Ak Pharmaceutical Sciences
Subscription Agency Volume 3 Issue 2, 2023

Exploring and Distributing Knowledge Globally eISSN NO: 2582-8371

A Systematic Review on Risk Assessment Tools for Identifying
Individuals at Risk of Developing prediabetes and Type 2
Diabetes

Amirah Farhana Nazri2, May Khin Soe®, Nurul Nadiah Ashara?
8Final Year of Pharmacy Students, Kulliyyah of Pharmacy, International Islamic University
Malaysia (I1IUM), Jalan Sultan Ahmad Shah, 25200 Kuantan, Pahang, Malaysia
b Supervisor, Assistant Professor, Department of Basic Medical Sciences, Kulliyyah of
Pharmacy, International Islamic University Malaysia (I11UM), 25200 Kuantan, Pahang,
Malaysia

*Corresponding Author
Email ID: may_soe@iium.edu.my

ABSTRACT
Introduction: Type 2 diabetes mellitus (T2DM) is a common metabolic disease that leads to
various complications and financial distress. T2DM is influenced by a complex interplay of
genetic, metabolic, and environmental risk factors. Moreover, the rapid increase of
prediabetes and type 2 diabetes world-wide have the effect of gaining attention to predict it
since early age. However, early detection and appropriate treatments can successfully
prevent or delay the development of T2DM and its complication. Thus, identifying high risk
persons should be done using self-assessment questionnaires, tools and scoring method. It is
crucial to choose the right diabetes risk assessment tools in places with diverse populations.
Objectives: To systematically review all recent research on the risk assessment tool used for
identifying people at risk of developing T2DM.
Methods: A comprehensive systematic literature review was performed using multiple
electronic databases like PubMed, Scopus, and ScienceDirect. Selection criteria included
adult aged 18 years and older and taking diabetes risk assessments. Data from included
studies were extracted using a predesigned data extraction tool. Joanna Briggs Institute
Critical Appraisal checklists were used as the main tool for critical appraisal.
Results: Fifteen published studies between 2012 to 2022 were finally included out of 271
articles obtained from databases. Some had been removed due to incomplete criteria. Nine of
the included studies uses one risk assessment tools and six of them uses multiple tools. The
included diabetes risk assessment tools are FINDRISC, IDRS, RAPID, QDiabetes score,
ADA, QDRS and CANRISK.
Conclusion: The chance of developing prediabetes and T2DM and is increased by a variety
of modifiable risk factors. It is possible to identify individuals with high-risk group by using a
simple, practical, non-invasive and affordable diabetes risk score.
Keywords: Systematic Review, Type 2 Diabetes Mellitus, Prediabetes, Diabetes Risk
Assessment Tools, Diabetes Risk Score.

INTRODUCTION

Type 2 diabetes mellitus (T2DM) is a significant global health problem and is prevalent in
healthcare situations (Oo et al., 2020). It is a severe metabolic disease that leads to a great
deal of complications, death, and financial distress (Riaz et al., 2012). The International
Diabetes Federation (IDF) reported, diabetes caused 4.2 million deaths worldwide and 463
million individuals between the ages of 20 and 79 had diabetes in 2019; that figure is
predicted to reach 700 million by the year 2045 (Basit et al., 2021; Galicia-Garcia et al.,
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2020; Sun et al., 2019). The occurrence of T2DM is influenced by a complex interplay of
environmental risk factors, genetics and metabolism. Ethnicity and genetic predisposition or
family history, which are non-modifiable risk factors for T2DM, have a strong foundation in
T2DM development (Galicia-Garcia et al., 2020). However, early treatments can successfully
prevent or delay T2DM, as demonstrated by numerous studies (Kengne et al., 2014) by
stressing on the major modifiable risk variables like low physical activity, obesity, and an
unhealthy diet (Galicia-Garcia et al., 2020; Khan et al., 2020; Sezer et al., 2021). Physical
activity reduces body weight, controls blood pressure, and improves insulin sensitivity,
demonstrating how altering modifiable risk variables can reduce the likelihood of developing
T2DM (Nagarathna et al., 2020). Furthermore, early detection of patients with undiagnosed
T2DM can greatly reduce the consequences it causes; thus, lowering the burden of the
disease (Lotfaliany et al., 2019).

