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Abstract

:

The purpose of this study is to evaluate and illustrate the effectiveness of a specialized digital platform developed to improve the accuracy of medical coding during the full implementation of Greece’s new DRG system, and to highlight innovative actions for achieving and/or improving accurate medical coding. Already grouped DRG cases recorded in the first DRG implementation year in the region of Crete were examined. A sample of 133,922 cases was analyzed and audited, through a process consisting of three stages: (i) digitalization, (ii) auditor training, and (iii) control and consultation. The results indicated that a significant proportion of DRG coding, with a length of stay exceeding one day, was reclassified into different DRG categories. This reclassification was primarily due to coding errors—such as the omission of secondary diagnoses, exclusion of necessary medical procedures, and the use of less specific codes—rather than mistakes in selecting the principal diagnosis. The study underscores the importance of medical coding control and consulting services. It demonstrates that targeted actions in these areas can significantly enhance the implementation of the DRG coding system. Accurate medical coding is crucial for transparent allocation of resources within hospitals, ensuring that hospital services and reimbursements are appropriately managed and allocated based on the true complexity and needs of patient cases.
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1. Introduction


Optimizing funding for inpatient care has been crucial for the Greek healthcare system [1]. In 2011, Greece launched a new hospital reimbursement system, KEN, inspired by the DRG (Diagnosis-Related Groups) concept. The primary difference between the KEN and DRG systems is that KEN was based solely on the patient’s main diagnosis, without considering the medical procedure. Furthermore, the KEN classification was conducted manually due to the absence of supporting software. Additionally, the costs associated with KEN were not systematically updated. Limitations arose due to the absence of (i) proper medical classifications suited for a case mix system, (ii) an automated DRG grouping tool, and (iii) a process for cost adjustments. These limitations resulted in the KEN system proving initially inadequate to provide fair and objective budget allocation among hospitals within the health system [2,3,4].



Established by 2014 legislation, the Greek DRG Institute, known as the National Center for Documentation and Costing of Hospital Services, hereinafter referred to as “KETEKNY”, and initially known as ESAN S.A, is an independent, self-governing body with a core mission to implement a fair and transparent system for hospital service costing and reimbursement. KETEKNY’s central goal is to create an integrated system for scientifically based costing and compensation of hospital care in Greece. This approach aims at promoting an evidence-based healthcare system, ensuring that resources are allocated efficiently. KETEKNY initially signed a License Agreement with the German limited liability company InEK GmbH to secure the rights to implement a DRG system in Greece, modeled after the German system. Since then, the Greek DRG system has been updated in two major revisions in 2019 and 2021. KETEKNY, drawing on best practices from around the world, focuses on developing, implementing, monitoring, and updating a Diagnosis-Related Group (DRG) patient classification system.



In January 2021, KETEKNY selected the University General Hospital of Heraklion (PAGNI) to first implement the Greek DRG system due to its wide range of specialties and services. A Joint Ministerial Decision on 7 April 2021 authorized PAGNI to use the Greek DRG coding guidelines for all inpatient cases and update financial data. By 24 December 2021, the DRG system was extended to all hospitals in Crete. Following a further decision on 28 November 2022, hospitals in Macedonia and eight other locations across Greece adopted the system. Finally, the remaining public hospitals and three private entities (Papageorgiou General Hospital, Onassis Cardiac Surgery Center, and Santorini General Hospital) began using the Greek DRG system after a final decision on 21 December 2023.



The implementation of a DRG system in a country raise concerns about the accuracy of medical coding [5]. Medical coding is the conversion of health diagnoses, procedures, medical services, and equipment into internationally common alphanumeric codes. For this reason, it is necessary to check the medical coding in order to document the correctness of the entries and therefore of the data to be evaluated and used [6]. According to the WHO report (2012), the various causes of miscoding can be identified through an effective control mechanism. The causes for errors can be both unethical coding practices (which are the subject of a stronger audit process) and subjective errors in coding practices (which require more intensive training) [7].



The quality of hospital discharge data is crucial for accurate DRG case allocation, as it directly affects how cases are categorized [8]. DRG-based payment systems can potentially reduce the length of stay (LOS) [9], with technological advances like minimally invasive procedures contributing to faster recovery and discharge [10]. Effective implementation requires personnel training, adherence to quality standards, and clear guidelines [11]. Countries such as France have enhanced their DRG systems to better manage hospital activity and ensure appropriate care [12]. To improve hospital efficiency and fairness in payments, it is essential to leverage data for benchmarking, identify efficient providers, and share best practices [13]. Flexible governance and accurate patient classification are keys to the success of DRG-based funding and achieving policy goals [14].



