-based algorithm for early detection of diabetes mellitus using Fuzzy
Hierarchical Model proposed by Lukmanto and Irwansyah (9).
Application scenarios
The commonest application of machine learning-aided clinical data analysis algorithms is binary classification of DM risk/status (i.e., DM and non-DM) based on health records (60). The rule-based models not only enable the detection of DM at an early stage (20) but also can provide the extracted rules to disclose the relevant risk factors. 
Based on these details, the clinicians can make personalized recommendations for DM prevention (normal living, nutrition control, exercise, and medications) (16), and optimize the plans for early clinical intervention (13). Technically, the latest rule-based methods provides some unique advantages, including the possibility of diagnosis with missing values (14), the easy to read result (less rules) to reduce the workload of physicians (19, 27), and the ability of tailoring the accuracy-interpretability trade-off to suit different clinical applications (33). In the future, the rule-based algorithms can be integrated in expert systems to help both physicians and ordinary individuals (31). This will provide an enhanced opportunity for timely and appropriate intervention to apply, which may reduce the incidence of diabetes and its complications (10).

The system is also prospective to be applied to other diseases. Gürbüz and Kılıç use the PIDD, Wisconsin breast cancer, Liver disorders, SPECT heart, and Lung cancer datasets to test the performance of their system with an accuracy of 97% in the first 2 datasets and around 80% for the last three (32). Pourpanah et al. (25) tested their hybrid model QFAM-GA for classification accuracy and number of rules generated on 7 UCI benchmark datasets including Iris, PID, Dermatology, Glass, Sonar, Wine, and Starlog (heart) (61). The performance reaches an average of 90% accuracy in the seven datasets and generated useful explanations targeted each test sample. The results show that the diabetes early prediction system is transplantable for other diseases, which provides the possibility of a universal diagnostic framework.
Limitations and future directions
Firstly, the majority of recent studies still reply on the PID dataset. Many new datasets are small-scale and not open-access. The limited data availability affects the reliability of the rule-based machine learning algorithms and their applicability to different cohorts. Secondly, current rule-based methods focus on fuzzy system and its optimizations, with a scarce of more complex methods. The genre and performance of state-of-the-art is not comparable with deep learning methods. Finally, there is a scarce of in-depth investigation of pathophysiological factors, e.g., comorbidities of DM and cardiovascular diseases, in the current rule-based methods from a clinical perspective.
Some improvements can be considered in future studies (Figure 4). First, the rule-based methods can be improved by using large-scale multi-center datasets, which is available using internet-of-things (IoT) via wearable sensors, mobile access, and cloud services. Second, advanced algorithms can be developed on standardized techniques (e.g., for data preprocessing), combination with non-knowledge based methods to enhance the reliability of the results, and clinical/medical knowledge representation to achieve high applicability in different cohorts. Finally, the interoperability with the electronic heath record (EHR) system can be improved to achieve real-world application.



Figure 4. Recommendations for rule-based rule-based clinical decision support systems for diabetes (7)
[bookmark: _GoBack]Conclusion
The rule-based machine learning algorithms brought in revolutionary changes in the AI-assisted diagnosis of DM by improving the explainability of the results. However, the current studies are mainly based on small-scale datasets and simple structures. In the future, the rule-based machine learning algorithms can be improved by using large-scale datasets and more complex structures with better clinical knowledge interpretation, where internet-of-things and advanced artificial intelligence algorithms will play a key role.
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