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Abstract  

Introduction and Methods: This research focused on the quality of healthcare services for Māori and Pacific 

Islanders. New Zealand (NZ) public hospital discharges data from 2005 to 2015 has been used, the process 

of extracting meaningful data was challenging as well as crucial task. The extracted data was imported to 

the Power BI analysis platform to create corresponding categories and reports. Based on the extracted data, 

a prediction model has been developed to predict the trends for patients with a specific chronic disease, 

external injuries and operative procedures based on the previous/historic data.  

Analysis: Initial exploration suggests that the service demand increased from 138,656 in 2005 to 163,386 

in 2015. People with external injuries increased from 32,726 in 2005 to 48,326 in 2015. The number of 

operative procedures reached the peak point in 2012 (298,231), then declined to 244,799 in 2015.  

Results and Conclusion: The results show the ‘disease’ rate of Māori and Pacific Islanders is about 17.84% 

(n=138,656). ‘Factors influencing health status and contact with health services’ are the leading cause of 

health services utilization. We successfully analyzed the diseases with highest incidence rate and key 

characteristics of this group of patients. This research concluded with a series of key findings on the disease 

types including injuries, procedures, and services. 
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1. Introduction and Background 

New Zealand, in common with most developed countries, is expected to experience significant population 

ageing in the coming decades [1]. The absolute number of people suffering from disease or injuries is 

increasing rapidly, which results in increased healthcare cost, service demands and management.  

The public hospitals in New Zealand face enormous pressure to reduce costs, manage high-service demands 

and provide quality services for all New Zealanders. In New Zealand, the adverse events are estimated to 

cost the medical system approximately 870 million NZD, of which 590 million NZD are spent towards 

treating preventable adverse events. The results suggest that up to 30% of public hospital expenditure goes 

toward treating an adverse event [2-5] 

In this research, 54,360 records were analyzed from NZ public hospital discharge database to present a 

variety of trends. From the literature review, it is evident that there is a substantial research currently going 

on in the prediction of re-admissions, hospital length of stay and the cost of a particular disease. This 

research focused on the analysis and prediction of disease types, external causes, and operative procedures 

with respect to ethnicity, age and gender, especially with the Māori and Pacific Islanders demographic. The 

aim is to investigate the common disease found among Māori and Pacific Islanders and its related age 

group.  

2. Methods  

2.1. Design, Material and Data Resource  

Firstly, the analysis aims to present interesting trends and patterns based on the age, sex and ethnicity, 

which is beneficial to decision-making for public hospitals in New Zealand. Despite some limitations, the 

comorbidity score derived from hospital discharge data provides an important enhancement to population-

based disease research [4]. Secondly, build a data mining model to predict the numbers of patient suffer 

from particular disease according to the historical data, which could help the hospital management for future 

planning. 



The discharge dataset consisted of 10 excel files from 2005 to 2015, which consists of three categories. The 

first category presents the ‘internal’ (illness/diseases) causes led to being in a hospital, it contains twenty 

disease types. The second category is related to external causes such as transportation accidents, falls, 

mechanical forces, etc. The last category is regarding the operative procedures including the nervous 

system, eye and adnexa and endocrine system, etc.  

The data for each year contains approximately ten excel sheets. In order to make the data ready to be 

analyzed, it is necessary to convert data into a desirable format. Finally, all of the extracted data were 

processed and stored in three tables of database. The first table is made of nine columns (ID,Yyear, 

Diseasetype, Ethnicity, Agegroup, Gender, Meanstay, Daycases, Numbers); the second table consists of 

nine columns (ID, Yyear, Injurytype, Ethnicity, Agegroup, Gender, Meanstay, Daycases, Numbers) and the 

third table is formed from nine columns (ID, Yyear, Procedurestype, Ethnicity, Agegroup, Gender, 

Meanstay, Daycases, Numbers). To visualize this data, Power BI tool was used to develop relevant reports, 

which is a popular data analysis platform. The data stored in a database could be linked directly to Power 

BI desktop via the system interface. 

2.2. Data Description 

The total dataset was of 1,566,501 patients in the research data samples. The sample percentage of Māori 

is found to be 70%, much higher than that of Pacific Islanders and the proportion of male and female is 

about 6:4. In terms of age group, the rate of fall in diseases for ‘0-5’ years and ‘20-25’years is 23% and 

11% respectively, which is much higher than other age groups. According to the 2013 census data, there 

were 4.8% of people aged 15-29 years, 6.1% of Māori and 4.8% for Pacific people respectively [3]. 