The purpose of this study is to evaluate and illustrate the effectiveness of a specialized digital platform developed by KETEKNY to improve the accuracy of medical coding during the full implementation of Greece’s new DRG system. The platform (Figure 1) was created in response to concerns about coding accuracy, which is crucial for the correct categorization of patient cases and the equitable allocation of hospital resources. By systematically capturing and analyzing medical information from patients’ files in accordance with the Greek Coding Guidelines, the platform aims to identify and correct coding errors. Additionally, it serves as a comprehensive tool for enhancing medical coding practices by providing real-time auditing, enabling targeted training, and facilitating the implementation of new coding rules and guidelines. Through this study, the platform’s role in ensuring accurate, reliable medical coding is assessed, offering insights into strategies that can be adopted to support DRG system integrity and healthcare quality.




2. Materials and Methods


The implementation of the project included current situation analysis, assessment of needs, development of a platform, auditing, analysis of results, and training of healthcare professionals in the clinical coding of incidents by the DRG coding system.



2.1. Sampling and Audit Process


During the project, the already grouped DRG cases from the first year of implementation in the region of Crete were examined. Due to limited time available for conducting the audits, a sample was drawn and 133,922 cases, out of a total of 200,000, were analyzed and audited. The sample was randomly selected from all hospitals in the region for the first 12 months of the initial year of DRG system implementation. The sampling method used was stratified random sampling, ensuring that the same percentage of total random cases was chosen from each hospital. The audit process consisted of the following stages:



(i) Digitalization: The Greek DRG Institute developed a digital platform to support auditing, which resulted in the establishment and strengthening of medical coding control mechanisms. This intervention aimed to identify and address any discrepancies between the coding of a patient’s medical record and the allocated DRG coding, based on the Greek Coding Guidelines. The platform boasts a highly sophisticated architecture. Data flows seamlessly directly from hospitals, and through secure connections, to KETEKNY’s specialized Grouper software (version 1.0). On a single, user-friendly interface, the platform presents two key data sources: (i) data from the Grouper software, which analyzes and classifies hospital medical coding data collected directly from hospitals’ coders, and (ii) individual patient medical files, which provide comprehensive patient information for a holistic view.



This consolidated view empowers auditors to efficiently conduct controls by having all relevant information readily available on a single screen. Furthermore, the platform offers a range of user-friendly functionalities surrounding this core function, including easy-to-use browsing menus for efficient navigation, the ability to make corrections and add notes for improved clarity, a feature to assign statuses to cases for better organization, and the option to schedule meetings with therapists or physicians for further clarifications.



These features streamline the auditing process and facilitate effective communication with medical personnel, all while maintaining the highest standards of data privacy. The platform is built on a foundation of data anonymization and strict adherence to GDPR regulations at all phases of the auditing process. During the transfer of data from the hospital’s patient files to the auditing platform, the patient’s name and registration number are encrypted, ensuring that no one has access to this information.



(ii) Auditors training: A team of highly skilled auditors underwent specialized training in medical coding according to the DRG classification system, conducted by experts from the Greek DRG Institute.



(iii) Control and consultation: Performed by specialized auditors on a randomly selected sample of cases. The objectives of this process were to verify the accuracy of the classification of incidents in the DRG system and to ensure the completeness of the coding, in accordance with the information obtained from the patient’s medical file. Additionally, the auditors assessed whether the coding adhered to the Greek Coding Guidelines. A key focus was to promptly address issues of under- and over-coding, which are recognized in the international literature and are mitigated through ongoing training for coders. These efforts were designed to enhance and streamline the process of medical recordkeeping, objectively showcase the work performed by each hospital, and promote fair resource allocation within the healthcare system.



The audit platform and the results of the provision of medical coding control and consulting services will be used for the correct implementation of the DRG system by ensuring the quality of medical coding and the documented distribution of available resources in hospitals. These implemented actions can include highly targeted training sessions, for example, focusing on the most frequent mistakes or errors. Additionally, interventions can be made that address both user experience and the medical file itself, potentially including the adoption of new, sophisticated rules or restrictions. Finally, prediction models can be adopted to suggest more accurate codes and schedule periodic controls.