Risk Assessment Tools

The diagnosis of T2DM can be made through measures of glycated haemoglobin (HbALlc),
fasting plasma glucose (FPG), or the level of glucose at two hours following an oral glucose
tolerance test (OGTT) (Akter & Qureshi, 2020; Mavrogianni et al., 2019). However, these
procedures are intrusive, costly, and time-consuming, making them unsuitable for mass
screening.

Additionally, since they only offer data by measuring glucose level, it would be more
decisive to detect those who are at high risk of T2DM even while they are in a
normoglycemic condition. This would allow for the effective implementation of therapies to
avoid prediabetes and overt T2DM (Mavrogianni et al.,, 2019). Recently released
recommendations by the National Institute for Health and Care Excellence (NICE) help
determine who is high-risk of getting T2DM. According to these recommendations,
identifying high risk people should be done using self-assessment questionnaires or tools that
have undergone rigorous validation.

The recommendations also advise utilising validated risk assessments, such as the Cambridge
Risk Score (CRS), or the QDiabetes® risk calculator that account for regularly gathered data
in primary care. Besides, validated self-assessment questionnaires, such as the most popular
and validated version, the Finnish Diabetes Risk Score (FINDRISC), or the Leicester Risk
Assessment (LRA), may be utilized to identify those at high risk (Gray et al., 2015, 2016). It
is crucial to choose the right diabetes risk assessment tools in places with diverse populations
as it may affect the result. For instances, Asian countries with multicultural citizens should
use risk assessment tools derived from Asian countries to ensure results’ authenticity since
there are differences in Asian and European diet consumption (Fernandez & Frost, 2013).
The American Diabetes Association (ADA) encourages testing for people at high-risk of
T2DM who are 40 years or older, obese, physically inactive, or have dyslipidaemia.

The possibility of the existence or potential onset of a health problem is objectively assessed
in the first act of identification of T2DM case which is by using diabetes risk assessment
tools. Next, an OGTT or HbA1c test may be conducted in the second step among individuals
who were identified as high-risk in the first act (Savi¢ et al., 2020).

OBJECTIVES

1) To systematically review all recent research on the diabetes risk assessment tools used for
identifying individuals at risk of developing prediabetes and T2DM.
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2) To measure the effectiveness of diabetes risk assessment tools for the identification of
T2DM high-risk individuals.

METHODOLOGY

Several databases were used as search engines to find articles of interest. They were PubMed,
Scopus and Science Direct. The search strategy based on the keywords of the study by using
the PICO (Population, Interest, Comparison, Outcome) method shown in Table 1.

Table 1: The search strategy for literature selection

PICOS Description (Key words)

Population Individuals aged 18 years and older

Interest Diabetes risk assessment tools

Comparison Comparison of different diabetes risk assessment tools
Outcome Effectiveness of diabetes risk assessment tools

Eligibility Criteria

In this systematic review, criteria made for the selection of articles was that they were
published between 2012 and 2022. The language use was limited to English only with full-
text articles. Additionally, studies were required to utilise any form of self-assessment or risk
assessment tools. This review focused on the age group of young adults, adults, and the
elderly. Studies with the children population were excluded. Summarized inclusion and
exclusion criteria were listed in Table 2.

Table 2: Inclusion and Exclusion Criteria

Inclusion Criteria Exclusion Criteria

From January 2012 onwards Before January 2012

English language Other than English

All study designs Systematic Reviews, Meta-Analysis, Reviews
Young adults, adults, and elderly Children

Any form of self-assessment or risk assessment tools | No self-assessment or risk assessment tools
High risk individuals of developing T2DM T2DM, Gestational Diabetes

Recognized and validated risk assessment tools Developing risk assessment tools

Study Records

The Mendeley reference manager's library is used to store each database from distinct
folders. All the selected articles were collected in a folder for duplicate checking. After that,
they were imported to “Rayyan.com” for the selection process. Duplicates were removed,
titles and abstracts of the identified studies were screened by using “Rayyan” based on the
inclusion and exclusion criteria. Then, reviewers screened all the articles.

