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1. INTRODUCTION 

1.1. “Big data” and Big Data Analytics 

The definition of “big data” is continuously developing. Besides mentioning the fact that 

traditional methods are insufficient for managing big data, it is often described by its 

characteristics with a set of ’V’s: 

- Volume: refers to the huge amount of data it contains; 

- Variety: means it includes different types, formats and sources of data; 

- Velocity: desribes the high rate of data inflow and changes;  

- Veracity: reflects the quality and consistency of data; 

- Value: relates to the knowledge that can be gained by processing the data;  

- Variability: implies the potential for scalability and extensibility of the data to be 

processed; 

- Visualization: points to the ability to interpret data in a meaningful way; 

- Valence: shows it creates the possibility of linking various databases (1–6).   

Big Data Analytics (BDA) is the process of extracting meaningful insights from large, 

complex datasets. By employing advanced analytical methods, we can identify patterns, 

correlations, and trends that would be difficult to achieve using traditional data analysis 

techniques. These findings can be used to optimise business operations, improving 

decision-making, and drive innovation (7). 

1.2. Big data and BDA in healthcare 

BDA in healthcare has the potential to ’acquire, store, process and analyze large amounts 

of health data in various forms, and deliver meaningful information to users, which allows 

them to discover business values and insights in a timely fashion’(8). 

In healthcare, there are a wide variety of data types that can be used for BDA, including 

clinical data, administrative data, finance data, medical imaging data, laboratory test data, 

which can be derived from various sources such as Electronic Health Records (EHRs), 

Electronic Medical Records (EMRs), Patient Reported Outcomes (PROs), pharmacy 

prescription records, insurance records, internet of things, mobile Health or wearable 

devices and ’omics’ (genomics and transcriptomics) studies (2,3,5). 

The main types of BDA are (1,9): 
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- Descriptive analytics: which is the exploration and discovery of information in order 

to understand and analyze healthcare decisions, outcomes and quality, and make 

informed decisions;  

- Predictive analytics: which predicts upcoming events based on historical or 

summarized health data; 

- Prescriptive analytics: which usually provides decision support in case of too many 

existing alternatives.  

BDA can therefore support quality improvement, make the work of health professionals 

easier, facilitate scientific and research activities, reduce costs, increase efficiency and 

even promote sustainability (1,10). Wang et al. classified the related benefits as 

Information Technology (IT) infrastructure benefits (building business flexibility for 

current and future changes, IT cost reduction, increased IT infrastructure capability), 

operational benifits (cost reduction, cycle time reduction, productivity improvement, 

quality improvement, customer service improvement), managerial benefits (better 

resource management, improved decision-making and planning, performance 

improvement), strategic benefits (support for business growth, support for business 

alliance, building for business innovations, building cost leadership, generating product 

differentiation, building external linkages), and organizational benefits (changing work 

patterns, facilitationg organizational learning, empowerment, building common vision) 

(11). 

However, meeting these achievements is not so easy, there are many challenges to 

overcome (2,5,6):  

- Storage and processing: The large volume of data presents obvious storage 

challenges, especially given that the volume is growing rapidly. Although security 

reasons initially supported the development of local servers, it is now cleared that 

cloud-based solutions with adequate security can reduce costs, fast disaster recovery 

and easier expansion. Hybrid systems may also be useful. 

- Cleaning: To gain reliable results, data collected should be cleansed to ensure 

accuracy, correctness, consistency and relevancy. This is difficult to achieve for large 

volumes, and nowadays, automazed algorithms are used alongside manual technics.  

- Unified format: To analyze data on the same characteristic or event, it is necessary 

that they are presented in a uniform way. Although standardized coding systems 
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already exist in some areas, heterogeneous representation remains a major difficulty 

for much information.   

- Accuracy: Entering or reporting data into EHRs or EMRs is often inaccurate leading 

to quality issues in data analysis.    

- Image pre-processing: Similar to the previous point, there may be quality issues with 

images, largely due to noise, artifacts and careless handling and processing of images.  

- Privacy and security: Ensuring data protection and cybersecurity has become an 

essential need for managing any health information. Security rules and measures 

have been recently introduced that are essential for BDA.  

- Meta-data: To support research activity, information about who, why, how and when 

created and analyzed data should be collected so that future studies can use the same 

querries, make benchmarking or build on it.   

- Querying: Querying can be a challenge when different datasets cannot be linked or 

interconnected due to the lack of or the difference in standard coding systems.     

- Visualization: Presenting the complex results of BDA in a clear, easy-to-understand, 

quick-to-digest way can be critical to the use of the results. 

- Data sharing: Compiling big data or even tracking a patient between providers often 

requires linking data from different sources, institutions, therefore the sharing of data. 

The provision of data can harm interests, so understanding the aim of BDA is crucial 

for success.   

- Data ownership: There can be many owners of data depending on the source. Data 

provision sometimes creates a complex situation, e.g. at a healthcare provider, the 

provider manages the patient data, but the patient is the owner of the data. Therefore, 

it might be an interesting question who should give consent to use the data.   

- Skills requirement: BDA requires skills from data collection to interpretation of the 

results for their users. Unfortunately, the number of professionals is not growing as 

fast as it should.    

- Technological requirements: In the absence of an adequate IT infrastructure, BDA is 

not feasible, exacerbated by the fact that access to databases is usually restricted to a 

very limited number of professionals.  

- Limited awareness and support: Without funding and awareness, one is increasingly 

left behind and misses out on the opportunities offered by BDA. 
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- Healthcare models: It is important to have adequate evidence to demonstrate the 

economic benefits of a particular health investment. 

1.3.Big Data and BDA in diabetes care 

Diabetes care is one of the areas most frequently studied by BDA. It is partly due to the 

large number of people affected by diabetes. According to the International Diabetes 

Federation's 2021 data, the prevalence of diabetes in Europe is 9.2%, which is expected 

to increase to 10.4% by 2045 despite a decrease in incidence. Diabetes is responsible for 

7.7% of all deaths under the age of 60, as well as 8.6% of all healthcare expenditures. 

(12) A great number of wearable devices have been introduced to monitor diabetes-

related parameters. These are not restricted to glucose monitoring but include many other 

influencing factors such as physical activity, sleep or nutrition. Furthermore, information 

about common co-morbidities can also be collected by these devices leading to an 

accelerating increase in the amount of data on diabetes (13). Besides these patient-held 

data, EHRs, EMRs, registries, surveys, smart glucose meters, insulin pumps and 

automated insulin delivery systems, digital images from retinal screening, social media 

platforms, and environmental data provide sources for BDA (14,15). A further decisive 

factor in the rise of BDA in diabetes care is that indicators of care have been defined for 

some time and in many places, uniform registers and databases have been established 

(16–18). 

Big data can support diabetes care in many ways (15,17,18):  

- Patient self-management can be facilitated by personalized education and support. 

Timely, well-visualized, customized information containing lifestyle advices as well 

as notifications and recommendations of glucose monitoring devices can strengthen 

empowerment, while artificial intelligence (AI) -driven systems can even administer 

insulin contiuously by an autonomous closed-loop system working as an ‘artificial 

pancreas’;  

- Image analysis mainly support retinopathy screening, however, foot monitoring and 

even chest radiographs can also support the diagnosis of diabetes and the 

management of complications; 

- Clinical decision support includes complication prediction, diagnostic support, 

personalized treatment and prescription;  
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- Analysing EMR data can help optimize the workflow, the patient pathway, facilitate 

multidisciplinary care and measure the quality of care;  

- Epidemiologic reports and surveillance systems can be developed, researches can be 

conducted on risk factors, comorbidities, adverse events, cost-effectiveness, etc. and 

show trends that form the basis of health strategies and resource allocation.  

- Combining different datasets can result in national diabetes cohorts that enable both 

aetiological and demographic analysis. Linking health data with data from different 

areas, such as socioeconomic or environmental databases, can lead to even deeper 

analyses.  

1.4.Big data and BDA in Hungary 

Over the past 5 years, scientific publications on the domestic application of big data have 

covered a wide range of topics. Studies have looked at areas such as proteomics (19), 

drug safety (20), coronavirus disease 2019 (COVID-19) -related population movement 

monitoring (21), artificial neural networks in pharmaceutical manufacturing (22), 

autonomous non-technical skill assessments in minimal invasive surgery (23), methods 

of artificial intelligence and their application in imaging diagnostics (24), building 

prospective big data database (25,26) or interplay between phenotypic resistance to 

relevant antibiotics in Gram-negative urinary pathogens (27). Although this indicates that 

a new era of BDA has started in our country, yet, most of the publications are related to 

the analysis of different registries (28–32) and most importantly, the National Health 

Insurance Fund Administration (NHIFA) database. Without being exhaustive, here are 

some of the areas that are covered by the latter studies. Researches were carried out in the 

fields of pulmonology (33–36), cardiology (37–39), oncology (40–47), neurology (48–

50), and psychiatry (51–53). By type, there were burden of disease studies (54), screening 

participation studies (55–57), epidemiological studies (33,42,44,48,58),   retrospective 

studies (40,43,59), and survival studies (41,45,60).    

For diabetes, BDA researches focused on antidiabetic treatment (61–66) incidence, 

prevalence, mortality (58,67,68,68–71), burden of disease and economic analyses 

(72,73), co-morbidities (74–77), and COVID-19 infection (78). 
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2. OBJECTIVES 

NHIFA database has a long history of serving domestic health data analysis. However, it 

contains data collected for financial purposes, therefore the scope of use is limited (14). 

On the other hand, given the volume, scale, relevance and continuity of the database, it 

will certainly remain an important building block for future BDA. In order to make the 

most of it, it is necessary to consider what areas of research the data might be suitable for.  

As mentioned earlier, diabetes is one of the most frequently chosen areas of BDA and has 

already been the focus of many different research studies in Hungary. Its importance is 

indisputable.  Between 2001 and 2016, the incidence of drug-treated type 2 diabetes in 

Hungary showed an average annual decrease of 6.46%, reaching 350.7 cases/100,000 

person-years by 2016. However, prevalence continued to rise until 2011, and then showed 

a slight decrease after a three-year plateau, reaching 7942.6/100,000 population in 2016 

(67). It is noteworthy that based on data for 2016, every fourth or fifth individual between 

the ages of 65 and 84 was a person with Type 2 diabetes treated by antidiabetic drug (68). 

On the other hand, standardized total mortality showed a significant 8.35% increase 

between 2001 and 2016, which was more pronounced among men and younger age 

groups (41-60 years) (69). Based on data for 2016, the mortality rate of people with Type 

2 diabetes was higher than that of people without diabetes in women and younger age 

groups; more than four times the mortality rate was detected in 35-39 year old women, 

more than three times in men, while the hazard ratio barely exceeded 1 in both sexes 

among those over 85 years of age (70). Similar age-dependent risks have been shown for 

heart attack and stroke in people with diabetes (75). Given its significance and the extend 

of research conducted on it, diabetes appears to be a suitable area for exploring previously 

unknown or unutilized analytical possibilities of the NHIFA database.    

Accordingly, our goal was to evaluate the NHIFA database from an analyzability 

perspective, and by testing new analytical possibilities in the field of diabetes, to identify 

and perform them, thus enriching the body of available results on domestic diabetes care.  

 

Our research questions were: 

1. What are the diabetes research areas, if any, where NHIFA database analysis 

could be a valuable tool but have not been investigated in Hungary so far? 
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2. What specific analytical questions can be substantively addressed within the 

delineated diabetes research domains?  

3. What novel discoveries and recommendations can be revealed regarding domestic 

diabetes care based on the test analysis/analyses? 

4. What general conclusions can be inferred about the NHIFA database for its 

application in BDA, based on the outcomes of the test analysis/analyses?  

5. What prospective recommendations can be formulated for the utilization of the 

database? 
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3. METHODS 

3.1. The NHIFA Database and data management 

Data from five sources were provided by the NHIFA for our study: data on primary care, 

outpatient specialty care, hospital utilization, demographic dataset of the population with 

a social security number (SSN, SSN dataset), and the stock of dispensed prescriptions. 

All datasets include individual utilization records, with individuals initially identified by 

their SSN. The unique personal identifiers in the datasets were converted into 

depersonalized identifiers by the National Infocommunications Ltd. This process ensured 

the maintainability of data linkages while effectively anonymizing individuals within the 

datasets (79). 

NHIFA collects data pertaining to all publicly financed healthcare services. This data 

encompasses the date of service utilization, diagnoses coded according to the 10th version 

of the International Classification of Diseases (ICD-10), and the tests and procedures 

undertaken. Notably, the datasets do not include the results of diagnostic tests. The 

datasets provided to us encompass service utilization records from 2010 to 2021. NHIFA 

registers the date of birth, sex, date of death, citizenship, and SSN validity for individuals 

with a Hungarian SSN in its SSN dataset. The provided datasets include records for all 

individuals who were alive on 1st January, 2010 (79). 

The database was provided by the National Research, Development and Innovation 

Office in Hungary and the research was approved by the Medical Research Council under 

number IV-1543-1/2022-EKU. The combined database from the five datasets with 

depersonalized identifiers was stored on an external local server ensuring compliance 

with national data security regulations for research and health data. Access to the server 

was granted to one researcher, who extracted the required data according to the research 

algorithms developed and transferred it to the IBM SPSS v27.0 software for analysis.  

3.2. Semi-structured interviews  

Semi-stuctured individual and focused-group interviews were conducted at the beginning 

of our research with a total of 13 specialists including 4 diabetes expert, 4 general 

practitioners, 2 nephrologists, 2 anaesthesiologists and intensive care specialists, 1 

neurologist, 1 ophtalmologist and 1 vascular surgeon. Diabetes experts and general 
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practitioners included doctors from both the capital and the countryside. The interviews 

focused on the following topics:  

- Coding and the quality of information: diabetes diagnosis, pregnancy and conditions 

other than diabetes when antidiabetics can be prescribed, tests related to diabetes 

care, complications and co-morbidities, hospitalization; 

- Diabetes care: diagnosis, status check, treatment, care and monitoring, acute and 

chronic complications, patient engagement, influencing factors of diabetes care, 

impressions on the strengths and weaknesses of care;  

- COVID-19 pandemic (as it fell within the study period): effects and impact on 

diagnosing new cases, regular check-ups, patient flow, complication rates and 

patients’ adherence. 

The results of the interviews were used to assess the applicability of the database, 

formulate research objectives, design the research and explain the results.  

Following the completion of the initial analyses, additional semi-structured, focused-

group interviews were conducted with a narrower group of experts to ensure the rigorous 

interpretation of the findings. 

3.3.Identifying the diabetes research area(s) to be analyzed 

3.3.1. Identification of potential areas for diabetes research  

In order to determine potential areas of investigation, we assessed which areas supported 

by the BDA for diabetes care could be explored using the available data within the 

database. Subsequently, we identified research gaps within the domestic literature. 