2.2. Process Flow and Analysis


The flowchart in Figure 2 illustrates the flow of the total process. The initial step of the process is the auditing phase, where the auditors proceed with the medical file inspection to capture errors in the hospitals’ coding. In the second stage, the analysis begins with descriptive statistics to identify the reasons why the errors occurred and determine the main causes. This stage identifies the areas that require further improvement. In the next step of reporting, detailed reports are prepared, followed by further big data analysis.



This study used descriptive statistics to highlight the need for further analysis of cases with a length of stay (LoS) over one day. Crosstabulation and chi-squared tests confirmed a significant relationship between DRG cases with different LoS values. Additionally, the Kruskal–Wallis H test assessed how DRG changes affect hospital revenue, identifying significant differences among groups. The purpose of these methods was to identify significant patterns and impacts related to DRG coding changes, thereby guiding improvements in coding practices and hospital revenue management. The final stage is the action phase, where all analyses and validation of the data lead to the adoption of actions, categorized into three categories: training, rules and restrictions, and prediction models. All of these steps contribute to the improvement of coding, documentation, and quality of care, which is the final step before the process begins again with the auditing phase.




2.3. Final Reporting and Reassessment


The final report included a comprehensive analysis of the data obtained from the digital audit platform. The analysis was conducted in two phases: the main audit project phase and a second phase focused on rechecking a subset of the cases. This second phase aimed to oversee the auditors’ work. Specifically, 10% of the previously audited cases were rechecked by KETEKNY to ascertain the success of the action and verify the auditors’ accuracy.




2.4. Audit Results and Categorization


The audit results were analyzed and categorized within the digital audit platform. The findings were grouped into key categories: cases that were fully correct with no issues identified, cases requiring coding changes—such as incomplete or incorrect coding of diagnoses (including errors in primary or secondary diagnosis coding) or medical procedures—and cases with observations. The latter included issues like incomplete input documentation, incomplete files, insufficient coding documentation, missing practices, absent secondary diagnoses, missing information notes, missing medical procedures, and incomplete patient histories. Additional findings that did not fit into these categories were also noted.





3. Results


The results are presented in three distinct sections to enhance clarity.



3.1. Initial Audit Findings and Coding Accuracy


A complete analysis of a sample coded by the coders of the Hospitals of the Crete Healthcare Region indicated that 26.29% of the sample had no coding errors and was fully correct, 51.94% of the cases had observations, and 21.76% of the overall sample required coding changes in the initial phase of the audit (Figure 3). An interesting finding was that only 9022 out of the 133,922 analyzed and audited cases (6.7%) ultimately had their DRG code changed. The remaining cases (93.3%) had their original DRG codes unchanged. Of the cases changed, 13.91% remained within the same DRG group, but were assigned a code for more complex cases.



To identify discrepancies across various coding categories, the entire sample was re-analyzed. The results indicated that 6.61% of the cases had a different primary diagnosis, 27.63% had a different secondary diagnosis, 17.62% had a different medical procedure, and 0.75% had a different category regarding the pathological and surgical sector. Finally, 29.19% of the incidents reviewed were labeled as “Incomplete File”, whereas 30.70% had an absence of medical notice and practical surgery.



Regarding the rechecks phase, out of 46,762 rechecks reviewed by the project team’s medical examiners, it was found that in 21.8% of the sample there were no findings and the coding was deemed correct, whereas 52.1% of the incidences resulted in observations, and 26.1% resulted in coding changes. Furthermore, 6.8% of the cases had a different primary diagnosis, 23.2% had a different secondary diagnosis, and 18.3% had a different medical procedure. Finally, 32.47% of the incidents reviewed were labeled as “Incomplete File”, while 39.27% of the cases had an absence of medical notice and practical surgery.




3.2. Impact of Length of Stay on DRG Code Changes


However, the analysis excluded cases with a one-day LoS, which are typically less complex, simplifying medical coding for primary and secondary diagnoses and medical procedures. A second analysis was conducted for cases with a LoS longer than one day. Among these cases, which represent 41.82% (56,009) of the total sample, 19.26% had no coding errors, 37.75% had some observations requiring further investigation, and the remaining 42.99% required coding changes.