Any kind of disagreement was solved through discussion. The selection flow of research was
documented and recorded using the “Preferred Reporting Items for Systematic Reviews and
Meta-Analyses” (PRISMA) flow diagram. The information related to the data extraction
needed from included articles were listed in Table 3.
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Table 3: Information extracted from eligible studies
Study details Methods Results
Authors Predictor variables (age, BMI, | Diabetes risk assessment tools
Year of publication waist circumference, waist-to- Tool accuracy

Location hip ratio) Tool validation

Aims/objectives Conclusion

Study population

JBI critical appraisal checklists were used in this study. After, two independent reviewers
meticulously evaluated each article for inclusion criteria in this systematic review. The
outcomes of this evaluation were used to assist in the synthesis and interpretation of the data
from this review (Munn et al., 2020). Since, this study uses synthesis without the meta-
analysis (SWiM) reporting guideline. The SWiM guideline was created to direct full
disclosure in intervention reviews (Campbell et al., 2020). Qualitative description of data was
collected, and it focused on sensitivity, positive and negative predictive value, area under the
receiver operating curve (AUC), and specificity.

RESULTS

The identified records from databases yielded 271 articles, which include 137 articles from
Scopus, 40 articles from PubMed and lastly 94 articles from ScienceDirect. The article search
was done by following the PRISMA guideline. After thoroughly checking the duplicates, full
text availability and the research inclusion criteria (done according to the JBI critical
appraisal checklist), only 15 articles were found eligible and were included in this systematic
review.

Data Analysis of Review

All 15 articles included in this study were publish between 2013 until 2021. The articles
included were from the following countries: three from United Kingdom, two from Pakistan,
one each from Malaysia, Philippines, Turkey, Australia, Belgium, China, Bosnia and Iran.
The included articles have different study designs: six of them are cross-sectional studies,
three of them are randomized-controlled trial (RCT), five of them are cohort studies and one
case-control study. The included articles use different types of risk assessments tools: nine of
them only use one risk assessment tool in their studies, six of them uses multiple risk
assessment tools in their studies , nine of them uses FINDRISC , two of them uses the
“Indian Diabetes Risk Score” (IDRS) (Dudeja et al., 2017; Nagarathna et al., 2020), two of
them uses Risk assessment of Pakistani individuals for diabetes (RAPID) three of them uses
QDiabetes score, two of them uses LRA, three of them uses CRS, two of them uses
Australian type 2 diabetes risk assessment tool (AUSDRISK, two of them uses American
Diabetes Association risk score (ADA), one of them uses Qingdao Risk Score (QRS) (Sun et
al., 2019) and one of them uses Canadian Diabetes Risk Questionnaire (CANRISK) (Agarwal
etal., 2019).

Nine studies that uses only one diabetes risk assessment tool were as follows. According to
the test results of a Malaysian research, less than 40% has low risk and more than 59% of
participants had a moderate to high risk of developing T2DM in the following ten years with
36.2% has moderate risk and 23.2% has high (Oo et al., 2020). Next, in a Turkish study,
13.9% has high risk of developing T2DM, 16.67% has moderate risk and 69.35% has low
risk. These number were expected because of their Mediterranean diet (Sezer et al., 2021).
Furthermore, a study in Belgium stated that 12% has moderate, 17% has high risk and 5.5%
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has very high risk of getting T2DM. For a cut-off value of 12, the sensitivity and specificity
for diagnosing T2DM were 100% and 84.1%, respectively, while for a cut-off value of 15,
they were 80% and 95.9% (Vandersmissen & Godderis, 2015). Additionally, a Bosnian study
stated that 23.6% has a high risk and 9.3% has a very high risk of developing T2DM (Savi¢ et
al., 2020). Other than that, an Indian study showed that 40.9% has a high risk and 29.7% has
moderate risk of developing T2DM. Area under the ROC curve was 0.763, the sensitivity of
78.05 and specificity of 62.68 was observed (Nagarathna et al., 2020). Another study also
conducted in India has a sensitivity of 95.12% and specificity of 28.9% when the score is 60
and above. It also has an area under the curve (AUC) of 0.651 (Dudeja et al., 2017). Besides
that, there are two Pakistani studies, one of them has an AUC for the receiver operator curve
(ROC) of 0.658, the positive predictive value was 54.5% while negative predictive value was
70.1% (Riaz et al., 2012). Another one has found that 25.9% of the population was at risk of
having T2DM, and an OGTT revealed that 18.1% of those individuals had diabetes and
74.1% who were not at risk of T2DM, only 7.6% had developed it by OGTT (Basit et al.,
2021). Lastly, from the study conducted in China, 47.9% was found high risk of getting
T2DM by using QDRS (Sun et al., 2019).