Through expert interviews, we refined our focus to those areas where the database data 

was of adequate quality and where there was a demonstrated need for further research in 

the field of diabetes care.  

From the areas listed in chapter 1.3, patient self-management and image analysis were 

found to be irrelevant as neither information from or to portable devices nor images are 

available in the database. Those decision support or prediction studies that require 

genetic, molecular or patient reported data were also not feasible due to lack of such data. 

In comparison with the domestic research, which is described at the end of chapter 1.4, 

the most lacking areas were workflow, pathway and quality of care analyses. For clinical 

decision support, there has been some research on complication prediction, but not on 
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diagnostic support or personalized treatment and prescription. Epidemiologic studies 

have been conducted, but the scope and depth of this kind of research could be extended 

further.  

According to the findings of the initial interviews (see Table 1), assessing the quality of 

care, particularly process indicators, was deemed highly pertinent. This is underlined by 

the lack of clarity of roles and responsibilities, lengthy waiting lists, limited availability 

of lifestyle therapy and patient education, a lack of multidisciplinary approach, the limited 

competencies of general practitioners, and the perception of specialists treating 

complications that patients were referred too late. While the database does not include 

point of care or privately conducted tests, given that the vast majority of relevant 

examinations were part of the publicly funded healthcare system, it remains a valuable 

resource for conducting meaningful analyses. Moreover, the study of complications was 

considered a substantial area of focus, considering that diabetes is often diagnosed only 

when complications arise, and the management of complications typically begins at a 

relatively late stage. Conversely, an analysis of diabetes complications within the NHIFA 

database presents significant challenges. The coding of these complications is 

inconsistent and often incomplete. Furthermore, most complications are not linked to 

specific drugs or diagnostic tests that could facilitate standardized data extraction. The 

only complication that appeared to be investigable in relatively detail was cancer. Prior 

to this research, no studies had been conducted in Hungary to examine the association 

between diabetes and cancer.  

 

Table 1: The key findings of the initial semi-structured interviews  

Coding and the quality of coding: 
• ICD codes are unreliable to define diabetes: not every person with a diabetes code 

actually has diabetes (e.g. diabetes code can appear if diabetes is only suspected and 
then remains in the following reports, or diabetes can be coded so that certain 
medication can be prescribed or prediabetic conditions can be coded as diabetes), 
people can have diabetes without a related code (for example in primary health care 
data, in many cases only one diagnosis is registered even in case of multimorbidity 
or specialists involved in the care of diabetes complications can indicate only the 
complication and not the underlying diabetes) 

• codes are also unreliable to define the type of diabetes: the first code sticks to the 
patient, changes are not documented, more codes exist in parallel 



16 
 
 

• coding of complications happens occasionally and it varies how it happens, 
sometimes more serious condition is coded to allow prescribing newer drugs 

• gestational diabetes may also be coded differently, sometimes it is coded as Type 1 
diabetes and it sticks to the patient   

• antidiabetic drug prescription is better to define diabetes, however it excludes those 
who are only on lifestyle therapy and those with polycystic ovary syndrome can 
take metformin without having diabetes 

• tests run by general practitioners are not available in the primary health care data 
• referrals often do not include that the test requested is related to diabetes care   
• tests happening in private care are not seen in our database (although it has improved 

recently) 
Diabetes care: 
• there is no professional control on the coding of diabetes  
• the diagnosis of diabetes often reveals when a complication appears (already late) 
• roles and responsibilities in diabetes care are unclear, it is up to one’s conscience to 

pay attention to the patient, who can easily fall out of the system 
• waiting lists can be very long for the related specialities mainly for nephrology, 

diabetology and even laboratory care 
• lifestyle therapy (including dietetics) is very elementary or even missing, 

personalised therapy is even more limited (the situation is worse in rural areas and 
more favourable in community practices) 

• diabetic foot care does not have a clear organisational background 
• there are no time and people for patient education  
• hospital care is mainly for acute complications  
• there is no real multidisciplinarity in diabetes care, providers usually do not 

communicate with each other and they do not or cannot follow the patients 
• the National eHealth Infrastructure (EESZT) supports data-sharing, however, it is 

difficult to search for the results and they may be contradictory 
• general practitioners’ competencies in diabetes care is more limited than reasonable 

(for example they can only prescribe metformin and sulfonyurea) and they are 
incentivised to give fewer referrals  

• specialties related to diabetes complications feel the patients are seen late 
COVID-19 pandemic: 
• not everyone noticed a decrease in the number of patients during the pandemic, and 

the patient flow did not really increase afterwards, nor did the number of new cases 
• co-operation depended on the patients: some of them became even more cautious, 

some of them were afraid to seek care (in the latter case, patients were seen by a 
doctor in a more neglected condition)  

• lifestyle-related activities deteriorated, for example more people became obese 
• general use of telemedicine is the main achievement of the pandemic. 
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3.3.2. Setting the specific research objective(s) for assessing the quality of diabetes care 

in Hungary 

Both incidence and prevalence, as well as various outcome indicators, are generally an 

integral part of regional or national level analysis of diabetes care, but by themselves are 

not sufficient to characterise the quality of care and identify intervention points and areas 

for improvement. It is no longer a question that the organisation of care should be based 

on IT solutions that use data generated during healthcare administration (80). 

Accordingly, many countries operate diabetes registries and clinical audit programs 

(81,82). The range of indicators used varies and covers different areas, therefore the 

European Best Information through Regional Outcomes in Diabetes (EUBIROD) 

Network has compiled a complete set of indicators as a guideline, which already allows 

analyses at international level. The European Diabetes Data Collection for Clinical Audit 

and Patient Care contains indicators for five main areas, covering the areas of 

epidemiology, structure, patient care process, intermediate and final outcome indicators 

(83). The Lancet Commission also emphasizes data-based care organisation in its study 

on diabetes, in which a list of recommended data content for registries is also presented. 

This covers medical history data, clinical examinations, laboratory results, micro- and 

macrovascular complications, comorbidities, oral and injectable antidiabetic drugs, and 

cardiovascular disease medications (84). In addition to the above, the long-standing 

Australian National Diabetes Audit also pays particular attention to mental health and 

Patient Reported Outcome Measure (PROM) surveys (85). The National Diabetes Audit, 

which has been operating since 2003 and covers England and Wales, focuses on 5 key 

questions: is every person with diabetes diagnosed and documented in the registry, what 

proportion of diagnosed patients receive the nine key processes of diabetes care as defined 

by the National Institute of Health and Care Excellence (NICE), what proportion of them 

achieve blood sugar, blood pressure and cardiovascular risk management targets, what 

proportion of them are offered and participate in structured patient education, and how 

do the rates of acute and long-term complications change (86)? 

In Hungary, the regular activities and audit criteria for diabetes care are regulated by the 

current professional guidelines. The Hungarian clinical guideline for the diagnosis, 

antihyperglycemic treatment and care of diabetes mellitus in adults (87) in this regard 

incorporate a consolidated set of recommendations from the most recent 2024 Diabetes 
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Care Standards of the American Diabetes Association (ADA) (88). Table 2 summarizes 

the activities required to be performed at least annually or at every medical consultation, 

as stipulated by the current national guidelines. The requirements have remained 

consistent in the domestic guidelines since their introduction in 2009 (89–91). Table 3 

details the guideline recommendations concerning quality indicators of care.  

 

Table 2: Activities required to be performed at least annually or at every medical 

consultation in diabetes care, according to the current national guidelines (87) 

Activities to be performed at least once a year: 
• Complete physical examination: measurement of weight, height, waist 

circumference, blood pressure, special examination of the feet, determination of 
BMI 

• Examination of the fundus 
• Complete laboratory examination: HbA1c, fasting blood glucose (and postprandial 

if necessary), serum total cholesterol, HDL cholesterol, LDL cholesterol (measured 
or estimated), triglycerides, creatinine, eGFR, urine analysis (urine glucose and 
acetone, sediment, urine culture if necessary and quantitative albuminuria 
[microalbuminuria]) 

• Review of treatment 
• Checking of self-monitoring technique 
• Review of dietary and nutritional knowledge 
In addition, the following activities should be performed at each medical consultation: 
• Patient education; 
• Informing about blood glucose measurement data; 
• Assessment and reinforcement of therapy adherence. 

BMI = Body Mass Index; eGFR = estimated Glomerular Filtration Rate; HbA1c = Haemoglobin-A1c 
(glycated haemoglobin); HDL = High-Density lipoprotein cholesterol; LDL = Low-Density lipoprotein 
cholesterol 
 

A comparison of the available administrative data revealed that only a limited set of 

potential indicators – specifically the completion of annual laboratory tests – could be 

analyzed. Therapeutic target indicators could not be constructed from the existing data 

due to the absence of laboratory test results. The completion of physical examinations, 

patient education, lifestyle counseling, and therapy follow-up is not included in the data 

transmitted to the NHIFA. The database did not allow for the specific identification of 

funduscopic examinations, and the exclusion of ophtalmological examinations completed 

in private care would have significantly biased the results.   
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Consequently, the ultimate objective of this research direction became the analysis of 

laboratory tests among adult people with diabetes in Hungary based on the NHIFA 

database.   

 

Table 3: Recommendations concerning quality indicators of care, according to the current 

national guidelines (87) 

• Number of HbA1c determinations per year (desired: 4 measurements per year for 
insulin-treated patients, 2 measurements per year for non-insulin-treated patients) 

• Proportion of insulin-treated patients who perform self-monitoring of blood glucose 
(desired: 90%) 

• Complete laboratory testing (including eGFR and microalbuminuria) once a year 
(desired: 100%) 

• Funduscopic examination once a year (desired: 90%) 
• Neuropathy examination (tuning fork), foot inspection once a year (desired: 100%) 
• ECG once a year (desired: 90%) 
• Physical examination (anthropometric parameters), blood pressure measurement 

once a year (desired: 100%) 
• Ankle-brachial index determination in Type 2 diabetes, over the age of 50, or in the 

event of another cardiovascular event (stroke, TIA, infarction, angina pectoris) 
regardless of age; in Type 1 diabetes, after 10 years of disease duration or in the 
event of another cardiovascular event (stroke, TIA, infarction, angina pectoris) 
regardless of diabetes duration (desired 80%) 

• Provision of basic dietary therapy knowledge to newly diagnosed diabetics (desired: 
100%)  

HbA1c = Haemoglobin-A1c (glycated haemoglobin); eGFR = estimated Glomerular Filtration Rate; ECG= 
Electrocardiogram; TIA = Transient Ischemic Attack 

3.3.3. Setting the specific research objective(s) to investigate the association between 

diabetes and cancer in Hungary 

Diabetes is characterized by a range of complications, including micro- and 

macrovascular complications such as retinopathy, nephropathy neuropathy, and 

cardiovascular diseases (87). Furthermore, diabetes is associated with a broader spectrum 

of health issues, including impaired bone health, cognitive impairement, cancer, erectile 

dysfunction, non-alcoholic fatty liver disease and steatohepatitis, pancreatitis, periodontal 

diseases, sensory impairment, and obstructive sleep apnoe (88). 

While there are shared risk factors between diabetes and cancer, this alone does not fully 

explain their coexistence. Numerous studies have unequivocally demonstrated that 
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diabetes constitutes an independent risk factor for the development of various cancers 

(92–94).  

A meta-analysis including 151 cohorts sought to assess the causal relationship between 

diabetes and cancer. Strong causal associations were observed between Type 2 diabetes 

and the incidence of liver, pancreatic, and endometrial cancers, as well as pancreatic 

cancer mortality. A likely to be causal association was found with gallbladder cancer 

incidence. In contrast, the associations with kidney, colorectal, and thyroid cancer 

incidence were less robust. Finally, the analysis revealed that the association between 

Type 2 diabetes and leukaemia, prostate, breast, bladder, stomach, ovarian, non-Hodgkin 

lymphoma, melanoma, lung, or esophageal cancer is unlikely to be causal. Interestingly, 

Type 2 diabetes was even associated with a decreased risk of prostate cancer (RR: 0.83 

0.79, 0.88) (95).  

For Type 1 diabetes, the evidence is less conclusive. While some studies within the review 

by Zhu et al. indicated an increased incidence of liver, pancreas, kidney, esophageal, 

stomach, lung, thyroid, squamous cell carcinoma, and leukaemia in individuals with Type 

1 diabetes, other studies found no significant associations (96).  

Contradictory findings were also observed when analysing the association between sex-

related cancers and diabetes (96).  

However, a meta-analysis of 121 cohorts revealed that females with any type of diabetes 

exhibit an approximately 6% higher overall cancer risk compared to males with diabetes. 

This disparity varies by cancer site, with females demonstrating a greater risk of oral, 

stomach, and kidney cancer, and leukaemia, but a lower risk of liver cancer (97). 

Numerous studies have delved into the underlying mechanisms linking diabetes and 

cancer. These include genetic research (96,98,99), studies on shared risk factors such as 

obesity, inflammation, hyperglycaemia or hyperinsulinaemia, sex hormones, and their 

associated molecular patways (94,96,99–103), as well as research examining the role of 

antidiabetic medications (96,99,102–104) and nutrition factors (99). 

Until recently, the temporal relationship between diabetes diagnosis and the onset of 

cancer remained relatively understudied. Lega et al. demonstrated a significantly elevated 

risk of most cancers in people with diabetes within a decade before and immediately after 

a diabetes diagnosis (105). Johnson et al. corroborated these findings, observing an 

increased cancer risk across various sites shortly after the diabetes onset, with only 
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colorectal, liver, endometrial, and pancreatic cancer risks remaining elevated in later 

periods (106). Furthermore, Carstensen et al. found that the rate ratio for all cancers 

peaked immediately following the diagnosis of diabetes, irrespective of insulin use (107). 

In contrast, Hu et al. observed that when comparing cohorts with and without diabetes,  

the hazard ratio (HR) for cancer was highest approximately eight years after the diagnosis 

of Type 2 diabetes, with a similar pattern observed across different cancer sites (108). 

In the light of these findings, we have narrowed down the research focus in this field to 

two key areas. The NHIFA database did not provide sufficient data to explore the 

molecular mechanisms underlying the relationship between diabetes and cancer, while 

the absence of data on influencing factors hindered the ability to analyze the complexity 

of the relationship in more depth. However, we could still aim to determine the risk of 

developing cancer in patients with diabetes compared to the non-diabetic population. 

Secondly, we focused on examining how the time of cancer diagnosis is related to the 

time of diabetes diagnosis.  