The analysis revealed that cases with a LoS exceeding one day were nearly twice as likely to require coding changes, compared to total cases, and three times more than the ones with LoS equal to one (Figure 4). The analysis revealed that 12.35% of DRG codes required changes. This is an important finding, as it represents a nearly two-fold increase compared to the overall case analysis. Among the changed codes, 16.72% remained within the same DRG group, possibly due to minor coding adjustments. More significantly, 90.92% of the DRGs which remained in the group resulted in upgrades to higher-valued DRGs, suggesting increased resource utilization or case complexity. The remaining 9.75% of changes involved downgrades to lower-valued DRGs, which may indicate coding errors that initially attributed a higher acuity level than was accurate.



A broader analysis of the results follows. An important finding is the presence of discrepancies in coding categories across cases in comparison with the total sample (Figure 5). Notably, 11.40% of cases had a different primary diagnosis, 19.26% had a different secondary diagnosis, and a substantial 26.54% involved a different medical procedure code. Interestingly, discrepancies within the pathological and surgical partition category were much lower at only 1.60%. The above finding highlights the importance of auditing the primary diagnosis and the medical procedure of the cases with LoS longer than one day.



To assess whether there is a significant association between the need for DRG code changes and the duration of the patient stay in the hospital, we conducted a chi-square test of independence. Length of stay is a critical factor because it often indicates the complexity or severity of a patient’s condition, which can influence the accuracy and appropriateness of the initial DRG coding. This relationship was further illustrated using crosstabulation to provide a visual representation of the frequency distribution of the two variables (Table 1).



To test the hypothesis that LoS has a significant influence on medical coding, particularly leading to cases where DRG codes require changes, a Pearson chi-square test was conducted to assess the association between the LoS (categorized as one day versus more than one day) and the occurrence of a DRG code changes. The results (Table 2) revealed a chi-square value of 4824.574 (p < 0.001), implying a very strong likelihood that LoS influences the need for modifications in DRG coding. Specifically, when LoS extends beyond one day, the probability of requiring a DRG code change increases significantly.




3.3. Hospital-Specific Variations in DRG Code Reclassification


Building on the initial analysis, we extended our investigation to explore how the relationship between a LoS exceeding one day and the frequency of DRG code changes varies across different hospitals. By doing so, we aimed to understand whether this relationship is consistent across various healthcare institutions or if there are notable differences that could indicate hospital-specific factors influencing DRG coding practices. Table 3 presents the results of this analysis, which involved comparing the incidence of DRG code changes for patients with a LoS exceeding one day across multiple hospitals.



The analysis concludes that there is a statistically significant association between hospitals and the frequency of DRG code changes, as demonstrated in Table 4. This finding indicates that the likelihood of DRG code modifications is not uniform across all hospitals, but rather varies significantly from one institution to another.



Results also indicated that a significant proportion of DRGs were reclassified by the auditors into different DRGs, with most being recoded to higher-cost-weighted DRGs. This reclassification could lead to a substantial increase in hospital revenue. To investigate how hospital revenue was affected, we examined whether the DRG assignment after the audit improved or worsened revenue to the same extent for all hospitals. The ordinal DRG change data (unchanged, improved, worsened) was categorized for each hospital and compared using non-parametric tests.



The Kruskal–Wallis H test revealed a statistically significant difference (χ2(2) = 40.005, p < 0.001) in how DRG changes impacted revenue across hospitals. The mean rank scores were as follows: Hospital 1 (28,021.35), Hospital 2 (27,907.02), Hospital 3 (28,114.06), Hospital 4 (27,869.66), Hospital 5 (27,723.48), Hospital 6 (27,817.84), Hospital 7 (27,532.99), and Hospital 8 (28,041.62). Since the null hypothesis of the Kruskal–Wallis test was rejected, indicating an overall difference, Dunn’s test for non-parametric pairwise multiple comparisons was conducted to identify which hospitals have statistically different outcomes in revenue change (results are illustrated on Figure 6). This could imply that certain hospitals might need to adjust their coding practices or audit procedures to optimize revenue, or that there are systemic differences in how patient care is coded across hospitals.



In cases where the length of stay (LoS) exceeded one day, the primary errors were linked to various coding issues, such as the omission of secondary diagnoses and medical procedures that should have been documented, as well as the use of overly general codes. Analyzing and comparing cases with an extended LoS highlights the importance of targeted analysis and actions tailored to different patient segments, as the results can vary significantly when viewed from different perspectives. Beyond LoS, further analysis could be conducted by hospital, clinic, major diagnostic category, admission type, and other relevant factors to gain a deeper understanding of these discrepancies.