Six studies that uses multiple diabetes risk assessments tools were as follows: two studies
conducted in United Kingdom, QDiabetes, LRA, FINDRISC and CRS were used. The first
study in 2015, the CRS (13.6%), FINDRISC (6.6%), QDiabetes (6.1%) and LRA (3.1%) of
high-risk individuals of getting T2DM. However, it was reported that a high number of males
were identified as high risk by using CRS (25.4%), QDiabetes (9.8%), LRA (4.8%) and
FINDRISC (4.9%). Meanwhile, FINDRISC identified 7.8% of females which is higher
compared to other tools like QDiabetes (3.3%) and LRA (1.8%) (Gray et al., 2015). Then, in
the next year, 2016, by using FINDRISC, 5.3% of females has high risk of developing
T2DM, but by using LRA, 15% of females has high risk of developing T2DM while for the
males, by using FINDRISC, 6.6% has high risk but by using CRS, 13.1% has high risk (Gray
et al., 2016). A Philippine’s study that uses ADA, CANRISK, FINDRISC and IDRS stated,
FINDRISC has the highest sensitivity, which is 0.96 and the highest AUC, 0.8. IDRS has the
highest negative predictive values, 0.96. CANRISK has the specificity of 0.54 and sensitivity
of 0.86 (Agarwal et al., 2019).Next, a study in Australia that used AUSDRISK and IDRS
reported that 28% of people who were deemed to be at low risk by AUSDRISK were
categorised by IDRS as being at moderate risk, while 35% of people who were deemed to be
at moderate risk by AUSDRISK were categorised as being at high risk (Fernandez & Frost,
2013). Lastly, a study in Iran that used FINDRISC, AUSDRISK and ADA showed that
AUSDRISK had the highest discrimination power with AUC of 0.77 as compared to
FINDRISC with AUC of 0.75 and ADA with AUC of 0.73 (Lotfaliany et al., 2019). Data was
summarized in Table 4 regarding types of risk assessment tools and its accuracy and
validation.

Table 4: Characteristics of different studies included in this review

Type of | Country Age Sample Predictors Tools Tool accuracy Validation
Study (year) Size
Cohort Malaysia | 18 years 591 Age, gender, use Modified In the following ten years, Yes
& above of FINDRISC diabetes was 40.6% less likely

antihypertension
drug, family
history of
diabetes, waist
circumference,
BMI, daily
consumption of

score

to develop. In the following ten
years, 36.2% and 23.2% of
them had a moderate or high
risk of developing diabetes,
respectively.
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soft drinks and
physical activity.