3.4. Identifying people with diabetes in the database 

Diabetes was identified based on antidiabetic drug dispensing as diagnosis codes 

appeared to be unreliable (see Table 1). Drugs with Anatomical Therapeutic Chemical 

(ATC) code A10A, A10B were considered antidiabetic drugs. A significant number of 

people with diabetes diagnosis codes may not actually live with diabetes, for example 

people with the presence of pre-diabetic conditions, for which no specific ICD diagnosis 

code is available, are coded for people with diabetes. On the other hand, data on people 

with both diabetes and other comorbidities may only include the latter diagnosis code, 

especially in primary care database. Furthermore, there is no professional oversight of 

diagnoses, and the coding of different types of diabetes including gestational diabetes, is 

also inconsistent. However, antidiabetic drug dispensing necessitated the exclusion of 

cases where antidiabetic drugs were described without diabetes. Therefore, people with 

polycystic ovary syndrome (PCOS, ICD-10: E2820) documented in their primary care or 

specialty care records at any time during the study period were excluded. So were those 

with pregnancy-related events (ICD-10: "O" category and Z31-Z37), because in the case 

of gestational diabetes, the presence of diabetes is mostly transient, and the details of the 

care process differ from the general care recommendations. Another limitation of using 
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antidiabetic drug dispension for identifying people with diabetes is that those who receive 

only lifestyle therapy are also not included in the analyses. However, the primary goal in 

identifying diabetic patients was not to determine the incidence of diabetes, but to create 

cohorts of patients with diabetes who meet the criteria for diabetes care and cancer risk 

analyses (79,109). 

3.5. Methods of the analysis of the specific researches identified 

3.5.1. Analysis of laboratory tests among adult people with diabetes 

We conducted a retrospective cohort study to assess the laboratory tests of patients with 

diabetes. We selected four cohorts for the observation of care practices. The first 

analyzable cohort consisted of patients who collected their antidiabetic drug for the first 

time in 2014. The rationale for this was that our data were available from 2010 onwards, 

thus first dispensing in the database may not reflect real first dispensing due to lack of 

data from previous years. Since the number of new antidiabetic drug dispensing decreased 

significantly each year until 2013 (i.e., those who had not collected antidiabetic drug back 

to 2010), it could be assumed that a significant proportion of patients in 2014 were indeed 

newly diagnosed people with diabetes. People with diabetes identified in this way were 

divided into subgroups based on age groups, sex, geographic location, and the type of 

antidiabetic drug initiated. We chose a four-year observation period, allowing us to follow 

patients who first collected antidiabetic drug in 2014 until 2017, and those in the fourth 

cohort, who first collected antidiabetic drug in 2017 until the end of 2021.  Follow-up 

period was calculated as the number of years since the first antidiabetic drug dispensing 

date. Inclusion criteria were Hungarian citizenship, a valid SSN, age at inclusion date of 

at least 40 years and below 90 years. People with diabetes who died during the four-year 

follow-up period were excluded from the study. Analyses revealed that 19.6% of patients 

aged 40-89 years who were followed for four years only collected antidiabetic drug once 

during the follow-up period. Therefore, these patients were excluded from the present 

study, and the analyses were restricted to the population of patients who collected 

antidiabetic drug at least twice (Table 4) (109). 
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Table 4: Inclusion and exclusion criteria for laboratory tests and cancer risk analyses 

(109) 

Analysis of laboratory tests among adult 
people with diabetes 

Analysis of associations between diabetes 
and cancer 

Inclusion criteria Inclusion criteria 
Hungarian citizenship with valid SSN Hungarian citizenship with valid SSN 
County of residence is known - 
First antidiabetic drug dispensing between 
2014 and 2017 

First antidiabetic drug dispensing in 2014 
or 2015 

Age of 40-89 at the first antidiabetic 
medication dispensing 

Age of 40-89 at the first antidiabetic 
medication dispensing 

Exclusion criteria Exclusion criteria 
PCOS is registered in the dataset PCOS is registered in the dataset 
Pregnancy-obstetric code is registered in 
the dataset 

Pregnancy-obstetric code is registered in 
the dataset 

Those who died during the four-year 
follow-up period 

Those who had recorded cancer diagnosis 
of the studied sites back until 2010 (only 
for cancer rate analysis) 

Those who only collected antidiabetic 
drug once during the four-year follow-up 
period 

- 

SSN = Social Security Number; PCOS = polycystic ovary syndrome 

 

Among those who met the inclusion and exclusion criteria, we examined whether the 

laboratory tests specified in the valid clinical guideline (87) – HbA1c, blood glucose, 

LDL and HDL cholesterol, triglycerides, creatinine, and urine albumine, glucose and 

ketones – were performed each year following the first drug dispensing and in the three 

months preceeding the first drug dispensing. Due to the low number of LDL tests, we also 

included total cholesterol tests in the analyses. Laboratory tests were defined by their 

International Classification of Health Interventions (ICHI, OENO) codes used in Hungary 

(Table 5) (109). 
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Table 5: ICHI (OENO) codes of laboratory tests used in the analysis of laboratory tests 

among adult people with diabetes in Hungary (109) 

Laboratory test ICHI code 
HbA1c 28493, 28494 
Blood glucose 21310, 21312, 42144, 42145 
LDL cholesterol 21422, 42148 
HDL cholesterol 2142A, 42149 
Total cholesterol 21420, 42146 
Triglycerides 21411,42147 
Serum creatinine 21141,21143,42162,42164  
Urine albumine 22042 
Urine glucose 22200, 22201, 22550 
Urine ketones 22400, 22550 

HbA1c = Haemoglobin-A1c (glycated haemoglobin); LDL = Low-Density lipoprotein cholesterol; HDL = 
High-Density lipoprotein cholesterol; ICHI = International Classification of Health Interventions 
 

Table 6: Groups of people with diabetes according to drug dispensing during the follow-

up period in the analysis of laboratory tests among adult people with diabetes in Hungary 

(109) 

Name of group* Explanation 
INS-INS People with diabetes who only collected insulin 
INS-nonINS People with diabetes who first collected insulin, later also collected 

nonINS medication  
nonINS-INS People with diabetes who first collected nonINS medication, later 

also collected insulin 
METF-METF People with diabetes who only collected metformin 
SU-SU People with diabetes who only collected sulfonylurea  
METF-SU People with diabetes who first collected metformin and later also 

collected sulfonylurea and no other antidiabetic drugs 
SU-METF People with diabetes who first collected sulfonylurea and later also 

collected metformin and no other antidiabetic drugs 
METF-nonINS People with diabetes who first collected metformin and later also 

collected other nonINS medication and are not included in group 
METF-SU  

nonINS_other  People with diabetes who only collected nonINS medication and are 
not included in any of the groups METF-METF, METF-nonINS, SU-
METF, SU-SU, METF-SU  

*INS = insulin; nonINS = non-insulin; METF = metformin, SU = sulfonylurea 
ATC codes: INS = A10A; nonINS = A10B; METF = A10BA02; SU = A10BB 
ATC codes = Anatomical Therapeutic Chemical code 
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Based on drug dispensing, people with diabetes were grouped according to the ATC 

group of antidiabetic drugs they collected during the four-year follow-up period (Table 

6) (109). 

Descriptive statistical analysis was used to characterise the performance of laboratory 

tests. As part of this, we reviewed the proportion of laboratory tests performed in the three 

months preceding the first drug dispensing and during the four-year follow-up period. We 

calculated the percentage of patients who did not undergo any laboratory tests over this 

period. We also focused on tests performed in at least 3 different years over the four years 

considering that the next year’s follow-up test may be performed in the same year as the 

first drug dispensing (for example on day 364 instead of day 366) (109).  

Multivariate logistic regression analyis was used to examine the factors influencing the 

performance of laboratory tests in at least three different years. Due to the large sample 

size, the significance level was set at P<0.001. Independent variables included the sex, 

age at first drug dispensing and county of residence of the patient with diabetes, the year 

of first antidiabetic drug dispensing, group based on ATC codes of antidiabetic drugs 

dispensed during the four years, whether laboratory tests were performed in the three 

months preceeding the first antidiabetic drug dispensing, and the number of different 

years in which the patient collected antidiabetic drug during the four-year follow-up 

period (109). 

3.5.2. Analysis of associations between diabetes and cancer 

A retrospective cohort study was conducted utilizing the database to investigate the role 

of diabetes in cancer development. Inclusion criteria encompassed Hungarian citizenship, 

a valid SSN, and an age at inclusion date of at least 40 years and below 90 years. 

Individuals over the age of 40 were included in the study because the incidence of cancer 

before this age is very low. People aged 90 and over were excluded because the 

population size in this age group was very low. People with diabetes were identified based 

on the collection of antidiabetic drugs dispensed. To ensure accurate identification of 

incident diabetes cases, the study was restricted to patients whose first antidiabetic drug 

collection occurred in 2014 or 2015 (see Table 4). Since prescription records were 

available from 2010 onwards, we were able to verify that these patients had not received 

any prior antidiabetic drugs between 2010 and 2013. This approach, as in case of the 
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analysis of laboratory tests, allowed for a high degree of confidence that diabetes 

diagnosis occurred in 2014 or 2015. The date of the first dispensing was considered as 

the date of initial diabetes diagnosis. For individuals within the diabetes cohort, this date 

served as the inclusion date for the study. For people without diabetes (control group), 

the inclusion date was set as 1st January, 2014. As mentioned earlier, individuals with a 

pregnancy-obstetric code or a diagnosis of PCOS documented in their primary care or 

specialty care records at any time during the study period were also excluded. Finally, for 

cancer rate analysis only, individuals with recorded cancer diagnosis at the studied sites 

prior to their inclusion date (dating back to 2010) were excluded from the analysis, too 

(see Table 4) (79). 

Six cancer sites were chosen to explore the relationship between the two diseases. We 

wanted to study cancer sites that were sufficiently presumed to be associated with diabetes 

(pancreas and liver), or which are relatively common, mostly primary cancer localisations 

– for accuracy of diagnosis – most of which are screenable and some of which are sex-

related (colorectal, kidney, breast and prostate).  The date of cancer diagnosis was 

determined as the date of the first relevant ICD code recorded in outpatient or inpatient 

specialty care. The analysis encompassed all ICD codes for cancer and specifically 

focused on six cancer sites (colorectal: C18-C21, liver: C22, pancreatic: C25, breast 

(female): C50, prostate: C61, and kidney cancer: C64).  

Time to cancer diagnosis was calculated from the inclusion date, defined as the date of 

the first antidiabetic drug dispensing for people with diabetes and 1st January, 2014, for 

the control group. Study individuals were followed until death or the end of the study 

period, 31st December, 2021, using both administrative and mortality data (79).  

In cancer rate analysis, the focus was on identifying the first diagnosis of cancers at 

various sites occuring after the inclusion date. Descriptive statistics were used to 

characterize the study population. Time to cancer diagnosis (for all cancer, and by cancer 

site) was analyzed using univariate Cox regression, comparing the group with diabetes to 

the control group. Analyses were stratified by age group (40-54 years, 55-69 years, and 

70-89 years) and sex. Results were presented in a Forest plot. Multivariate Cox regression 

analyses were conducted to investigate time to cancer diagnosis (all cancer, and by cancer 

site) using diabetes status, age (as continuous variable), and sex as independent variables. 

Hazard ratio (HR) values for each cancer site in people with diabetes were determined, 
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stratified by sex and age, using the Cox proportional hazard regression model. 

Interactions between diabetes status and age, and between diabetes status and sex, were 

included in the model when statistically significant. Other potential influencing factors, 

such as obesity or smoking, were not included in the analyses due to lack of related data.  

Due to the large sample size, a significance level of 1% was adopted (consistently, 99% 

confidence intervals are presented). However, for interactions within the multivariate Cox 

model, a significance level of 5% was used (79). 

For analysing the timely relationship between diabetes and cancer, the time to first cancer 

diagnosis was investigated both retrospectively and prospectively with respect to the 

inclusion date. We examined the yearly incidence of cancer diagnosis from three years 

before the inclusion date to six years after the inclusion date. The retrospective period 

was limited to three years due to data availablility constraints prior to 2011. The 

prospective period extended to six years, encompassing the maximum follow-up time for 

patients who collected prescribed antidiabetic drugs on 31st December, 2015. For the 

retrospective period, the denominator of cancer incidence rates included all study 

individuals. For the prospective period, the denominator was adjusted at each timepoint 

to include only those individuals who were still at risk, excluding those who had died or 

been diagnosed with cancer prior to that time point (79). 
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4. RESULTS 

4.1.Results of the analysis of laboratory tests among adult people with diabetes 

A total of 128,115 people with diabetes met the inclusion and exclusion criteria of the 

analysis laboratory tests among adult people with diabetes. Those who could be followed 

for four years from the first dispensing of an antidiabetic drug were primarily from the 

60-69 age group (34.3%), but the 50-59 age group was also well represented (28.4%). 

The number of women was slightly higher, which can also be explained by the 

demographic composition of the basic population. It is noteworthy that the male 

population dominates the 40-49 age group, with a proportion of 61.8%. This may also be 

related to the fact that our study excluded women with a PCOS or pregnancy code and 

this could reduce the number of this female population (see Table 7) (109). 

 

Table 7: Number, age distribution, and proportion of women among people with diabetes 

followed for at least four years and who filled at least two antidiabetic drug prescriptions 

(109) 

First 
dispensing 

of an 
antidiabetic 

drug  Age (year) 

Number of patients (people) 

Age 
distribution 

(%) 

Proportion 
of females 

(%) Male Female All 
2014 40-49 3 112 2 027 5 139 15.1 39.4 

50-59 5 238 5 046 10 284 30.3 49.1 
60-69 5 287 5 996 11 283 33.2 53.1 
70-79 2 142 3 666 5 808 17.1 63.1 
80-89 456 967 1 423 4.2 68.0 
Total 16 235 17 702 33 937 100.0 52.2 

2015 40-49 3 084 1 940 5 024 15.9 38.6 
50-59 4 524 4 374 8 898 28.1 49.2 
60-69 4 939 5 799 10 738 33.9 54.0 
70-79 2 131 3 600 5 731 18.1 62.8 
80-89 358 881 1 239 3.9 71.1 
Total 15 036 16 594 31 630 100.0 52.5 

2016 40-49 3 261 1 952 5 213 16.2 37.4 
50-59 4 516 4 236 8 752 27.3 48.4 
60-69 5 229 6 061 11 290 35.2 53.7 
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70-79 2 131 3 532 5 663 17.6 62.4 
80-89 376 818 1 194 3.7 68.5 
Total 15 513 16 599 32 112 100.0 51.7 

2017 40-49 3 291 1 953 5 244 17.2 37.2 
50-59 4 409 4 026 8 435 27.7 47.7 
60-69 4 973 5 624 10 597 34.8 53.1 
70-79 1 962 3 123 5 085 16.7 61.4 
80-89 312 763 1 075 3.5 71.0 
Total 14 947 15 489 30 436 100.0 50.9 

Total 40-49 12 748 7 872 20 620 16.1 38.2 
50-59 18 687 17 682 36 369 28.4 48.6 
60-69 20 428 23 480 43 908 34.3 53.5 
70-79 8 366 13 921 22 287 17.4 62.5 
80-89 1 502 3 429 4 931 3.8 69.5 
Total 61 731 66 384 128 115 100.0 51.8 

 

Figure 1 shows the distribution of patients across medication dispensing groups. It can be 

seen that the proportion of patients taking metformin and/or sulfonylurea is slightly above 

50% in all cohorts (Figure 1) (109). 