4. Discussion


The findings from this study underscore the importance of considering LoS when evaluating the accuracy of DRG coding, as longer hospital stays often reflect more complex or severe cases, which may not be adequately captured by the initial DRG code assignment. The analysis also revealed that while some hospitals exhibit a strong correlation between extended LoS and subsequent DRG code changes, others show a weaker or even negligible association. These differences suggest that factors such as hospital size, available resources, coding procedures, and the complexity of cases managed by the hospital could influence the likelihood of DRG code revisions. For instance, larger hospitals or those handling more complex cases may have more stringent auditing processes, leading to a higher incidence of DRG code changes for longer stays [15]. Overall, this highlights the importance of considering institutional variability when evaluating DRG coding practices. Understanding these differences can help in developing tailored strategies for improving coding accuracy and consistency across various healthcare settings.



The provision of medical coding control and consulting services can be instrumental in the proper implementation of the DRG classification system, by fostering accurate medical coding and ensuring transparent allocation of resources within hospitals. The main actions that can be regulated and adopted for the proper implementation of the DRG system might include correct and complete entry of all medical data into the electronic medical record to ultimately retrieve correct information, as well as correct coding of all necessary medical information. By classifying patients into DRGs based on their condition, hospitals can improve the accuracy of medical records and ensure they are receiving appropriate reimbursement, ultimately leading to higher quality healthcare [16].



In Greece, the DRG system has been connected to the majority of public hospitals’ digital patient files. This, in itself, is an opportunity for the coding software to be further developed to do more than suggest codes or prevent coder errors through pre-programmed rules and edits based on official coding manuals. It can also be developed to check the assigned diagnosis and procedure codes for accuracy [5]. Initial rules and restrictions have been implemented, such as preventing coders from making errors based on age/sex, and prohibiting assistance in the coding process using “balloons” (which likely refer to prompts or suggestions). It can also be further developed to identify potential coding errors. This could involve a coding and validation process that checks for missing codes or incorrect code combinations.



Additionally, by applying coding logic, the software could highlight cases where a certain procedure would not typically be performed for a specific diagnosis, prompting the coder to review the case in real-time. A coding system like this could be implemented by checking the medical materials used during a hospitalization and the invasive medical procedures performed. For example, if medical materials are used, but no corresponding medical procedure is coded, the software would prevent the case submission until the medical procedure is documented. Furthermore, analyzing the data can lead to more sophisticated methods for adding value to coding quality. This includes filtering data, adding rules and improving the user experience of medical data records. For instance, adding DRG information to the home page of medical records can provide a solid foundation for both a comprehensive evaluation of DRG effectiveness and improvements in overall medical quality [17].



Our results suggest variation in DRG code modifications across hospitals. We did not investigate specific factors such as coding practices, resources, patient demographics, or case complexity, although the literature indicates that these factors often influence DRG code modifications [18,19]. Hospitals with robust auditing and coding processes tend to have more frequent code adjustments, whereas those with fewer resources show fewer changes. This underscores the need for tailored interventions to enhance DRG coding accuracy at the hospital level. Customizing actions—such as improving training, auditing, and resource allocation—can ensure accurate DRG coding, leading to better reimbursement and healthcare quality.



Deep learning and artificial intelligence techniques can be employed to develop accurate DRG prediction models that identify primary and secondary diagnoses and medical procedures. This platform is a crucial part of the data analysis framework for DRG prediction. It uses deep supervised learning to evaluate the database’s quality and completeness, and ensures the creation of labeled datasets for both training and testing. These models use a loss function to measure accuracy and adjust their weights to minimize errors [20,21]. Research indicates that deep learning models can achieve high accuracy in predicting primary diagnoses for DRGs. Implementing such an automated DRG coding system could reduce incorrect coding, potentially increase hospital revenue, improve resource allocation, and enhance overall hospital performance [22,23].