Cohort United 44 - 54 651 Age, height, QDiabetes, Predicted risk of developing Yes
Kingdom years weight, waist LRA, T2DM. Females: 5.3%
circumference, FINDRISC (FINDRISC) and 15.0%
blood pressure, and CRS (Leicester Risk Assessment).
BMI, family Males: 6.6% (FINDRISC)
history of 13.1% (Cambridge Risk Score).
diabetes, daily High-risk median HbAlc.
consumption of Females: 39mmol mol* (5.7%)
vegetables, (FINDRISC and Cambridge
physical activity, Risk Score) and 41mmol mol!
smoking status (5.8%) (QDiabetes and
and use of Leicester Risk Assessment).
antihypertensive Males: 39mmol mol (5.7%)
medications (Cambridge Risk Score),
40mmol mol (5.8%)
(QDiabetes, Leicester Risk
Assessment) or 42mmol mol*
(6.0%) (FINDRISC).
Case Philippine | 40 years | 200; 50 Age, ethnicity, ADA, FINDRISC: highest sensitivity Yes
Control S and with weight, height, CANRISK, (0.96) and highest AUC (0.8).
above diagnose waist FINDRIC IDRS: highest negative
d circumference, and IDRS predictive values (0.96).
diabetes BMI, blood CANRISK: specificity (0.54)
and 150 pressure, and sensitivity (0.86)
without | physical activity
diabetes at home/work,
family history of
diabetes, daily
consumption of
vegetables, and
use of
antihypertensive
medications
Cross- Turkey 20 - 64 744 Age, gender, use | FINDRISC 104 participants (13.9%) had a
sectional years of FINDRISC score of at least 15.
antihypertension The mean FINDRISC: 8.72+
drug, family 4.95.
history of
diabetes, waist
circumference,
BMI, daily
consumption of
vegetables and
physical activity
Cross- India 35 years 155 Age, ethnicity, IDRS Sensitivity: 95.12%, Yes
sectional and weight, height, Specificity: 28.95%
above waist
circumference,
BMI, blood
pressure,
physical activity
at home/work,
family history of
diabetes
Cross- Pakistan 25 years First Age, weight, RAPID The ROC's AUC was 0.658, Yes
sectional and study: BMI, gender, and for two validation sets, it
above 1264. waist was 0.758 and 0.7. In the
Second circumference, second set of data, the AROC is
study: family history of 0.7 with a sensitivity of 44%
856 diabetes, and a specificity of 89%,

smoking status,
and history of
hypertension.

compared to a cut point of 4
with a sensitivity of 47.0% and
88%. Positive predictive value:
54.5% for cross-sectional data
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and 59.6% and 39% for
validation data. Negative
predictive value: cross-sectional
data was 70.1%, 82.7% and
91.3% for validation data.

RCT India 20 years | 240,000 | Age, ethnicity, IDRS Statistical significance was Yes
and weight, height, determined to be p 0.0001 and
above waist the ROC was found to be 0.763
circumference, at a 95% CI of 0.761-0.765.
BMI, blood Youden index displayed
pressure, sensitivity of 78.05% and
physical activity specificity of 62.68% at >50 cut
at home/work, off.
family history of
diabetes
Cohort United 25years | 27779 | Age, gender, use | AUSDRISK | The overall C statistics varied Yes
Kingdom | &above | and 12 of , CRS, from 0.76 (95% CI1 0.72 - 0.80)
403 antihypertension | FINDRISC | to 0.81 (0.77-0.84), whereas the
diagnose drug, family and C statistics for men and women
d history of QDiabetes were respectively 0.73 (0.70-
diabetes | diabetes, blood 0.76) and 0.79 (0.74-0.83). One
pressure, waist model overstated risk by 40%
circumference, (28-52%) for Cambridge.
BMI, daily
consumption of
vegetables,
smoking status,
use of
antihypertensive
medication and
physical activity
Cross- Australia 18-77 136 Age, ethnicity, IDRS and Mean risk score. IDRS: 48; Yes
sectional weight, height, | AUSDRISK | AUSDRISK: 13. AUC. IDRS:
waist 0.72 (0.56 — 0.88): AUSDRISK:
circumference, 0.75 (0.60 — 0.90) (p=0.61).
BMI, blood
pressure,
physical activity
at home/work,
family history of
diabetes, daily
consumption of
vegetables,
smoking status
and use of
antihypertensive
medications
Cross- Belgium 35 years 275 Age, gender, use | FINDRISC For a cut-off value of 12, the Yes
sectional & above of sensitivity and specificity for
antihypertension diagnosing dysglycaemia were
drug, family 100% and 84.1%, respectively,
history of and 80% and 95.9% for a cut-
diabetes, waist off value of 15.
circumference,
BMI, daily
consumption of
vegetables and
physical activity
Cohort United 40 years 676 Age, gender, CRS, High risk. CRS: 13.6%, Yes
Kingdom | & above family history of | FINDRISC, | FINDRISC: 6.6%, QDiabetes:
diabetes, use of LRA, and 6.1%, LRA: 3.1%
antihypertension | QDiabetes After analysis by sex, Males.