      

 
Figure 1: Distribution of included patients by medication dispensing groups based on the 

four years following the first drug dispensing by cohort (109) 
INS = insulin; nonINS = non-insulin; METF = metformin, SU = sulfonylurea 
ATC codes: INS = A10A; nonINS = A10B; METF = A10BA02; SU = A10BB 
ATC codes = Anatomical Therapeutic Chemical code 
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Glucose testing was the most common type of test performed within the 3 months prior 

to the first drug dispensing (>75%), while other tests were performed less frequently. This 

was especially true for LDL cholesterol and urine albumin tests, which were performed 

with a frequency of less than 10%. The proportions were the same across the four cohorts, 

with the exception of HbA1c and LDL cholesterol. The use of HbA1c showed a clear 

increase, while the rate of LDL cholesterol testing, which was already low, decreased 

(Figure 2) (109). 

 

 
Figure 2: Proportion of laboratory tests performed within three months prior to the first 

dispensing of an antidiabetic drug by cohort (109) 

 

During the four-year follow-up period, two laboratory tests – LDL cholesterol and urine 

albumin tests – were not performed at all in a very high proportion (>70%) of people with 

diabetes. In addition, there was a significant increase in the proportion of patients who 

did not have LDL cholesterol tests in the pandemic-affected cohorts of 2016 and 2017. 

The missing rates for the other tests were 15% or less and did not change significantly 

between the different cohorts (Figure 3) (109). 
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Figure 3: Proportion of people with diabetes with no laboratory tests in the four years 

following the first dispensing of an antidiabetic drug by cohort (109) 

 

The occurrence of annual tests was assessed by the number of tests performed in at least 

three different years during the four-year follow-up period. Among laboratory tests, blood 

glucose and serum creatinine tests were the most frequently performed, occurring at least 

once in three or four different years in slightly over 70% of patients. HbA1c, urine 

glucose, and urine ketone tests were performed annually in 50-60% of patients. The rates 

of LDL cholesterol and urine albumin tests were very low. The impact of the pandemic 

is clearly visible in the 2016 and 2017 cohorts. The end of their four-year follow-up period 

is in 2020 and 2021, respectively, which may explain the decrease in test rates among 

them (Figure 4) (109). 

 
Figure 4: Proportion of people with diabetes who had laboratory tests performed in three 

or four different years during the four-year follow-up period by cohort (109) 
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We examined the drug prescription fulfillment habit of the people with diabetes included 

in the study. We found that approximately 13-14% of them who dispensed at least 2 

prescriptions did so only in the first year. The proportion of people with diabetes who 

dispensed medications in all four years of follow-up showed a slight increase across the 

four cohorts and reached nearly 70% during the pandemic years (109). 

When determining the factors influencing the performance of laboratory tests, we 

considered as the outcome variable those who had tests in at least 3 different years during 

the four-year follow-up (109). 

Women were 8.1% (urine albumin) to 28.9% (blood glucose) more likely to have various 

laboratory tests performed. By age group, the analyses showed that the youngest age 

group studied had significantly worse odds than the other age groups, with the exception 

of three test types. For these three laboratory tests (HbA1c, LDL cholesterol, urine 

albumin), the oldest group had the lowest frequency of perfomance of laboratory tests, 

but the 40-49-year-olds also had worse rates in these cases compared to the 50-79-year-

olds (Table 8) (109). 

The results by county show that laboratory tests are generally performed at a higher rate 

in the three rural counties with universites. The weakest results are seen in Heves, 

Komárom, Szabolcs-Szatmár-Bereg and Somogy counties, where most laboratory tests 

are significantly less frequent compared to the reference county, Bács-Kiskun (Table 8) 

(109). 

We found significant differences in the performance of laboratory tests based on the type 

of antidiabetic drugs people with diabetes were taking. The most favorable chances of 

testing compared to insulin-only therapy were in the insulin (INS) -non-insulin (nonINS), 

nonINS-INS, and metformin (METF) -nonINS groups, where the chances of having each 

test performed were significantly more favorable. There was a significantly lower chance 

of having tests performed if the person with diabetes was only taking metformin and/or 

only sulfonylurea. (Table 8). In these groups, we see significantly less favorable values 

for all laboratory tests compared to the reference group (insulin only) (109). 

The chances of having tests performed decreased with increasing calendar year of first 

dispensing of an antidiabetic drug. This may be related to the COVID-19 pandemic in 

2020 for the 2016 cohort and the 2020-21 pandemic years for the 2017 cohort. The 

Nagelkerke value, which indicates the strength of the model, was weak for all laboratory 
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tests, showing that other factors not included in our study had a significant impact on the 

performance of the tests (see Table 8) (109). 

 

 

Table 8: Results of logistic regression analysis of factors influencing the performance of 

laboratory tests in at least three different years in the 2014-2017 diabetes cohorts with 

people with diabetes aged 40-89 years who who filled at least two antidiabetic drug 

prescriptions and were followed for at least four years (109) 

Independent variables 

Laboratory tests 

HbA1c 
LDL 

choles-
terol 

HDL 
choles-

terol 

Total 
choles-

terol 

Trigly-
cerids 

Crea-
tinine 

Glucose 
Urine 
albu-
min 

Urine 
glucose 

Urine 
ketone 

 Sex (ref: male) 1.128 1.058 1.161 1.243 1.239 1.298 1.289 1.081 1.208 1.206 

A
ge

 (y
ea

r)
 

40-49 (ref.)  
50-59 1.111 1.059 1.153 1.235 1.233 1.303 1.283 1.074 1.303 1.301 

60-69 1.221 1.033 1.321 1.496 1.487 1.638 1.608 1.158 1.644 1.635 

70-79 1.119 0.997 1.365 1.543 1.527 1.848 1.772 1.064 1.725 1.727 

80-89 0.830 0.691 1.014 1.068 1.062 1.373 1.286 0.662 1.177 1.184 

C
ou

nt
y 

of
 re

si
de

nc
e 

Bács-Kiskun (ref)  
Baranya 1.155 1.162 1.103 0.991 0.997 1.130 1.017 2.215 1.304 1.285 

Békés 0.830 1.199 1.128 0.912 0.916 0.844 0.802 2.233 0.637 0.635 

Borsod-Abaúj-Zemplén 0.992 0.300 0.543 0.909 0.923 0.844 0.892 0.846 1.197 1.173 

Budapest 1.072 0.750 1.309 1.223 1.245 1.033 1.002 1.010 1.292 1.282 

Csongrád-Csanád 1.229 1.281 1.251 1.256 1.273 1.056 0.992 1.540 1.143 1.040 

Fejér 0.953 1.701 0.756 0.902 0.896 0.827 0.753 2.273 1.235 1.232 

Győr-Moson-Sopron 1.166 0.665 1.360 0.966 0.986 0.849 0.817 0.834 1.011 1.011 

Hajdú-Bihar 1.336 0.858 1.106 1.177 1.188 1.089 1.027 3.385 1.049 1.049 

Heves 0.851 0.487 0.877 0.832 0.832 0.857 0.893 1.046 0.793 0.792 

Jász-Nagykun-Szolnok 0.999 0.225 0.704 0.922 0.931 0.860 0.877 0.967 1.080 1.081 

Komárom 0.723 0.978 0.789 0.764 0.746 0.720 0.714 1.224 0.982 0.980 

Nógrád 0.581 0.984 0.589 0.740 0.747 0.663 0.638 1.460 1.082 0.984 

Pest 0.897 0.603 1.054 1.034 1.049 0.877 0.853 1.273 1.181 1.124 

Somogy 0.970 0.210 0.427 0.878 0.819 0.849 0.796 0.599 1.062 1.058 

Szabolcs-Szatmár-Bereg 1.023 0.138 0.855 1.042 1.063 1.018 0.932 1.118 0.791 0.794 

Tolna 0.615 0.595 1.139 1.009 1.036 0.936 0.802 3.529 1.223 1.037 

Vas 1.342 0.124 1.344 1.274 1.282 1.156 1.120 2.680 1.287 1.288 

Veszprém 0.891 1.510 0.860 0.831 0.832 0.829 0.810 2.072 1.186 1.106 

Zala 0.887 2.304 1.291 0.914 0.917 0.848 0.820 0.884 1.057 1.056 
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A
nt

id
ia

be
tic

 d
ru

g 
gr

ou
p 

du
rin

g 
th

e 
4-

ye
ar

 
fo

llo
w

-u
p 

INS-INS (ref)   
INS-nonINS 1.880 1.266 1.316 1.504 1.498 1.560 1.654 1.237 1.321 1.316 

nonINS-INS 2.219 1.405 1.328 1.620 1.622 1.901 2.143 1.162 1.596 1.598 

METF-SU 0.570 0.308 0.532 0.535 0.539 0.552 0.568 0.298 0.662 0.681 

METF-METF 0.613 0.384 0.594 0.599 0.601 0.608 0.601 0.348 0.730 0.749 

SU-SU 0.423 0.405 0.520 0.518 0.520 0.533 0.522 0.316 0.651 0.669 

SU-METF 0.495 0.380 0.539 0.526 0.533 0.538 0.552 0.263 0.659 0.678 

METF-nonINS 

2.311 0.943 1.392 1.706 1.712 1.794 1.994 0.998 1.633 1.632 

nonINS_other 1.661 1.017 1.297 1.536 1.537 1.627 1.669 0.950 1.482 1.479 

Y
ea

r o
f f

irs
t 

an
tid

ia
be

tic
 d

ru
g 

di
sp

en
si

ng
 2014 (ref)   

2015 0.866 0.649 0.961 0.916 0.915 0.931 0.915 0.928 0.941 0.947 

2016 0.825 0.584 0.931 0.860 0.864 0.884 0.854 0.864 0.917 0.929 

2017 0.699 0.590 0.819 0.701 0.704 0.730 0.695 0.755 0.763 0.780 

Pr
io

r 
la

bo
ra

to
ry

 
te

st
 adott laborvizsgálat volt 

a megelőző 3 hónapban  
(ref: nem volt) 

2.237 7.509 2.690 1.742 1.749 1.762 2.124 6.859 2.341 2.359 

N
um

be
r o

f d
iff

er
en

t 
ye

ar
s w

he
n 

an
tid

ia
be

tic
 

dr
ug

 d
is

pe
ns

in
g 

oc
cu

re
d 

du
rin

g 
th

e 
4-

ye
ar

 fo
llo

w
-u

p 

1 (ref)  
2 1.070 0.919 0.987 1.028 1.031 1.045 1.041 0.956 0.993 0.988 

3 1.819 1.077 1.166 1.269 1.270 1.314 1.350 1.236 1.230 1.222 

4 

3.448 1.447 1.544 1.842 1.833 1.801 1.857 2.240 1.556 1.527 

Constant 0.395 0.078 0.478 0.848 0.826 1.107 1.095 0.049 0.416 0.409 

Nagelkerke value indicating the strength 
of the model, R2 

0.248 0.202 0.165 0.124 0.125 0.119 0.136 0.213 0.130 0.126 

INS = insulin; nonINS = non-insulin; METF = metformin, SU = sulfonylurea; HbA1c = Haemoglobin-A1c 
(glycated haemoglobin); LDL = Low-Density lipoprotein cholesterol; HDL = High-Density lipoprotein 
cholesterol; ref = reference group; more favourable at p < 0.001 level; less favourable at p < 0.001 level; 
non-significant 
 

4.2. Results of the analysis of associations between diabetes and cancer 

Table 9 summarizes the descriptive statistics for the cancer rate analysis, separately for 

the control group and the group without diabetes. A total of 3 681 774 individuals 

(including both groups) were involved in the analysis. Importantly, none of these 

individuals had a prior cancer diagnosis before 2014 (control group) or before the date of 

their first antidiabetic drug dispensing (group with diabetes). Of the total, 3 595 237 

individuals did not fill any antidiabetic drug prescriptions during the observation period 

and were thus classified as the control group. The remaining 86 537 individuals filled 
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their first antidiabetic drug prescription in 2014 or 2015, constituting the group with 

diabetes. The proportion of males was comparable between the groups (45.6% in the 

control group and 46.7% in the group with diabetes). However, the group with diabetes 

exhibited a higher average age (61.4 years) and a greater proportion of individuals aged 

70 years and older (23.7%) compared to the control group (average age: 58.0 years; 70+: 

19.6%) (79). 

Cancer diagnosis was recorded during the observation period in 8.6% of the control group 

(males: 9.3%, females: 8.0%), and in 10.1% of the group with diabetes (males: 11.3%, 

females: 9.2%). The observed difference in cancer rate between the groups was primarily 

driven by the younger age group (40-54 years: for people with diabetes 5.4% vs. controls 

4.4%; 70-89 years: for patients with diabetes 12.7% vs. controls 12.4%). Among people 

with cancer diagnosis during the observation period, a higher proportion were male, and 

the average age was also higher in both the control group and the group with diabetes 

(Table 9) (79). 

The findings for site-specific cancers generally mirrored the overall results. For each 

cancer site, the proportion of individuals with a cancer diagnosis was consistently higher 

in the group with diabetes compared to the control group, including when stratified by 

sex. Furthermore, within both groups, for cancers relevant to both sexes (pancreatic, renal, 

kidney, liver and colon), the raw incidence of cancer diagnosis was higher in males (Table 

9) (79).  