Another important action that can be adopted is the organization of post-audit training of coders (physicians) who must know what findings were made, be aware of miscoding, and adhere to the rules of DRG coding. KETEKNY has already organized the first presentation of this finding and plans to further adapt it. In the Greek DRG system, physicians currently handle the coding of cases. While this allows them to describe each incident in greater detail and more consistently, surveys indicate that many hospitals are hesitant to transition entirely to specialist coders [24]. Customized and targeted training is suggested, with material that is enriched by the results of the audits with coding quality [25]. These trainings can be highly targeted and adaptive to small-group training when necessary. Sometimes post-test training is effective at a large-group level, but sometimes it still needs to be one-on-one to maximize effectiveness.



A notable limitation of this study, which should be taken into consideration, was the scarcity of healthcare professionals with specialized expertise in code auditing, which posed a significant challenge during the auditing process. Additionally, since the hospitals were in the early stages of DRG system implementation, their coding practices were less mature. This necessitated increased guidance and support for hospital staff, resulting in a greater effort and time investment than initially anticipated.




5. Conclusions


This project aims to establish a foundation for future initiatives, including a permanent sample control process through the KETEKNY platform. It will involve selecting cases from all Greek hospitals based on various criteria to ensure accurate hospitalization data recording in medical files and the Grouper system, aligning cases with the correct DRG. A proposed strategy is to adjust audit frequency based on past performance. Hospitals with better coding records would face fewer audits, while those with poorer performance would be audited more often. This approach could encourage competition and improvement among hospitals. Additionally, there is an increasing need for specialized solutions tailored to individual hospitals.



The more specialized and unique the hospital’s spatial and organizational characteristics, the greater the need for the implementation of custom tools. Currently, the KETEKNY platform connects directly with hospitals’ electronic patient files. It complies with GDPR regulations and aims to extend this direct connection to the rest of the Greek healthcare regions. The concurrent implementation of all the above actions, along with the recent assignment of responsibility for the Gr-DRG system to an independent, self-governing body, can achieve a clear strategic objective: optimal resource allocation among all hospital care providers in Greece, both in the public and private sectors. This approach would also support the establishment of clear standards and practical guidelines, with the necessary legal and policy support.







Author Contributions


Conceptualization, C.P. and L.P.; methodology, K.C.; software, P.S.; validation, L.P., C.P. and N.K.; formal analysis, L.P.; investigation, C.P.; resources, P.M.; data curation, P.S.; writing—original draft preparation, C.P.; writing—review and editing, N.K.; visualization, K.C.; supervision, L.P.; project administration, P.M.; funding acquisition, K.C. All authors have read and agreed to the published version of the manuscript.




Funding


EU and Greek State: “Installation and enhancement of medical coding control mechanisms of the Greek DRG Institute (KETEKNY)” with MIS Code 5174075, which has been included in the Operational Program “Public Sector Reform 2014–2020”, NSRF (National Strategic Reference Framework) 2014–2020.




Institutional Review Board Statement


Not applicable for studies not involving humans or animals.




Informed Consent Statement


Not applicable.




Data Availability Statement


The data presented in this study are available on request from the corresponding author.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Polyzos, N.; Karanikas, H.; Thireos, E.; Kastanioti, C.; Kontodimopoulos, N. Reforming reimbursement of public hospitals in Greece during the economic crisis: Implementation of a DRG system. Health Policy 2012, 109, 14–22. [Google Scholar] [CrossRef] [PubMed]

	



Panagiotopoulos, P.; Maniadakis, N.; Papatheodoridis, G.; Petkasidis, D. An evaluation of Diagnosis-Related Group (DRG) implementation focused on cancer DRGs in Greek public hospitals. PharmacoEconomics 2020, 4, 61–69. [Google Scholar] [CrossRef] [PubMed]

	



Rigas, C.; Theodorou, P.; Karagianni, R.; Psomiadi, M.E.; Platis, C. Exploring the perception of medical personnel regarding DRGs Implementation in Greek public hospitals. Int. J. Caring Sci. 2022, 15, 332. [Google Scholar]

	



Rodosthenous, M.; Roumeliotis, E. Adjusting the costing/pricing systems of public health units in times of emergency health crises: The case of Greece. KnE Soc. Sci. 2021, 5, 294–307. [Google Scholar] [CrossRef]

	



Pongpirul, K.; Walker, D.G.; Winch, P.J.; Robinson, C. A qualitative study of DRG coding practice in hospitals under the Thai universal coverage scheme. BMC Health Serv. Res. 2011, 11, 71. [Google Scholar] [CrossRef]

	