medication, CRS: 25.4%, QDiabetes: 9.8%,

waist LRA: 4.8%, FINDRISC: 4.9%;
circumference, Females. FINDRISC: 7.8%

BMI, physical QDiabetes: 3.3%, LRA: 1.8%,
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activity and daily
consumption of
vegetables and

fruits
RCT China 35-74 3033 Age, height, QDRS In comparison to people with a Yes
waist and hip QDRS 14, those with a QDRS
circumference, 14 had a considerably increased
BMI, gender, chance of developing diabetes
occupation, (hazard ratio (HR): 2.37 vs.
history of 1.49; 95% CI 1.35-4.15 vs.
hypertension, 1.09-2.04). Furthermore, being
smoking status overweight or obese and having
and blood a QDRS of less than 14 together
pressure had an additive impact on the
risk of developing diabetes in
urban areas (RERI =1.59, S =
2.34, AP = 42.06%). Rural
areas, however, showed a
negative interaction (RERI =
0.07, S =0.89, AP = 4.55%).
Cohort Bosnia 18-70 520 Age, gender, use | FINDRISC Using FINDRISC, it was Yes
of discovered that among 520
antihypertension respondents, 12.4% of women
drug, family and 11.2% of men had a high
history of risk of developing T2DM in the
diabetes, waist following 10 years, while 5.6%
circumference, of women and 3.7% of men had
BMI, daily a very high risk.
consumption of
vegetables and
physical activity
RCT Pakistan 20 years 4904 Age, gender, RAPID 25.9% positive for risk of Yes
& above weight, BMI, developing diabetes.
waist
circumference,
smoking status,
family history of
diabetes, and
history of
hypertension.
Cohort Iran 30 years 3467 Age, gender, FINDRISC, AUSDRISK AUC: 0.77, Yes
& above ethnicity, family | AUSDRISK FINDRISC AUC: 0.75, ADA
history of , and ADA AUC: 0.73

diabetes, blood
pressure, waist
circumference,
BMI, physical
activity, daily
consumption of
vegetables,
smoking status
and use of
antihypertensive
medications

Risk of Bias and Quality Assessment
The JBI critical appraisal checklists were used to assess the quality of all articles included for
this systematic review (Munn et al., 2020). Since the articles collected has different kinds of
study designs, different JBI checklist were used according to their study design. In short, the
quality of all articles can be considered as moderate and high quality as all studies have
scores higher than 60%, except for one study with 38.46% score.
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It is considered as high risk of bias and was excluded from this systematic review. Data on
risk of bias and quality assessment for each article were summarized in Table 5, Table 6,

Table 7, Table 8.

Table 5: Summary of quality assessments (Cross-Sectional) using JBI appraisal

checklist
Authors Items on Joanna Briggs Institute checklist Raw Score Risk
QL | Q2 | Q3 | Q4 | Q5 | Q6 | Q7 | O8 and %
(Oo et al., 2020) 1 1 U 1 NA | NA | 1 1 5/8 = 62.5% | Moderate
(Fernandez & Frost, 2013) 1 1 1 1 NA | NA 1 1 6/8 = 75% Low
(Vandersmissen & 1 1 1 1 0 0 1 1 6/8 = 75% Low
Godderis, 2015)
(Sezer et al., 2021) 1 1 1 1 U 9] 1 1 6/8 = 75% Low
(Riaz et al., 2012) 1 1 1 1 U U 1 1 6/8 = 75% Low
(Dudeja et al., 2017) U 1 1 1 0 0 1 1 5/8 = 62.5% | Moderate

Table 6: Summary of quality assessments (Randomised Controlled Trial) using JBI
appraisal checklist