 

 

 

Table 9: Characteristics of the study population for the analysis of associations between 

diabetes and cancer (79) 

Study  

group 
Characteristics 

All cancers 
Total Cancer rate (%) 

Not present Present 

Male Female All Male Female All Male Female All Male Female All 

Control 

Number of 

cases 

(people) 

All 1,485,620.0 1,800,861.0 3,286,481.0 152,862.0 155,894.0 308,756.0 1,638,482.0 1,956,755.0 3,595,237.0 9.3 8.0 8.6 

Age 

distribution 

(%) 

40-54 52.5 39.5 45.4 20.5 23.9 22.2 49.5 38.3 43.4 3.9 5.0 4.4 

55-69 34.4 37.0 35.8 53.3 45.8 49.6 36.2 37.7 37.0 13.8 9.7 11.5 

70-89 13.1 23.5 18.8 26.1 30.2 28.2 14.3 24.1 19.6 17.1 10.0 12.3 

Mean age (year) 55.3 59.5 57.6 62.8 63.0 62.9 56.0 59.7 58.0  
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Proportion of males 

(%) 
45.2 49.5 45.6 

Diabetes 

Number of 

cases 

(people) 

All 35,883.0 41,876.0 77,759.0 4,553.0 4,225.0 8,778.0 40,436.0 46,101.0 86,537.0 11.3 9.2 10.1 

Age 

distribution 

(%) 

40-54 34.5 24.0 28.9 14.3 14.9 14.6 32.3 23.1 27.4 5.0 5.9 5.4 

55-69 48.2 48.1 48.1 59.0 52.2 55.7 49.4 48.5 48.9 13.4 9.9 11.6 

70-89 17.3 27.9 23.0 26.7 32.9 29.7 18.4 28.4 23.7 16.4 10.6 12.7 

Mean age (year) 59.1 62.7 61.1 63.8 64.7 64.3 59.7 62.9 61.4 

 
Proportion of males 

(%) 
46.1 51.9 46.7 

Study 

group 
Characteristics 

Colorectal cancer 
Total Cancer rate (%) 

Not present Present 

Male Female All Male Female All Male Female All Male Female All 

Control 

Number of 

cases 

(people) 

All 1,662,161.0 2,027,258.0 3,689,419.0 37,386.0 33,168.0 70,554.0 1,699,547.0 2,060,426.0 3,759,973.0 2.2 1.6 1.9 

Age 

distribution 

(%) 

40-54 48.9 37.8 42.8 17.6 15.0 16.4 48.2 37.4 42.3 0.8 0.6 0.7 

55-69 36.2 38.0 37.2 51.5 44.1 48.0 36.5 38.1 37.4 3.1 1.9 2.4 

70-89 14.9 24.2 20.0 30.9 40.9 35.6 15.3 24.5 20.3 4.4 2.7 3.3 

Mean age (year) 56.2 59.9 58.2 64.1 66.3 65.1 56.4 60.0 58.3 

 Proportion of males 

(%) 
45.1 53.0 45.2 

Diabetes 

Number of 

cases 

(people) 

All 41,729.0 48,917.0 90,646.0 1,226.0 957.0 2,183.0 42,955.0 49,874.0 92,829.0 2.9 1.9 2.4 

Age 

distribution 

(%) 

40-54 31.6 22.8 26.8 13.7 9.8 12.0 31.1 22.5 26.5 1.3 0.8 1.1 

55-69 49.3 48.7 49.0 56.0 51.4 54.0 49.5 48.7 49.1 3.2 2.0 2.6 

70-89 19.1 28.6 24.2 30.3 38.8 34.0 19.4 28.8 24.5 4.4 2.6 3.3 

Mean age (year) 59.9 63.0 61.6 64.6 66.6 65.5 60.0 63.1 61.7 

 Proportion of males 

(%) 
46.0 56.2 46.3 

Study 

group 
Characteristics 

Liver cancer 
Total Cancer rate (%) 

Not present Present 

Male Female All Male Female All Male Female All Male Female All 

Control 

Number of 

cases 

(people) 

All 1,711,432.0 2,074,229.0 3,785,661.0 6,752.0 5,079.0 11,831.0 1,718,184.0 2,079,308.0 3,797,492.0 0.4 0.2 0.3 

Age 

distribution 

(%) 

40-54 47.9 37.2 42.0 19.3 18.7 19.1 47.8 37.1 42.0 0.2 0.1 0.1 

55-69 36.5 38.1 37.4 54.8 46.9 51.4 36.6 38.1 37.4 0.6 0.3 0.4 

70-89 15.6 24.7 20.6 25.9 34.4 29.5 15.6 24.7 20.6 0.6 0.3 0.4 

Mean age (year) 56.5 60.0 58.4 62.9 64.6 63.6 56.5 60.0 58.4 

 Proportion of males 

(%) 
45.2 57.1 45.2 

Diabetes 

Number of 

cases 

(people) 

All 43,350.0 50,305.0 93,655.0 335.0 187.0 522.0 43,685.0 50,492.0 94,177.0 0.8 0.4 0.6 

Age 

distribution 

(%) 

40-54 30.8 22.4 26.3 14.0 12.3 13.4 30.7 22.3 26.2 0.4 0.2 0.3 

55-69 49.4 48.6 49.0 60.0 57.8 59.2 49.5 48.6 49.1 0.9 0.4 0.7 

70-89 19.7 29.0 24.7 26.0 29.9 27.4 19.8 29.0 24.7 1.0 0.4 0.6 

Mean age (year) 60.1 63.1 61.7 63.9 64.5 64.1 60.2 63.1 61.8 

 Proportion of males 

(%) 
46.3 64.2 46.4 
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Study 

group 
Characteristics 

Pancreatic cancer 
Total Cancer rate (%) 

Not present Present 

Male Female All Male Female All Male Female All Male Female All 

Control 

Number of 

cases 

(people) 

All 1,710,135.0 2,070,193.0 3,780,328.0 7,838.0 8,598.0 16,436.0 1,717,973.0 2,078,791.0 3,796,764.0 0.5 0.4 0.4 

Age 

distribution 

(%) 

40-54 47.9 37.2 42.1 21.7 14.7 18.1 47.8 37.1 42.0 0.2 0.2 0.2 

55-69 36.5 38.1 37.4 50.4 43.1 46.6 36.6 38.1 37.4 0.6 0.5 0.5 

70-89 15.6 24.7 20.6 27.9 42.2 35.4 15.6 24.7 20.6 0.8 0.7 0.7 

Mean age (year) 56.5 60.0 58.4 62.9 66.6 64.9 56.5 60.0 58.4 

 Proportion of males 

(%) 
45.2 47.7 45.2 

Diabetes 

Number of 

cases 

(people) 

All 43,073.0 49,887.0 92,960.0 454.0 438.0 892.0 43,527.0 50,325.0 93,852.0 1.0 0.9 1.0 

Age 

distribution 

(%) 

40-54 30.9 22.5 26.4 15.0 8.9 12.0 30.7 22.4 26.2 0.5 0.3 0.4 

55-69 49.4 48.7 49.1 56.4 42.2 49.4 49.5 48.7 49.1 1.2 0.8 1.0 

70-89 19.7 28.8 24.6 28.6 48.9 38.6 19.8 29.0 24.7 1.5 1.5 1.5 

Mean age (year) 60.1 63.1 61.7 63.9 68.4 66.1 60.1 63.1 61.7 

 Proportion of males 

(%) 
46.3 50.9 46.4 

Study 

group 
Characteristics 

Breast cancer 
Total Cancer rate (%) 

Not present Present 

Male Female All Male Female All Male Female All Male Female All 

Control 

Number of 

cases 

(people) 

All NA 1,972,493.0 1,972,493.0 NA 49,271.0 49,271.0 NA 2,021,764.0 2,021,764.0 NA 2.4 2.4 

Age 

distribution 

(%) 

40-54 NA 37.8 37.8 NA 29.9 29.9 NA 37.7 37.7 NA 1.9 1.9 

55-69 NA 37.7 37.7 NA 44.8 44.8 NA 37.8 37.8 NA 2.9 2.9 

70-89 NA 24.5 24.5 NA 25.3 25.3 NA 24.5 24.5 NA 2.5 2.5 

Mean age (year) NA 59.9 59.9 NA 61.1 61.1 NA 59.9 59.9  

Diabetes 

Number of 

cases 

(people) 

All NA 47,366.0 47,366.0 NA 1,197.0 1,197.0 NA 48,563.0 48,563.0 NA 2.5 2.5 

Age 

distribution 

(%) 

40-54 NA 22.9 22.9 NA 16.1 16.1 NA 22.7 22.7 NA 1.7 1.7 

55-69 NA 48.3 48.3 NA 55.6 55.6 NA 48.5 48.5 NA 2.8 2.8 

70-89 NA 28.8 28.8 NA 28.3 28.3 NA 28.8 28.8 NA 2.4 2.4 

Mean age (year) NA 63.0 63.0 NA 63.7 63.7 NA 63.0 63.0  

Study 

group 
Characteristics 

Prostate cancer 
Total Cancer rate (%) 

Not present Present 

Male Female All Male Female All Male Female All Male Female All 

Control 

Number of 

cases 

(people) 

All 1,668,741.0 NA 1,668,741.0 28,904.0 NA 28,904.0 1,697,645.0 NA 1,697,645.0 1.7 NA 1.7 

Age 

distribution 

(%) 

40-54 49.0 NA 49.0 9.3 NA 9.3 48.3 NA 48.3 0.3 NA 0.3 

55-69 36.3 NA 36.3 54.8 NA 54.8 36.6 NA 36.6 2.5 NA 2.5 

70-89 14.7 NA 14.7 35.9 NA 35.9 15.0 NA 15.0 4.1 NA 4.1 

Mean age (year) 56.1 NA 56.1 66.2 NA 66.2 56.3 NA 56.3  

Diabetes 

Number of 

cases 

(people) 

All 42,086.0 NA 42,086.0 864.0 NA 864.0 42,950.0 NA 42,950.0 2.0 NA 2.0 
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Age 

distribution 

(%) 

40-54 31.7 NA 31.7 5.9 NA 5.9 31.2 NA 31.2 0.4 NA 0.4 

55-69 49.5 NA 49.5 60.2 NA 60.2 49.7 NA 49.7 2.4 NA 2.4 

70-89 18.8 NA 18.8 33.9 NA 33.9 19.1 NA 19.1 3.6 NA 3.6 

Mean age (year) 59.8 NA 59.8 66.1 NA 66.1 60.0 NA 60.0  

Study 

group 
Characteristics 

Kidney cancer 
Total Cancer rate (%) 

Not present Present 

Male Female All Male Female All Male Female All Male Female All 

Control 

Number of 

cases 

(people) 

All 1,704,542.0 2,069,533.0 3,774,075.0 9,193.0 6,250.0 15,443.0 1,713,735.0 2,075,783.0 3,789,518.0 0.5 0.3 0.4 

Age 

distribution 

(%) 

40-54 48.0 37.2 42.1 24.9 20.8 23.2 47.9 37.2 42.0 0.3 0.2 0.2 

55-69 36.5 38.1 37.4 49.6 47.2 48.6 36.5 38.1 37.4 0.7 0.4 0.5 

70-89 15.5 24.7 20.6 25.6 32.0 28.2 15.6 24.7 20.6 0.9 0.4 0.6 

Mean age (year) 56.5 60.0 58.4 62.0 63.9 62.7 56.5 60.0 58.4 

 Proportion of males 

(%) 
45.2 59.5 45.2 

Diabetes 

Number of 

cases 

(people) 

All 43,198.0 50,095.0 93,293.0 303.0 228.0 531.0 43,501.0 50,323.0 93,824.0 0.7 0.5 0.6 

Age 

distribution 

(%) 

40-54 30.8 22.4 26.3 20.1 17.5 19.0 30.7 22.4 26.2 0.5 0.4 0.4 

55-69 49.5 48.6 49.0 55.4 53.5 54.6 49.5 48.6 49.0 0.8 0.5 0.6 

70-89 19.7 29.0 24.7 24.4 28.9 26.4 19.8 29.0 24.7 0.9 0.5 0.6 

Mean age (year) 60.1 63.1 61.7 62.7 63.5 63.1 60.1 63.1 61.7 

 Proportion of males 

(%) 
46.3 57.1 46.4 

 

Figure 5 depicts the HRs for time to cancer diagnosis in the group with diabetes compared 

to the control group, stratified by subgroup (based on univariate Cox proportional hazards 

model). All point estimates for the HRs exceed 1.0. Furthermore, for most cancer sites 

and subgroups, even the lower limit of the 95% confidence interval (CI) also exceeds 1.0, 

stongly suggesting an increased risk of cancer diagnosis in the group with diabetes across 

most investigated subgroups (defined by sex and age). Regarding age, the presence of 

diabetes demonstrated the most pronounced increase in cancer risk in the youngest age 

group (40-54 years) for all cancer sites except breast cancer.  Consistently: with the 

exception of breast and pancreatic cancer, for each cancer site, the increase of cancer risk 

associated with diabetes was least pronounced in the oldest age group (≥ 70 years). When 

examining sex-specific differences within cancer sites that affect both sexes, there is no 

consistent pattern for HR within the males vs within the females. The HRs were similar 

for colorectal cancer, higher in males for liver (and pancreatic) cancer, and higher in 

females for kidney cancer (Figure 5) (79). 
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Figure 5: Forest plot: The role of diabetes status in the development of cancer by cancer 

sites and subgroups using univariate Cox proportional hazard model (HR and 99% CI,   

based on univariate Cox regression separately for each cancer site and subgroup; 

modelled time to cancer diagnosis with diabetes status as sole independent variable (79) 
.  
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In the multivariate analysis, in all cancer sites, all investigated independent variables 

(diabetes, age, sex [where applicable]) significantly influenced the time to cancer 

diagnosis. The presence of diabetes, higher age, and sex of male (where applicable) are 

risk factors in developing cancer. The highest risk associated with diabetes was observed 

for pancreatic cancer (HR=2.294, 99% CI: 2.099; 2.507) and liver cancer (HR=1.830, 

99% CI: 1.631; 2.054); with the lowest but still significant risk was observed for breast 

cancer (HR=1.137, 99% CI: 1.055; 1.227) and prostate cancer (HR=1.171, 99% CI: 

1.071; 1.280). Females exhibited a significantly lower risk of cancer development 

compared to males: the HRs for sex range from 0.470 (kidney cancer) to 0.718 (pancreatic 

cancer). Age significantly increased the risk of cancer diagnosis: one year of age 

increment increases the risk of cancer diagnosis with 1.7% (breast cancer) to 8.3% 

(prostate cancer) (Table 10) (79). 

 

Table 10: Results of the Cox proportional hazard regression analysisa (79) 

Cancer site 

Independent variables 

Sex (ref: male) Age (continuous) 
Presence of diabetes  

(ref: control) 

Hazard 

ratio 
Sig. 

Conf.int (99%) Hazard 

ratio 
Sig. 

Conf.int (99%) Hazard 

ratio 
Sig. 

Conf.int (99%) 

lower upper lower upper lower upper 

All sites 0.697 *** 0.690 0.703 1.045 *** 1.045 1.045 1.223 *** 1.189 1.258 

Colorectal 0.568 *** 0.557 0.579 1.059 *** 1.058 1.060 1.300 *** 1.229 1.375 

Liver 0.503 *** 0.479 0.527 1.048 *** 1.046 1.050 1.830 *** 1.631 2.054 

Pancreatic 0.718 *** 0.690 0.748 1.055 *** 1.053 1.057 2.294 *** 2.099 2.507 

Breast (female) NA 1.017 *** 1.016 1.018 1.137 *** 1.055 1.227 

Prostate NA 1.083 *** 1.082 1.084 1.171 *** 1.071 1.280 

Kidney 0.470 *** 0.451 0.491 1.043 *** 1.041 1.044 1.442 *** 1.287 1.616 

aBased on multivariate Cox regression separately for each cancer site; modelled time to cancer diagnosis 

with independent variables of diabetes status, age (as continuous variable), and sex (where applicable).  