2.3. Data Preprocessing and Preparation 

Data pre-processing is one of the essential steps to prepare data so that data mining technique applied to it 

produces high-quality and accurate output patterns [9]. The raw data could not be analyzed by Power BI 

desktop directly, so it was necessary to import it to SQL server 2008. Total of 60 excel sheets were imported 



to a database including disease types, external causes and operative procedures with different genders, 

ethnicities and periods.  

Stored procedures were programmed to process raw data, such as adding columns, splitting columns, 

updating values, creating views, and reducing data range, this was done to extract the desirable data. We 

faced challenges in pre-processing due to the determination of fine distinctions among 60 excel sheets, it 

required adjustments to the parameters of stored procedures and also involved filtering redundant. Finally, 

three tables accommodated the desirable data. There are total nine columns or features, ‘ID’ is auto-

increment column from 1, ‘Yyear’ stands for the year of disease happened, ‘Ethnicity’ including Māori and 

Pacific Islanders, age group ‘0-’ means age range from 0 to 5. ‘meanstay’ means average long of stay in 

hospital, ‘Daycases’ stands for the number of cases happened in daytime. In table 2, ‘injurytype’ stands for 

injury types and ‘Procedurestype’ means operative procedures type over the ten years from 2005 to 2015. 

  



Table 1: Disease Type for Māori 

ID Yyear Diseasetype Ethnicity Agegroup Gender Meanstay Daycases Numbers 

1 2005/1/1 0:00 G00-G99 Māori 0- M 7 403 110 

2 2005/1/1 0:00 H00-H59 Māori 50- M 2.4 469 29 

3 2005/1/1 0:00 D50-D89 Māori 35- F 3.7 306 38 

4 2005/1/1 0:00 A00-B99 Māori 15- F 3.5 457 117 

Table 2: Injury Types for Māori 

ID Yyear Injurytype Ethnicity Agegroup Gender Meanstay Daycases Numbers 

1369 2005/1/1 0:00 V01–V09 Māori 0- F 8.5 15 8 

1370 2005/1/1 0:00 V01–V09 Māori 10- F 8.5 15 10 

1371 2005/1/1 0:00 V01–V09 Māori 15- F 8.5 15 13 

1372 2005/1/1 0:00 V01–V09 Māori 20- F 8.5 15 3 

  



Table 3: Procedure Types for Māaori 

ID Yyear Procedurestype Ethnicity Agegroup Gender Meanstay Daycases Numbers 

1 2005/1/1 0:00 1-86 Māori 0- F 7.6 411 192 

2 2005/1/1 0:00 1-86 Māori 10- F 7.6 411 55 

3 2005/1/1 0:00 1-86 Māori 15- F 7.6 411 76 

4 2005/1/1 0:00 1-86 Māori 20- F 7.6 411 72 

 

Power BI is a cloud-based business analytics service that gives a single view of data. Power BI can read 

data from SQL server database directly, any data changes would update the reports of Power BI in real 

time. 

3. Prediction Model  

WEKA was used to build the predictive model, the WEKA program is written in Java, is available freely 

on the web and comprises a variety of data-mining algorithms [10]. There are five algorithms could be 

applied to predict numbers such as linear regression, M5P regression and model trees, K nearest neighbor 

(KNN) and baseline predictor. KNN method is a popular classification method in data mining and statistics 

because of its simple implementation and significant classification performance [11]. KNN was used to 

predict classification problems and also used to have a good performance in numeric prediction. In this 

research, we used the KNN model with adjusted parameters to get reasonable results. 

Bagging is a supervised learning approach that allows several models to have an equal vote in classification, 

which helps if the weak learning algorithm is unstable due to small changes in the input data. Hence, 

bagging can hardly improve the k-NN prediction on account of its stability [12]. Bagging has the ability to 

improve the performance of prediction models, especially for avoiding over-fitting [13]. In this research, 

bagging-based ensemble KNN was used to improve the ability to numeric prediction. 