Authors Items on Joanna Briggs Institute checklist Raw Risk
Ql | Q2| Q3|Q4|0Q5|Q6|Q7|Q8|Q9|Q10 | Q11| Q12| Q13| Score
and %
(Nagarathna | 1 U 1 0 0 0 1 ] 1 1 1 1 1 8/13 = | Moderate
et al., 2020) 61.54%
(Garcia- 0 0O |luU|oO 0 0| U |1 0 1 1 1 U 5/13 = High
Alcalé 38.46%
etal., 2012)
(Sunetal., 1| U 1 0 0 0 1 1 1 1 1 1 1 9/13 = | Moderate
2019) 69.23%
(Basitetal., | 1 1 U0} O 0 1 (U |1 1 1 1 1 8/13 = | Moderate
2021) 61.54%

Table 7: Summary of quality assessments (Cohort) using JBI appraisal checklist

Authors Items on Joanna Briggs Institute checklist Raw Risk
QL Q2|Q3|Q4|Q5|Q6|Q7| Q8| Q9 | Q10| Q11| Score
and %
(Kengne et al., 1 1 1 1 U 1 1 U U 0 1 7/11 = | Moderate
2014) 63.64%
(Grayetal., 2015) | 1 1 1 1 U 1 1 0 0 0 1 7/11 = | Moderate
63.64%
(Savi¢ et al., 2020) | 1 1 1 0 [NA| 1 1 | NA|NA| NA 1 6/11 = | Moderate
54.55%
(Gray etal., 2016) | 1 1 1 1 1 1 1 1 | NA | NA 1 9/11 = Low
81.82%
(Lotfaliany et al., 1 1 1 1 1 [NA| 1 1 1 0 1 9/11 = Low
2019) 81.82%

Table 8: Summary of quality assessments (Case control) using JBI a

ppraisal checklist

Authors Items on Joanna Briggs Institute checklist Raw Score | Risk
Q1|02 Q3 | Q4| Q5| Q6 | Q7 | Q8 | Q9 | Q10 and %
(Agarwal et al., 1 1 1 1 1 [NA|NA|NA| 1 1 7/10=70% | Low
2019)
DISCUSSION

From this review, the age range of participants for included studies is 18 — 77 years and the
sample size range from 136 — 240,000 participants. The most used predictor variables in all
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the included studies age, gender, height, weight, waist circumference, body mass index
(BMI), family history of diabetes, physical activity, history of hypertension and use of
hypertension medications. Other than that, some diabetes risk assessments tools have daily
soft drinks consumption, daily vegetables consumption, smoking status, and ethnicity.

One of the diabetes risk assessment tools used is FINDRISC, the dietary fibre was proven to
be slowing the progression of T2DM development (San Oo et al., 2021). Furthermore,
According to Malaysian research, 34% and 25.5% of participants, respectively, were
overweight or obese. Modifiable risk factors like BMI and waist circumference were found to
be significantly associated with a greater risk score. Although most research participants were
under 40, there were a significant number of overweight and obese individuals (Oo et al.,
2020). The findings were like another study conducted in Malaysia, despite engaging in
moderate physical exercise, 51.2% of participants were overweight or obese (Chan et al.,
2017). It concluded that readily available junk food, drinks with a high sugar and trans-fat
content, and a sedentary lifestyle are what promote overweight and obesity (Chan et al.,
2017; Oo et al., 2020).

Besides, smoking status was one of the questions asked in these risk assessments tools:
RAPID and AUSDRISK. In a study conducted in Iran by using AUSDRISK, 13.6% of
participants who are smokers are at high risk of developing T2DM (Lotfaliany et al., 2019). It
was discovered that a smoker has a 1.6 times higher risk of developing T2DM than a non-
smoker. Results indicate that ex-smokers had a 17-60% higher risk of developing type 2
diabetes (Ismail et al., 2021). The authors estimated that smoking was responsible for
developing T2DM cases for men is 18.8% while T2DM cases for women is 5.4%. Despite the
association between smoking cigarettes and a higher risk of developing T2DM, a cause-and-
effect relationship between smoking and the disease cannot be determined because of
additional risk factors like age, physical activity, diet, and waist circumference also play a
part (Campagna et al., 2019).