*** p<0,001  

 

The interaction of diabetes with sex (if applicable) and with age was also investigated for 

each cancer site and overall. At a 1% significance level, no significant sex-specific 

differences were observed in the influence of diabetes on cancer risk across any cancer 

site. However, at the 5% significance level, for kidney cancer, diabetes conferred a higher 

risk increase in females (ratio of hazard ratio [RHR] = 1.257; at age 40, HR females: 

2.478, HR males: 1.972). Conversely, for liver cancer, the presence of diabetes decreased 
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the risk of cancer diagnosis less for females (RHR = 0.831; at age 40, HR females: 2.126, 

HR males: 2.559). Regarding age, at a 1% significance level, the presence of diabetes 

increased the risk of cancer diagnosis less as age increases for kidney, prostate, and colon 

cancer. This effect was most prominent for kidney cancer, with an RHR of 0.843 per 10-

year increase in age (e.g., for females, HR at age 40: 2.478, at age 50: 2.090). In contrast, 

the presence of diabetes increased the risk of diagnosis of pancreatic and breast cancer 

similarly across all ages (Table 11) (79). 

 

Table 11: Interaction of sex and age with the presence of diabetesa (79) 

 sex * diabetes age * diabetes 

Cancer site ratio of 

HR 
Sig. 

95,0% CI for ratio of 

HR ratio of 

HR 
Sig. 

95,0% CI for ratio of 

HR 

 Lower Upper Lower Upper 

All sites ns 0,994 *** 0,992 0,996 

Colorectal ns 0,991 *** 0,987 0,995 

Liver 0,831 * 0,691 0,999 0,989 * 0,981 0,998 

Pancreatic ns ns 

Breast (female) NR ns 

Prostate NR 0,989 ** 0,982 0,995 

Kidney 1,257 * 1,053 1,499 0,983 *** 0,975 0,991 

* p<0,05; ** p<0,01; *** p<0,001  
reference sex: male 

HR: hazard ratio                 
ns: non-significant                 
NR: non-relevant 
aBased on multivariate Cox regression separately for each cancer site; modelled time to cancer diagnosis with independent 

variables of diabetes status, age (as continuous variable), and sex (where applicable); interaction of diabetes status with age 

and with sex (where applicable) was included, unless not statistically significant.  

 

As for the temporal relationship between diabetes and cancer, the year of the first 

appearance of cancer diagnosis relative to the inclusion date has also been analyzed. This 

analysis also included individuals who had a pre-existing cancer diagnosis prior to the 

inclusion date, provided they were still alive at the inclusion date.  As in the previous 
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analyses, the control group comprised individuals who did not fill any prescribed 

antidiabetic drug prescriptions during the observation period. The group with diabetes 

included those who filled their first antidiabetic drug prescription between 1st January, 

2014 and 31st December, 2015. Consistently with the previous analysis, the inclusion 

date was set as 1st January, 2014 for the control group, and the date of the first antidiabetic 

drug dispensing for the group with diabetes. We investigated the yearly incidence of 

cancer diagnosis from three years prior to the inclusion date to six years after the inclusion 

date (79).  

Figure 6a-g illustrates the annual incidence of cancer diagnosis for each year before and 

after the inclusion date. In both the control group and the group with diabetes, regardless 

of the specific cancer site, the incidence exhibited an initial increase prior to the inclusion 

date, culminating in a peak in the year following the inclusion date. The rate of increase 

over time was notably higher in the group with diabetes. In the year following the 

inclusion date, the incidence reached 114 / 10,000 population in the control group 

compared to 195 / 10,000 population in the group with diabetes. Subsequently, the 

incidence in the control group remained relatively stable (109 / 10,000 – 113 / 10,000), 

while the incidence in the group with diabetes declined towards the control group level, 

but remaining consistently higher (128 / 10,000 -143 / 10,000). This pattern was observed 

across most cancer sites, with the peak incidence in the year following inclusion being 

most pronounced for pancreatic and liver cancer. Breast cancer exhibited a distinct 

pattern, with no pre-inclusion increase in the control group and a subsequent concergence 

of incidence rates between the two groups. Similarly, in prostate cancer, the incidence 

rates in the group with diabetes converged with those of the control group starting from 

four years after the inclusion date (79). 
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6a All cancer sites 

 
6b Colorectal cancer   6c Liver cancer 

 
6d Pancreatic cancer   6e Breast cancer 
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6f Prostate cancer   6g Kidney cancer 

 
Figure 6a-g: Incidence of cancer for 10,000 individuals in the years before and after the 

inclusion date – for all cancer sites and by cancer site (79) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



45 
 
 

5. DISCUSSION 

5.1. Analysis of laboratory tests among adult people with diabetes 

Using the NHIFA database, we conducted a retrospective cohort study to analyze the 

laboratory test utilization among people with diabetes, in accordance with the 

recommendations of the national professional guidelines in effect during the study period 

(87,89–91). In this context, we determined the proportion of laboratory tests performed 

during the observation period, and identified the factors influencing the performance of 

laboratory tests. Our results were interpreted in collaboration with general practitioners 

and representatives of various professions involved in diabetes care. A total of 128,115 

patients were included in the study. Over 70% of them underwent blood glucose and 

serum creatinine testing in at least three different years over the four-year period, while 

HbA1c, urine glucose, and urine ketone testing were performed in 50-60% of patients. 

Less than 30% underwent LDL cholesterol and urine albumin testing within four years 

following the first antidiabetic drug dispensing. The impact of the pandemic was evident 

in a decrease in testing rates during 2020-2021. Testing was less likely in males, younger 

age groups, and those taking only metformin and/or sulfonylureas. The results showed a 

declining trend over time (109).  

The laboratory tests related to diabetes care that we were able to examine cover four of 

the nine key care elements recommended by NICE (86) and only a fraction of the 

corresponding physical examination and laboratory evaluation elements that can be 

matched to these in the ADA standards (88). Among the laboratory tests examined, the 

low performance rates of LDL cholesterol and urine albumin tests are striking. This is 

probably not just a national peculiarity, as the registration of albuminuria and LDL 

cholesterol shows the lowest rates in the Swedish National Diabetes Register (even so, 

albumin is above 64% in primary care and above 80% in specialist care every year 

between 2014 and 2018, and LDL is above 70% and 78% accordingly) (110) and the 

urine albumin in the National Diabetes Audit of England and Wales (65.4% in 2014/15, 

which has been steadily decreasing, falling below 50% by 2017/18) (86), as well as in a 

large-scale Italian study covering 2018 (34.3% of all diabetics, but 62.6% of those 

requiring specialist care) (111). However, even these values are much better than the 

Hungarian data, according to which neither urine albumin nor LDL cholesterol tests were 
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performed even once in the four years of follow-up in nearly 70% of people with diabetes 

(Figure 3). One explanation for the low rate of LDL cholesterol tests could be that it is 

not one of the tests that can be ordered by general practitioners (112), but this is not the 

case for ordering urine albumin tests (109). 

The low rate of albuminuria screening, compared to the databases described above, 

deserves particular attention for three reasons. Firstly, diabetic kidney disease, which is a 

precursor to cardiovascular events and renal replacement therapy, affects approximately 

40% of people with diabetes. Secondly, diabetic kidney disease can only be detected in a 

third of cases through abnormal albuminuria. Thirdly, new treatment options have 

emerged in recent years (SGLT2 inhibitors, finerenone, GLP-1 agonists) that can improve 

the prognosis of these patients (87). Based on these, screening for abnormal albuminuria, 

early detection and treatment of diabetic kidney disease can lead to improved patient 

survival and avoidance of dialysis. It should be noted that two additional parameters 

potentially indicating kidney disease, the estimated glomerular filtration rate (eGFR) and 

the urine albumin-creatinine ratio, which is an extension of the urine albumin test, could 

not be examined in our study due to the lack of specific OENO codes in the available 

administrative data. However, the professional guidelines used in our analysis mention 

the determination of both the eGFR and microalbuminuria as necessary and non-optional 

tests. For the other tests, the proportion of people with diabetes who did not have a single 

test in the four years of follow-up remains below 15%, but the proportion of those who 

had the HbA1c test performed at least in three different years, which is necessary for the 

prescribing and monitoring of blood sugar-lowering therapy, is only between 50-60% 

(Figure 4). In comparison, the Swedish and English audits show results above 90% every 

year since 2014 in this regard (86,110). This is also true for those participating in 

specialist care in the aforementioned Italian study (91.1%), but the proportion is only 

62.7% when considering all people with diabetes (111). It can be seen that blood glucose 

tests are performed in nearly 70% of cases in the three months preceding the initiation of 

antidiabetic therapy (Figure 2), and the proportion of those who undergo at least three 

blood glucose tests during the four years of follow-up is also around 70% (Figure 4). 

However, this only shows the rate of testing, and we cannot be sure whether the test was 

performed as part of diabetes care or whether its result had an impact on antidiabetic 

therapy. Despite the fact that clinical guidelines clearly recommend considering HbA1c 



47 
 
 

values for both therapy initiation and monitoring, our data does not include blood glucose 

measurements performed locally by providers (as point of care tests) or by patients 

themselves, nor does it include tests performed in the private sector (109). 

The primary care performance mesurement, which now includes indicators for blood 

lipids, HbA1c, and since 2023, microalbumin tests as part of diabetes care and 

management, seems to support the performance of laboratory tests to a greater extent 

(113). It is likely that the indicator system in the financing of general practitioners, which 

has been given a much stronger emphasis since 2023 and which also includes some of the 

tests for the care of people with diabetes, will also improve the compliance of diabetes 

care. However, this also requires the settlement of the laboratory fund, as without this, 

the increased demand for additional tests, which mainly occurs in outpatient care, can 

cause serious financing difficulties for outpatient clinics, which can lead to longer waiting 

times and reduce the chance that the patient will attend the test despite the general 

practitioner's referral. As an alternative option, the patient could have the test performed 

in the private sector, but this would not be reflected in the publicly funded administrative 

data, and it is doubtful whether it could be included in the general practitioner's indicator 

values. The ability to prescribe drugs in the EESZT, despite its many advantages, can 

reduce the number of doctor-patient encounters, and thus the chance of prescribing or 

performing various tests (109). 

Taking the performance of each laboratory test in at least three different years as the 

outcome variable, we further analyzed the measurable factors influencing the 

performance of the tests using logistic regression, which revealed three significant 

associations (Table 8). In terms of age, our results highlighted the vulnerability of the 

youngest age group studied, the 40–49-year-olds. In fact, with the exception of the oldest 

age group, the tests are performed the least in this age group, which is particularly 

important information given that excess mortality compared to the control population is 

highest in younger age groups and the trend of increasing overall mortality is also most 

pronounced among them (68,69). The same association is also true for the risk of heart 

attack and stroke (75), as well as certain cancers (79). All of these results should also be 

examined and evaluated in the light of the fact that for the working-age, younger age 

group, an important screening point falls out of the patient pathway, as the previously 
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mandatory occupational health examinations were abolished with the amendment of Act 

XCIII of 1993 at the end of 2023 (109). 

In terms of the antidiabetic drug groups used, it can be seen that laboratory tests are most 

often omitted among those treated with metformin and/or sulfonylureas. Since these two 

drug groups are the ones that general practitioners can prescribe without specialist 

consultation, it can be assumed that the omission of laboratory tests is more pronounced 

among people with diabetes treated in primary care, and draws attention to the need to 

strengthen the role of primary care in diabetes care. One of the elements of this is the need 

to clarify the division of tasks between primary care and specialist care, as the practice of 

this varies depending on the provider and the district - this is also evident in the variability 

of the county-level results. The current national clinical guideline recommends 

specialized diabetological care for Type 1 diabetes and those with advanced 

complications (87), but even in these cases, the nature of general practitioner 

involvement, coordination of cooperation with specialists involved in complications, and 

the care of cases that do not have advanced complications but require antidiabetic drugs 

prescribed by a specialist are still questionable (109). 

All of this actually means the development of integrated care instead of the current 

fragmented care, for which there have been numerous initiatives worldwide in the last 

decade and even currently. Integrated care includes 16 components in five main areas: 

service delivery, decision support, self-management support, information technology and 

technology, and social and community resources (114). Numerous examples of its 

implementation are available at European level on the European Union's portal on this 

topic (115), in Diabetes UK care (116,117), and in the publication of The Lancet 

Commission in terms of strategy and policy development (84), (109). 

Among the factors influencing the performance of laboratory tests, it is also worth 

mentioning the deteriorating trend over time. Taking the results of the 2014 cohort as a 

reference, a continuous deterioration can be detected in the results of the following years. 

This can only be partially explained by the COVID-19 pandemic, as the deterioration was 

already present in the 2015 cohort, and the impact of the pandemic can only be projected 

onto the fourth year of the 2016 cohort and the third and fourth years of the 2017 cohort. 

The COVID-19 pandemic has particularly affected people with diabetes, with higher rates 

of hospitalisation and death compared to those without diabetes, and in this, good blood 
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glucose control was of particular importance (12,84,118,119). The challenges of caring 

for people with diabetes have been felt in several areas, including the suspension of 

outpatient care, reduced inpatient capacity, human resource shortages, drug shortages, 

unaffordable drugs, delayed seeking medical attention, limited self-management 

practices, transportation difficulties, and undiagnosed cases and events (120). A decrease 

in the number of face-to-face doctor-patient encounters has been observed worldwide 

(118,121,122), and this may have also affected the performance of laboratory tests. This 

is clearly evident in the Hungarian data for the 2016 and 2017 cohorts. A decrease of 

14.2-15.2% was detected in Japan (122) and 1.9-8.8% in the southeastern United States 

(121), while the Swedish Diabetes Register data shows a slight decrease in the 2020s 

(110), and in the National Diabetes Audit of England and Wales, no decline is observed 

in the performance of tests other than the already declining performance of urine albumin 

(86). We note that the impact of the COVID-19 pandemic on access to antidiabetic drugs 

was not as limited as access to laboratory tests due to the e-prescription of medication, 

which became a common practice during this period (109). 

Care delivery and treatment in accordance with clinical guidelines improves healthcare 

outcomes (123,124), and monitoring based on registers and clinical audits also provides 

an opportunity to develop appropriate quality improvement measures and, at a higher 

level, strategies and programs related to care. Although in our study we were only able to 

analyze a few elements of the adequacy of diabetes care based on administrative data, the 

results can still be used to formulate numerous development proposals. Strengthening the 

role of primary care in diabetes care can be supported by the development of integrated 

care, but its individual elements can also be forward-looking in themselves. Through 

automated solutions integrated into the general practitioner's information system, 

notifications can be sent about when the necessity of regular tests of a person with 

diabetes becomes timely or when test results exceed the treshold. Clarification of roles 

and responsibilities, even through the development of care organisation guidelines, would 

result in coordinated work between the professions involved and fewer patients falling 

out of the regular care process. In this context, it is worth considering the review of the 

range of tests and the range of antidiabetic drugs that can be prescribed by general 

practitioners, at least in cases where the general practitioner has other relevant specialist 

qualifications or licenses. Active involvement of people with diabetes and their relatives 
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in the care process, increased responsibility, and the development of various self-

management opportunities would result in a patient-centered, individualized and effective 

care process. This naturally also presupposes a complex reconsideration and renewal of 

patient education activities (109). 