Laycock, Κ.; Piciorea, Μ.; Bothamley, G.; Bhowmik, A.; Rajakulasingam, R.; Barnett, S.; Menon, M. Audit: The importances of accurate coding. Future Hosp. J. 2015, 2, s7. [Google Scholar] [CrossRef]

	



Mathauer, I.; Wittenbecher, F. DRG-Based Payment Systems in Low- and Middle-Income Countries: Implementation Experiences and Challenges; WHO: Geneva, Switzerland, 2012. [Google Scholar]

	



Garcia Calderón, V.; Figueiras Huante, I.A.; Carbajal Martínez, M.; Yacaman Handal, R.E.; Palami Antunez, D.; Soto, M.-E.; Gabriela Koretzky, S. The impact of improving the quality of coding in the utilities of Diagnosis Related Groups system in a private healthcare institution. 14-year experience. Int. J. Med. Inform. 2019, 129, 248–252. [Google Scholar] [CrossRef]

	



Chen, Y.J.; Zhang, X.Y.; Yan, J.Q.; Tang, X.; Qian, M.C.; Ying, X.H. Impact of Diagnosis-Related Groups on inpatient quality of health care: A systematic review and meta-analysis. Inquiry 2023, 60, 469580231167011. [Google Scholar] [CrossRef]

	



Scheller-Kreinsen, D.; Quentin, W.; Busse, R. DRG-based hospital payment systems and technological innovation in 12 European countries. Value Health 2011, 14, 1166–1172. [Google Scholar] [CrossRef]

	



Alonso, V.; Santos, J.V.; Pinto, M.; Ferreira, F.; Lema, I.; Lopes, F.; Freitas, A. Problems and barriers during the process of clinical coding: A focus group study of coders’ perceptions. J. Med. Syst. 2020, 44, 62. [Google Scholar] [CrossRef]

	



Asadi, F.; Sabahi, A.; Ramezanghorbani, N.; Emami, H. Challenges of implementing diagnostic-related groups and healthcare promotion in Iran: A strategic applied research. Health Sci. Rep. 2023, 6, e1115. [Google Scholar] [CrossRef] [PubMed]

	



Mieke Nurmalasari, F.; Sandra Hakiem Afrizal, H. Evaluation of the accuracy of medical terminology and its relationship to the accuracy of clinical coding in health facilities: Systematic Literature Review. J. Ners 2023, 7, 1171–1181. [Google Scholar]

	



Or, Z. Implementation of DRG payment in France: Issues and recent developments. Health Policy 2014, 117, 146–150. [Google Scholar] [CrossRef]

	



Averill, R.F.; Goldfield, N.I.; Muldoon, J.; Steinbeck, B.A.; Grant, T. A closer look at all-patient refined DRGs. JAHIMA 2002, 73, 46–50. [Google Scholar]

	



Zhang, Q.; Li, X. Application of DRGs in hospital medical record management and its impact on service quality. Int. J. Qual. Health Care 2022, 34, 4. [Google Scholar] [CrossRef] [PubMed]

	



Xiaohua, C.; Wang, J.; Su, Z. Impact of improving the quality of medical coding on comprehensive evaluation of DRG performance on the home page of medical records. Hosp. Adm. Med. Pract. 2023, 2, 10. [Google Scholar]

	



Brown, J.L.; White, N.C. Demographic variability and its effects on DRG coding and resource utilization. J. Healthc. Manag. 2017, 62, 258–269. [Google Scholar]

	



Patel, K.J.; Roberts, L.M. Hospital resource availability and its impact on DRG coding accuracy: An empirical analysis. Health Policy 2015, 119, 593–600. [Google Scholar]

	



Talaei Khoei, T.; Ould Slimane, H.; Kaabouch, N. Deep learning: Systematic review, models, challenges, and research directions. Neural. Comput. Appl. 2023, 35, 23103–23124. [Google Scholar] [CrossRef]

	



Alom, M.Z.; Taha, T.M.; Yakopcic, C.; Westberg, S.; Sidike, P.; Nasrin, M.S.; Hasan, M.; Van Essen, B.C.; Awwal, A.A.S.; Asari, V.K. A state-of-the-art survey on deep learning theory and architectures. Electronics 2019, 8, 292. [Google Scholar] [CrossRef]

	



Islam, M.M.; Li, G.H.; Poly, T.N.; Li, Y.J. Deep DRG: Performance of artificial intelligence model for real-time prediction of Diagnosis-Related Groups. Healthcare 2021, 9, 1632. [Google Scholar] [CrossRef]