Apart from that, ADA and AUSDRISK has ethnicity as one of the questions asked. However,
it is unclear why people of a certain ethnicity have an increased risk of developing
T2DM than others. It might be because of the ethnicity dependent relationship with gene and
body fat deposition. For a similar amount of body fat, Asians, on average, have a 3—4 kg/m2
lower BMI than Caucasians. As well as insulin sensitivity based on ethnicity because Asians,
Aficans, and Mexican-Americans, according to studies, are less insulin sensitive than non-
Hispanic whites (Chen et al., 2010; Ismail et al., 2021). AUSDRISK was created with the
help of 6,000 adult participants in the Australian diabetes, obesity, and lifestyle study. Age,
ethnicity, gender, family diabetes history, waist circumference, history of high blood glucose,
physical activity, use of antihypertensive drugs are the risk factors used to predict a five-year
chance of developing T2DM (Lotfaliany et al., 2019). This tool is distinctive which it
includes ethnicity that reflects the diversity in T2DM risk brought on by racial and ethnic
differences (Chen et al., 2010).

Furthermore, studies that focused on multiple diabetes risk assessment tools mostly has
different results when using different tools. Accordingly, care should be taken when using
these risk assessment tools to identify high risk individuals and they must be validated first
with the community (Akter et al., 2020). This was proven by a study conducted in United
Kingdom, the risk of an individual to develop T2DM depend on what kind of diabetes risk
assessment tools that they used. When the CRS was used, it was found that more than 25% of
males were anticipated to fall into the highest-risk quintile. In comparison to the LRA and
FINDRISC, this value was five times higher, and more than twice as many people were
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classified as high risk using the QDiabetes. On the other hand, when comparing the Leicester
Risk Assessment to the QDiabetes tool, twice as many people in females were once more
classified as high risk. But the FINDRISC model anticipated that 7.8% of females would be
at high risk (Gray et al., 2015).

It should be noted that, non-invasive risk assessments tools might be applied as a cornerstone
of the public health strategy for preventing T2DM. Most trials for T2DM prevention have
relied on a high-risk status determined by blood testing. Therefore, several studies used
diabetes risk assessments tools and found that the results have positive effects on risk factor
levels. For instance, participants that answered FINDRISC showed that a moderate weight
loss significantly reduced T2DM risk after a year of intervention (Kengne et al., 2014).
Currently available guidelines for diabetes screening that rely on blood tests are seldom
followed; leaving many people without a diagnosis. The questionnaire approach aids people
in determining if they need to see a doctor for a diabetes test (Basit et al., 2021).

As the limitation of this review, it was observed that some studies only mentioned the
percentage of high-risk individual identified by using diabetes risk assessment tools but, other
studies elaborate more on AUC, sensitivity, specificity, and negative and positive values.
These differences making it hard to compare the efficiency of these tools. Moreover, Herath
et al., (2017) reported that gestational diabetes women had a 10 times increased chance of
developing T2DM over a 10-year follow-up period rather than those without gestational
diabetes., none of the included tools mentioned about gestational diabetes. Nevertheless, this
review successfully serves as a foundation for determining the most suitable tool to be
incorporated within the community, so that the findings may be utilised as future reference.

CONCLUSION

Early identification and evaluation of those who exhibit these risk characteristics is important
and they should be monitored closely. It is possible to identify people who are at high risk for
developing prediabetes and diabetes using a simple diabetes risk score, enabling prompt
intervention. However, these tools are useful only in identifying high risk individuals because
it does not provide any diagnostic confirmation. These tools are non-invasive, more practical,
and more affordable than models that rely on blood testing. Such tools may be incorporated
into the recommendations for authorities as a best practise for diabetes screening at the
population level. Trained healthcare professionals may use these tools during routine
screening not only to identify people at risk for diabetes but also to detect the prediabetes
patients early so that healthcare professionals can initiate the actions for further life style
modification and other potential management.
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