Another way to improve diabetes care in Hungary is to introduce a comprehensive 

assessment system. There is currently no systematic quality assessment in Hungary to 

monitor diabetes care, and there is also no registry of adults with diabetes. However, using 

the possibilities of the EESZT, it would be possible to carry out real-time assessments 

and feed back the results to the providers, the profession and the decision-makers, solely 

from the data generated during patient care, i.e. without any additional administrative 

burden. As can be seen, even with the existing administrative data, a closer picture can 

be gained of diabetes care in Hungary, which can be developed into a complete registry 

and even a national audit by making clinical parameters analyzable and registering 

interventions related to care that go beyond laboratory tests by coding them. This would 

allow not only the analysis of the performance of individual tests, but also the assessment 

of the effectiveness of care activities, with the possibility of evaluating therapeutic target 

values. 

However, when evaluating the results of our study, a number of limitations must also be 

taken into account. We worked with administrative data, but these did not include events 

that took place in private care and "point of care" tests performed at providers. We also 

have no information about care elements prescribed by providers but not ultimately 

performed due to capacity shortages. Similarly, we could not identify missed tests 

resulting from non-adherence and comoliance issues of newly diagnosed patients. The 

antidiabetic drugs examined did not include those that are not publicly fund, but this did 

not weaken the results from the point of view of the research objective. Those identified 

as people with diabetes did not include those who only collected antidiabetic drugs once, 

but this would only be a real problem when reporting incidence data. Those who died 

during the four-year follow-up period were excluded from our study, so our research 

focused more on healthier, better-conditioned people with diabetes. The range of 

indicators that could be examined was limited by the fact that we only saw the 

performance of laboratory tests, not the results themselves (109). 
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5.2. Analysis of associations between diabetes and cancer 

We analyzed the relationship between diabetes and cancer for the whole Hungarian 

population using the NHIFA database from the period of 2010-2021.   

Multivariate analysis for each cancer site demostrated a significantly higher risk of cancer 

in the group with diabetes compared to the control group. This association was most 

pronounced for  pancreatic and liver cancer, the two cancer sites in which diabetes has 

been shown to play the greatest role (92). While Tsidilis et al. reported significant 

association between diabetes and cancer only for breast and colorectal cancer (125), 

numerous other reviews and national studies have supported an increased cancer risk 

associated with diabetes across cancer sites. Although these studies vary slightly in their 

research design and statistical analyses, their findings generally seem to be more or less 

comparable (79). 

Our findings for liver cancer align with that of Ling et al. (126), although other studies 

reported higher HR values than ours (93,95,108,127–129). For kidney cancer, our results 

are not substantially different from that of previous studies (93,95,108,126–129), as are 

our findings for colorectal (93,95,108,126–129) and breast cancer  (93,95,108,126–130), 

(79). 

Our analysis revealed the strongest association between diabetes and pancreatic cancer 

among all cancer sites investigated. While the majority of previous studies support a 

significant association (93,95,108,126,128,129), the UK Biobank Study reported a 

considerably lower risk (127), whereas Zhang et al. observed a substantially higher risk 

(131), (79). 

Most studies have shown an inverse association between diabetes and prostate cancer, 

suggesting reduced risk (93,95,108,127–129,132,133). This finding contradicts our 

results, which demonstrate a significant positive association, though the HR for prostate 

cancer was indeed the lowest of all cancer sites (HR 1.17, 99% CI: 1.07 ;1.28).  Xu et al. 

also reported a decreased risk of prostate cancer, the relative risk was a little bit stronger 

for low grade and localised disease (132).  Interestingly, Hong et al. even observed a 

significant positive association between diabetes and high-grade prostate cancer, which 

disappeared when analyzing the association between diabetes and low-grade prostate 

cancer (134). The Ohsaki Cohort Study similarly found an increased risk of advanced 

prostate cancer among people with diabetes (135). These divergent findings suggest that 
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the strength and direction of the association between diabetes and prostate cancer may 

vary depending on factors such as cancer grade and stage. Notably, Kasper et al. observed 

a weaker inverse association between diabetes and prostate cancer in the pre-Prostate-

Specific Antigen (PSA) testing era compared to the PSA era (136), suggesting that 

screening practices may influence these findings. Our results may also be due to a 

possibly higher proportion of advanced prostate cancer cases in our cohort. It is important 

to note that one previous study, conducted in an Asian population, demonstrated a positive 

association between diabetes and prostate cancer, aligning with our findings (137),  (79). 

Based on the multivariate analyses, across all cancer sites, age and sex (where applicable) 

significantly influenced time to cancer diagnosis: besides the presence of diabetes, higher 

age, male sex (if applicable) are risk factors in developing cancer. Age as a risk factor for 

cancer is generally known (138,139) and although the mechanism is not clear, the higher 

risk of male sex is also long known evidence (140–142),  (79). 

Our study also investigated sex-specific differences in the diabetes-cancer association. 

No significant sex-specific intercations were observed for most cancer sites. Specifically, 

for pancreatic and colorectal cancer, there was no difference between males compared to 

females, suggesting that the presence of diabetes influences the risk of cancer diagnosis 

the same way for males and females. For kidney and liver cancer, we found significant 

difference (only at 5% significance level): for kidney cancer, the presence of diabetes 

conferred a significantly higher risk increase in females, whereas for liver cancer, the 

diabetes-associated risk reduction was less pronounced in females. These findings 

partially align with those of Ohkuma et al., who observed a slightly higher excess cancer 

risk associated with diabetes in females, although the direction and magnitude of sex 

differences varied across cancer sites. Notably, our findings for kidney and liver cancer, 

concur with their observations (97). For liver cancer, similar result was also shown by 

Fang et al. (143), (79). 

One of our key findings pertains to the significant interaction between age and diabetes 

in influencing cancer risk. Multivariate analysis, incorporating age as continuous 

variable, revealed that for kidney, prostate, and colon cancers, the presence of diabetes 

increases the risk of cancer diagnosis less and less as age increases. This effect was most 

pronounced for kidney cancer, where the RHR for ten years of increase in age is 0.843 

(eg, for females, HR at age 40: 2.478, at age 50: 2.090). A marginal interaction (at 5%) 
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was observed for liver cancer. The univariate analysis supported these findings, 

demonstrating that diabetes conferred the highest cancer risk in the youngest age group 

(40-54 years) for these four cancer sites, and the lowest risk in the oldest age group (≥70 

years). This aligns with previous research. Tseng et al. observed the strongest association 

between diabetes and prostate cancer in the youngest age group (40-64 years) (144), while 

Yang et al. reported the highest relative risk for overall and gastrointestinal cancers 

among patients diagnosed with Type 2 diabetes before the age of 50 (145). In contrast, 

for pancreatic and breast cancer, there was no significant interaction observed between 

the presence of diabetes and age as continuous variable. For pancreatic cancer, the 

univariate analysis did not reveal a linear relationship between age and risk, although the 

highest HR was observed in the youngest age group. For breast cancer, there is no relevant 

difference in HR across the 3 age groups. To further investigate the impact of age on 

breast cancer risk, future studies may benefit from analyzing pre- and postmenopausal 

women separately (79).    

To investigate the temporal relationship between diabetes and cancer, we analyzed cancer 

diagnoses occurring between 2011 and 2021. We defined 2011 as the earliest possible 

date of cancer diagnosis inclusion, as all cancer cases recorded in 2010, the first year for 

which we had data, appear as new cases. Across all cancer sites, the incidence of cancer 

was consistently higher in the group with diabetes throughout the study period. In the 

period before the reference year, the incidence of cancer is lower than the actual observed 

incidence rate because only patients who were still alive in the reference year were 

included. The difference in cancer incidence between the control group and the group 

with diabetes might be influenced by factors such as differences in age distribution 

between the two groups, among other factors. As a result, the rate increases from 2011 

until the year after the reference year, nevertheless, it is worth mentioning that the rate of 

increase over time is relevantly higher in the group with diabetes until the year after the 

reference year (79). 

Our findings on temporality are consistent with those of Lega et al. as they also observed 

an elevated cancer risk in the group with diabetes prior to diabetes diagnosis. While Lega 

et al. assessed risk over a 10-year pre-diagnosis period, our year-by-year analysis 

highlighted a prominent increase in cancer incidence in the years immediately preceding 

diabetes diagnosis. Although our follow-up period was shorter, both our study and that of 
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Lega et al. demonstrated a higher cancer incidence in the period immediately following 

diabetes diagnosis for pancreatic, liver, colorectal, and prostate cancers (105). Supporting 

these findings, a Danish population-based study observed a substantial decrease in cancer 

risk for most cancer sites within the first two years after diabetes diagnosis for most cancer 

sites (107). Similarly, a Swedish national study reported higher HRs for cancer incidence 

in case of those with one year of the diabetes diagnosis compared to the overall cohort, 

with exceptions of prostate and liver cancer of the sites we have also examined (129). 

Johnson et al. found significantly higher cancer incidence among people with diabetes 

within three months of diabetes diagnosis, and this elevated risk persisted for up to 10 

years in many cases, suggesting a complex relationship between diabetes and cancer 

beyond mere detection bias (146). Ballotari et al. observed an increasing risk of cancer 

development in the 10 years following diabetes diagnosis in a Northern Italian population, 

followed by a subsequent decrease to a moderately elevated risk (147). Our findings align 

with these observations, demonstrating an increased cancer risk detectable as early as two 

years prior to diabetes diagnosis, with elevated risk persisting for up to six years after 

diagnosis in our study (79). 

Given the high mortality rate and strong association with diabetes, investigating 

pancreatic cancer is a critical priority in terms of timeliness. Our findings align with those 

of Zhang et al., demonstrating that the highest risk of pancreatic cancer occurs within the 

first two years after diabetes diagnosis, specifically within the first year according to our 

analysis. Notably, we observed a similarly elevated risk in the year preceding diabetes 

diagnosis. (131). Chari et al. reported that 56% of patients diagnosed with pancreatic 

cancer within three years of diabetes onset were diagnosed within six months of diabetes 

diagnosis, further emphasizing the critical period shortly after diabetes onset (148), which 

is consistent with our results. They also found that approximately 1% of patients with 

new-onset diabetes aged 50 years and older develop pancreatic cancer within three years, 

representing an eight-fold increase in risk compared to the general population (148). In 

our study, the pancreatic cancer incidence in the group with diabetes was tenfold higher 

than in the control group in the year preceding diabetes diagnosis and approximately 

sixfold higher in the year following diagnosis, considering that these results have not been 

adjusted for age. These findings underscore the importance of heightened surveillance for 

the other disease, whichever comes first (79). 



55 
 
 

Based on our findings, a crucial recommendation is to re-evaluate and refine cancer 

screening strategies for people with diabetes. Ling et al. emphasized the potential benefits 

of earlier or more systematically screening in this population, a notion supported by our 

observation of a stronger diabetes-cancer association at younger ages (126). This 

recommendation is particularly relevant given that individuals with diabetes are less 

likely to undergo recommended cancer screenings (149). Notably, Lao et al. found that 

females with diabetes had a higher probability of being diagnosed with advanced-stage 

(stage III-IV) breast cancer (odds ratio [OR] 1.14) and were more likely to be diagnosed 

with screen-detected breast cancer compared to females without diabetes aged 45-69 

years (OR 1.13). The high risk of pancreatic cancer in individuals with newly diagnosed 

diabetes underscores the need for heightened surveillance in this population. A risk-

scoring system, such as that proposed by Sharma et al., could be valuable in identifying 

high-risk individuals (150). As the prevalence of diabetes continues to rise, due to better 

care of the classic complications of diabetes, the implementation of more rigorous 

screening strategies for individuals with diabetes can potentially reduce the overall 

burden of cancer, leading to earlier diagnosis, improved outcomes, and potentially 

reduced healthcare costs associated with the management of advanced cancers (151), 

(79). 

The observation of cancer occurrences preceding or shortly following diabetes diagnosis 

supports the potential role of hyperinsulinemia in cancer development (94,96,99–101). It 

suggests that screening for hyperinsulinemia, rather than solely focusing on diabetes, may 

be a valuable consideration in certain cases. Furthermore, exploring the relevance of 

existing cancer screening programs for individuals with hyperinsulinemia warrants 

further investigation (for example, those for which screening is already available or a 

programme is in place, but which might be less frequent or would be carried out at a later 

age). To effectively implement such strategies, raising awareness among healthcare 

providers and patients regarding the cancer risk associated with diabetes is crucial. 

Notably, many current diabetes care guidelines do not explicitly include cancer screening 

as a key component of diabetes management. Establishing clear roles and responsibilities 

for implementing these screening strategies within different healthcare systems is 

essential. Furthermore, prioritizing primary prevention remains paramount in mitigating 

the individual and societal burdens of both diabetes and cancer. In many cases, even the 
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guidelines for diabetes do not include cancer as a complication of diabetes, and screening 

for cancer (or at least the idea of it) is not really included in the monitoring activities in 

diabetes care (79). 

While the cost-effectiveness of expanding population-level cancer screening for 

individuals with diabetes requires further investigation, several practical steps can be 

taken immediately. Routinely inquiring about cancer screening history and results at the 

time of diabetes diagnosis (and even during hyperinsulinemia screening) is crucial. 

Additionally, educating patients about the importance of cancer screening and available 

resources within the public and private healthcare systems is essential (79). 

A key strength of our study lies exactly in its utilization of a large, population-based 

administrative health data covering more than ten years. This enabled the creation of 

substantial cohorts, with the diabetes cohort including all individuals above the age of 40 

with incident diabetes diagnosed in the years of 2014 and 2015. The large sample size 

allowed for statistically robust analyses with significance level of 1%. However, certain 

limitations should be acknowledged. The lack of detailed clinical data, including 

prognostic factors and confounders allowed only age- and sex-adjusted calculations. 

Furthermore, the database did not allow for a distinction between Type 1 and Type 2 

diabetes, although the latter is likely to be the predominant form among our study 

population. While the potential for inaccurate cancer diagnosis codes exists, this bias is 

likely to affect both the control and diabetes groups equally. However, the exclusion of 

individuals with preexisting cancer diagnoses prior to 2010 may have introduced some 

bias, as preexisting malignancies from childhood or early adulthood may not have been 

consistently recorded in the available data. The inclusion of patients with untreated 

diabetes within the control group potentially bias the results. This is due to the fact that 

we only considered those as patients with diabetes who had filled an antidiabetic drug 

prescription. In addition, the database on antidiabetic drug dispensing included only 

medication prescribed with reimbursement, therefore people with diabetes taking other 

antidiabetic drugs could also be included in the control group. According to Jermendy et 

al. this is not a significant number (69). However, biasing factors that place people with 

diabetes in the control group do not weaken but strengthen our findings, meaning that the 

association between diabetes and cancer that our research suggests is underestimated and 

so probably even stronger in reality. It should be also noted that the exclusion of 
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individuals with pregnancy-obstetric or PCOS codes from both groups limits the 

generalizability of our findings to these specific populations.      