	



Alowais, S.A.; Alghamdi, S.S.; Alsuhebany, N.; Alqahtani, T.; Alshaya, A.I.; Almohareb, S.N.; Aldairem, A.; Alrashed, M.; Bin Saleh, K.; Badreldin, H.A.; et al. Revolutionizing healthcare: The role of artificial intelligence in clinical practice. BMC Med. Educ. 2023, 23, 689. [Google Scholar]

	



Burger, F.; Walgenbach, M.; Göbel, P.; Parbs, S.; Neugebauer, E. Ist die Kodierung im Krankenhaus zu wichtig, um sie Ärzten zu überlassen?—Evaluation der betriebswirtschaftlichen Effizienz von Gesundheitsökonomen an einem Zentrum der Maximalversorgung [Is DRG Coding too Important to be Left to Physicians?—Evaluation of economic efficiency by health economists in a university medical centre]. Z. Orthop. Unfallchir. 2017, 155, 177–183. (In German) [Google Scholar]

	



Yuan, B.; Quan, L. Comprehensive evaluation of disease coding quality in gastroenterology and its impact on the diagnosis-related group system: A cross-sectional study. BMC Health Serv. Res. 2023, 23, 1451. [Google Scholar] [CrossRef] [PubMed]








[image: Healthcare 12 01782 g001] 





Figure 1. Print screen from the digital platform. 
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Figure 2. The flow of the total process. 
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Figure 3. Audit results of all cases based on three main categories of findings. 
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Figure 4. Percentage of status cases with LoS > 1 day vs. cases with LoS = 1. 
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Figure 5. Percentage of status of total cases vs. cases with LoS > 1 day vs. cases with LoS = 1. 
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Figure 6. Pairwise comparisons of hospitals. 
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Table 1. Crosstabulation—DRG change vs. LoS (% of total).
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Length of Stay




	

	

	
Cases with LoS > 1 Day

	
Cases with LoS = 1 Day

	
Total






	
DRG Change

	
No

	
36.7%

	
56.6%

	
93.3%




	
Yes

	
5.2%

	
1.6%

	
6.7%




	
Total

	

	
41.8%

	
58.2%

	
100.0%











 





Table 2. Chi-square tests for checking association of LoS = 1 and LoS > 1 regarding DRG code changes.
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	Value
	Df
	Asymptotic Sig. (2-Sided)
	Exact Sig. (2-Sided)
	Exact Sig. (1-Sided)





	Pearson Chi-Square
	4824.574 a
	1
	0.000
	
	



	Continuity Correction b
	4823.039
	1
	0.000
	
	



	Likelihood Ratio
	4861.607
	1
	0.000
	
	



	Fisher’s Exact Test
	
	
	
	0.000
	0.000



	Linear-by-Linear Association
	4824.537
	1
	0.000
	
	



	N of Valid Cases
	133,922
	
	
	
	







a 0 cells (0.0%) have expected count less than 5. The minimum expected count is 3773.19; b Computed only for a 2 × 2 table.













 





Table 3. Crosstabulation—hospital vs. DRG change (% of total).
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DRG Change

	




	

	

	
No

	
Yes

	
Total






	
Hospital

	
Hospital 3

	
21.2%

	
3.5%

	
24.7%




	

	
Hospital 2

	
15.2%

	
1.9%

	
17.2%




	

	
Hospital 4

	
2.3%

	
0.2%

	
2.5%




	

	
Hospital 5

	
2.5%

	
0.1%

	
2.6%




	

	
Hospital 6

	
6.2%

	
0.7%

	
6.8%




	

	
Hospital 1

	
2.9%

	
0.4%

	
3.4%




	

	
Hospital 7

	
0.5%

	
0.0%

	
0.6%




	

	
Hospital 8

	
36.8%

	
5.5%

	
42.2%




	
Total

	

	
87.7%

	
12.3%

	
100.0%











 





Table 4. Chi-square tests for checking the association.
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	Value
	df
	Asymptotic Sig. (2-Sided)





	Pearson Chi-Square
	227.591 a
	7
	<0.001



	Likelihood Ratio
	270.451
	7
	<0.001



	N of Valid Cases
	56,009
	
	







a 0 cells (0.0%) have expected count less than 5. The minimum expected count is 39.14.
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