5.3. The applicability of the NHIFA database in BDA 

The NHIFA database undoubtedly qualifies as big data. It encompasses decades of 

healthcare data for the entire Hungarian population utilizing publicly funded services 

(volume), including diverse information on diseases, individuals, providers, and 

interventions (variety), which can updated and expanded on a monthly basis (velocity) 

and can be easily augmented (variability). A significant portion of the input data is 

standardized (e.g., OECD, ICD codes) (veracity), and can be linked to other databases 

through various identifiers (e.g. SSN, provider ID) after depersonalization (valence). Its 

value is evidenced by previous domestic research and is further reinforced by our current 

study, which expands its application to a new area. Visualization currently depends on 

the specific application and statistical methods used.   

Based on our test analyses, the six dimensions of data quality (152) regarding the NHIFA 

database can be described as follows. The data relevance was only partial as we could 

reliably study only laboratory tests among the diabetes care process indicators. Due to the 

lack of test results, only the fact that tests were performed could be evaluated. Data 

accuracy also required caution, as, for example, we could not use the most obvious 

method of defining people with diabetes, the diagnosis code. The timeliness of the data 

was adequate, as we could work with a current dataset at the start of the research. 

However, only one member of our research team had access to the database, which 

limited the smoothness of the analyses but complied with security regulations. Data 

selection for analysis was sometimes a lengthy process, lasting several days, due to the 

specific characteristics of the available infrastructure. The knowledge required for 

interpretation was widely available regarding the origin of the database's data content, 

which we were able to refine and specify through interviews. Analytical algorithms were 

preserved during data analyses. Data from different sources within the NHIFA database 

were merged based on SSN numbers, but merging with other databases did not occur. 

Based on all these factors, it can be said that the data quality in the database is adequate 

if used for analyzing appropriate research questions after sufficient familiarization. Thus, 
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data quality can be evaluated depending on the focus of each analysis, but our example 

also shows that the database can be successfully applied to previously unexplored areas. 

The NHIFA database has already been used for a variety of descriptive research, but there 

is still room for further exploration of its potential. In the realm of big data analytics, one 

of the most frequently studied areas, diabetes, has also revealed new application areas, 

which have been successfully explored. By studying process indicators in healthcare, we 

can identify systemic intervention points in the healthcare system, providing a deeper 

understanding of the strengths and weaknesses within the system that influence outcomes 

and performance. For example, an analysis of laboratory tests in diabetes care has 

highlighted issues such as unclear responsibilities, weaknesses in multidisciplinary care, 

the need to reconsider certain eligibility criteria, and gaps in professional evaluation. 

Additionally, a deeper national-level analysis of the relationship between diabetes and 

cancer could serve as a foundation for preventive public health initiatives. For example, 

our analysis has revealed vulnerable age groups that are currently overlooked by age-

based screening programs, and by studying the temporal relationships, we can optimize 

screening schedules.  

As the NHIFA database contains real-world data on both medical procedures and drug 

therapies, population-based retrospective cohort studies open the door to the world of 

real-world evidence, which is often used to examine for example the real-world 

effectiveness or associations of drugs. These studies complement randomized controlled 

trials (RCTs) and can be used to corroborate or question scientific evidence, given that 

the data available are far more representative than in RCTs (15,18). Our study for 

example, has reinforced several pieces of evidence regarding the association between 

diabetes and cancer, however, it did not support the inverse relationship between diabetes 

and prostate cancer.  

Although the scope of our research did not allow for it, based on the content and 

characteristics of the database, it can be concluded that it has the potential to support both 

predictive and prescriptive analyses. Given that the database encompasses all healthcare 

areas and levels of care, and includes the entire domestic population, it could be used to 

discover and explore previously unknown or poorly understood relationships, especially 

with the help of artificial intelligence. However, to fully leverage its potential, it is 

recommended to link the database with nonadministrative healthcare data. As the diabetes 
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example shows, the NHIFA database lacks sufficient quality information on prognostic, 

contributing and influencing factors, and the detailed results of outcomes of interventions 

are not available in numerical, textual, or visual formats. Future prospectively integrated 

data systems including other databases can offer improved representativeness, 

consistency, accuracy, comprehensiveness, and timeliness. These data systems can then 

provide substantial input for prescriptive analyses in the future (18). 

Based on our findings, the following recommendations can be formulated for addressing 

the challenges related to the domestic application of BDA. Given the national scope of 

the database, it is advisable to address these challenges also at a national, systemic level. 

BDA and BDA-based interventions in the healthcare system must be accepted by the 

stakeholders. Although healthcare professionals are open to decision-support tools and 

any solution that reduces their administrative burden, they may question the reliability of 

artificial intelligence due to a lack of understanding of its operation, security concerns, 

and the vulnerability of direct patient relationships, making them skeptical and resistant 

to BDA. In addition to persuading and educating them, it is crucial to train specialists 

who can conduct BDA, as there is currently no doubt a shortage of professionals with the 

necessary skills in our country. Besides investing in human capital, well-considered 

planning and implementation of infrastructural and technological investments are also 

critical. The development of complex, prospective data systems that leverage current 

capabilities requires the establishment of cloud-based or at least hybrid systems capable 

of supporting the dynamically evolving and increasingly sophisticated artificial 

intelligence technologies, and the real-time evolving database. To sustain continuous 

development, it is essential to share not only data but also the results of data analyses. 

Naturally, this requires the establishment and ongoing maintenance of numerous 

regulations, covering data ownership, privacy, data security, metadata management, 

authorization of wearable devices and applications, as well as related ethical and equality 

issues. It must not be forgotten that, especially in the case of patient-generated data, ethnic 

minorities and socioeconomically disadvantaged groups may disproportionately benefit 

from big data and BDA (3,5,17,153). 

Big data and BDA offer immense opportunities for new research, leading to new 

discoveries and the development of new initiatives and innovations. However, it cannot 

be overemphasized that the results of analyses are fundamentally determined by the data 
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used. We cannot measure everything, we must avoid the quantitative fallacy, i.e. only 

measuring what is easy, forgetting about unmeasured factors and believng that what 

cannot be measured does not exist. Current healthcare databases inevitably fail to capture 

factors influencing health and care, such as empathy compassion, understanding, previous 

experiences, and unconscious bias (13). Therefore, conclusions should be interpreted with 

care. So when we think about how much knowledge we can gain from BDA, let us not 

forget how much we cannot.  
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6. CONCLUSIONS 

The findings of our study can be summarized as follows in response to the research 

questions. 

1. What are the diabetes research areas, if any, where NHIFA database analysis could 

be a valuable tool but have not been investigated in Hungary so far? 

Based on a review of the diabetes BDA literature, evaluation of the NHIFA database data, 

and interviews with experts on coding practices and diabetes care, we identified two areas 

of research that would be worth exploring as test analyses using the NHIFA database in 

Hungary: the quality of diabetes care focusing on process indicators, and the association 

between diabetes and cancer among analyses for diabetes complications.  

 

2. What specific analytical questions can be substantively addressed within the 

delineated diabetes research domains?  

Within the context of diabetes care quality, our research aimed to investigate the extent 

to which laboratory tests recommended by relevant professional guidelines are performed 

in diabetes care and to identify the factors influencing their completion. Regarding the 

association between diabetes and cancer, we had two main research questions. First, we 

aimed to determine the risk of developing cancer in patients with diabetes compared to 

the population without diabetes. Secondly, we focused on examining how the time of 

cancer diagnosis is related to the time of diabetes diagnosis.  

 

3. What novel discoveries and recommendations can be revealed regarding domestic 

diabetes care based on the test analysis/analyses? 

The main findings of the analysis of laboratory tests among adult people with diabetes:  

- Only testing rates could be examined using the NHIFA database, test results were 

not available. 

- Over 70% of people with diabetes underwent blood glucose and serum creatinine 

testing in at least three different years over the four-year period of follow-up, while 

HbA1c, urine glucose, and urine ketone testing were performed in 50-60% of 

patients.  



62 
 
 

- The low performance rates of LDL cholesterol and urine albumin tests (less than 

30%) are striking, although literature data from other countries also show them to be 

the lowest. 

- The impact of the COVID-19 pandemic was evident in a decrease in testing rates 

during 2020-2021.  

- Testing was less likely in males, the youngest age group studied (40–49-year-olds), 

and those taking only metformin and/or sulfonylureas, i.e. probably those treated in 

primary care.  

- Variability of the county-level results of laboratory test rates is also worth 

mentioning. 

- Recommendations for developing domestic diabetes care based on the analysis of 

laboratory tests are as follows:  

o Strengthening the role of primary care in diabetes care and the review of the range 

of tests and the range of antidiabetic drugs that can be prescribed by general 

practitioners, at least in cases where the general practitioner has other relevant 

specialist qualifications or licenses. 

o Development of integrated care or its individual elements with the clarification of 

roles and responsibilities. 

o Through automated solutions integrated into the general practitioner's information 

system, notifications can be sent about when the necessity of regular tests of a 

person with diabetes becomes timely or when test results exceed the treshold.  

o Active involvement of people with diabetes and their relatives with 

reconsideration and renewal of patient education activities. 

o Building a national diabetes register and audit system as a prospective data system 

by linking different databases (including EESZT) would allow not only the 

analysis of the performance of individual tests, but also the assessment of the 

effectiveness of care activities, with the possibility of evaluating therapeutic target 

values without additional administrative burden. 

The main findings of the analysis of association between diabetes and cancer: 

- For each cancer site, a significantly higher risk of cancer was demostrated in the 

group with diabetes compared to the control group. This association was most 

pronounced for pancreatic and liver cancer. 
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- Our findings revealed a significant positive association between diabetes and prostate 

cancer, despite most studies have shown an inverse association. 

- No significant sex-specific interactions were observed for most cancer sites. 

Significant difference was found (only at 5% significance level) for kidney cancer, 

where the presence of diabetes conferred a significantly higher risk increase in 

females, whereas for liver cancer, the diabetes-associated risk reduction was less 

pronounced in females.  

- Significant interaction was revealed between age and diabetes in influencing cancer 

risk, showing that mainly for kidney, prostate, and colon cancers, the presence of 

diabetes increases the risk of cancer diagnosis less and less as age increases. Diabetes 

conferred the highest cancer risk in the youngest age group (40-54 years), and the 

lowest risk in the oldest age group (≥70 years).  

- As for the temporal relationship, the cancer incidence starts to increase before the 

diagnosis of diabetes and peaks in the year after. Following this, the incidence drops 

close to the control group. 

- Recommendations for developing domestic diabetes care based on the analysis of 

association between diabetes and cancer are as follows:  

o Refining cancer screening strategies for people with diabetes considering the 

vulnerability of the youngest age group studied, the potential role of 

hyperinsulinemia and the temporal association between the two diseases. 

o Education of health care professionals and people with diabetes about the 

association between the two diseases and the importance of cancer screening.  

o Diabetes guidelines could be complemented with cancer prevention aspects. 

o Further studies on the association between diabetes and sex-related cancers 

(prostate and breast cancer) could help clarify the conflicting results.   

 

4. What general conclusions can be inferred about the NHIFA database for its 

application in BDA, based on the outcomes of the test analysis/analyses?  

General conclusions about the NHIFA database can be summarized as follows: 

- Data within the NHIFA database undoubtedly qualifies as big data. 

- Due to the lack of test results, mainly elements linked to perfomance, appaerance, 

occurance can be tested.  
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- Standardized coding systems supports BDA, however have their own limitation 

related to the specific research question. NHIFA database collects data primarly for 

financing purposes which may also limit its data accuracy. 

- The database can be successfully applied to previously unexplored areas such as 

process evaluation or deeper analysis of relationships among different prognostic 

factors, diseases, outcomes, interventions or medications.   

- NHIFA database contains real world data, the analysis of which can provide real 

world evidence. It is suitable for population-based retrospective cohort studies which 

studies can complement RCTs and can be used to corroborate or question scientific 

evidence.    

 

5. What prospective recommendations can be formulated for the utilization of the 

database? 

To summarize, the recommendations for future utilization are: 

- It is advisable to address challenges of BDA at a national, systemic level.  

- Education of every stakeholder regarding BDA and BDA-based interventions can 

support their acceptance.   

- Substantial future BDA reasearch requires adequate human resources which can be 

provided by programmed specialist training. Similarly, well-considered planning and 

implementation of infrastructural and technological investments are also critical.  

- Development of complex, prospective data systems seem to be the most forward-

looking, however, it requires the establishment of cloud-based or at least hybrid 

systems capable of supporting the dynamically evolving and increasingly 

sophisticated artificial intelligence technologies, the real-time evolving database and 

the sharing of data and the results of data analyses 

- Establishing and ongoing maintenance of related regulations can support privacy, 

data security, and handle ethical and equity issues.  

- The interpretation of the results of BDA requires special attention to avoid making 

erroneous decisions or taking inappropriate actions. 
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7. SUMMARY 

Big data analysis (BDA) in healthcare holds significant potential to transform healthcare 

by acquiring, storing, processing, and analyzing diverse health data to generate valuable 

insights for users. It can support diabetes care in many ways, such as facilitating patient 

self-management, image analysis, clinical decision support, or improving quality of care. 

Our goal was to evaluate the National Health Insurance Fund Administration (NHIFA) 

database from an analyzability perspective, and by testing new analytical possibilities in 

the field of diabetes, to identify and perform them, thus enriching the body of available 

results on domestic diabetes care.  

We performed a retrospective cohort study to analyze the completion rates of laboratory   

tests, as recommended by clinical guidelines, among people with diabetes in 4 cohorts 

over a 4-year follow-up period and to analyse the role of diabetes in the development of 

cancer. Multivariate logistic regression analysis was used to identify factors associated 

with test performance, while univariate and multivariate Cox regression were used to 

examine how diabetes status, in relationship with age and sex are related to the time to 

cancer diagnosis. 

Perfomance rates of laboratory tests were low when compared to international standards, 

and testing was less likely in males, the youngest age group studied, and those taking only 

metformin and/or sulfonylureas. For each cancer site, a significantly higher risk of cancer 

was demostrated in the group with diabetes and the youngest age group revealed to be the 

most vulnerable. Cancer incidence started to increase before the diagnosis of diabetes and 

peaked in the year after. Following that, the incidence dropped close to the control group. 

Therefore, the most important recommendation is to establish and reinforce the 

components of integrated care, as well as to revise cancer screening protocols. 

NHIFA database found to be successfully applicable to previously unexplored areas. 

Containing real word data, it can facilitate the generation of real word evidence, 

particularly by means of retrospective cohort studies. To overcome future challanges, 

national-level interventions are necessary by programmed specialist training, well-

considered implementation of infrastructural and technological investments, education of 

stakeholders, developing complex, prospective data systems and continuously 

maintening the related regulations. The interpretation of the results of BDA requires 

special attention to avoid making erroneous decisions or taking inappropriate actions. 
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