3.1. Training and Testing Dataset      

Machine learning methods can achieve satisfactory performance with sufficiently well-labeled training 

dataset [14].  In total there are 14,400 records in the first table ‘Table_disease’, which consists of two parts, 

training dataset, and testing dataset. We selected 70% of data for training and 30% for testing. Models were 

developed on the training dataset and evaluated on the testing datasets [15]. Testing dataset is used to assess 

the performance of model according to the running results such as accuracy and mean absolute error. 

3.2. Statistical Analysis 

Figure 1 shows there are 2,446,318 people who suffer from a disease from 2005 to 2015, the children range 

from 0 to 5 years old account for most of the total population, with 14% and 7% for Māori and Pacific 

Islanders respectively. The age ranges for Māori was from 85 to 90 years with n=17,204, the percentage of 

Māori people who suffer from disease is a little bit more than that of Pacific Islanders. On the whole, the 

numbers of Māori people suffer from disease is about 2.2 times higher than that of Pacific Islanders, based 

on the percentage of 68.95% and 31.05% for Māori and Pacific Islanders respectively [16].  

Figure 1 Rates of different age-group suffer from disease                             Figure 2 Top six diseases group by years 

Figure 2 presents the rates of top six diseases between Māori and Pacific Islanders over the years. The 

disease types ‘Z00-Z99’ (Factors influencing health status and contact with health services) is responsible 

for the nearly 2.6% (40,732) of the total disease types before 2013. A stable increase was found for ‘S00-

T98’ (Injury, poisoning and certain other consequences of external causes) and ‘K00-K93’ (Diseases of the 

digestive system). The percentage of ‘R00-R99’ (Symptoms, signs and abnormal clinical and laboratory 

findings, not elsewhere classified) showed most rapid increment over ten years. The trend of disease type 



‘O00-O99’ (Pregnancy, childbirth, and the puerperium) did not fluctuate, the proportion was nearly 2% 

throughout the analysis period. 

Figure 3 shows the trend for the total number of people (Māori and Pacific Islanders) suffering from disease 

year by year. In the 2005, the number was about 210,113 and in 2015 it was 265,798 emphasizing a 

significant increase. We found the maximum increase among Māori who suffer from a disease with an 

increase rate is 9.39% was in 2008 (153,523) to 2009 (167,941). In contrast, the increasing trend could be 

observed in the year of 2007 and 2013. However, the number of Pacific Islanders decreases, which only 

happened in these two years. In the 2012, there were increasing number for both Māori and Pacific Islanders 

people, the medical treatment data could be analyzed to decrease the number of people with the particular 

disease in the future. Thailand has taken on the leadership role and has been able to dominate the normative 

processes of sub-regional disease control and in doing so has strengthened its own economic and national 

security [17]. 

Figure 3 Numbers of two ethnicities suffer from disease order by years            Figure 4 Numbers of two genders suffer from top ten disease 

Figure 4 illustrates the number of people with disease from different genders for top ten diseases in the year 

from 2005 to 2015. Among the top five disease types, the number of males is similar to that of female, 

however, in other five disease types excluding ‘S00-T98’, the number of female patients was found to be 

higher than that of male. In the type ‘S00-T98’ (Injury, poisoning and certain other consequences of external 

causes), the number of the male is around 1.5 times of female over the years from 2005 to 2015. 



The bar chart in figure 5 gives information about the proportion of top eight injuries types among Māori 

and Pacific Islanders people from 2005 to 2015. Figure 5 shows upward trends in the total injury types; the 

total number went up from 32,726 in 2005 to 48326 in 2015. The red line showed there was a sharp increase 

from 2008 to 2009. The injuries type ‘W20-W49’ (Exposure to inanimate mechanical forces) grew slightly 

each year, in the year of 2015, the amount of ‘W20-W49’ reached the peak point (14,643). The percentage 

of ‘W00-W19’ (Falls) and ‘Y83-Y84’ (Surgical and other medical procedures as the cause of abnormal 

reaction of the patient, or of later complication, without mention of misadventure at the time of the 

procedure) also increased gently, but they were still less than that of ‘W20-W49’. There were almost no 

changes in the injury types of ‘W50-W64’ (Exposure to animate mechanical forces) and ‘V40-V49’ (Car 

occupant injured in transport accident), which stayed the number of approximately 1,600 over the ten years. 

Most injuries types present upward trends except above two injuries types. 

Figure 5 Rates of injuries types group by years                                                Figure 6 Numbers of two genders group by injuries types 

Figure 6 illustrates the number of top eight injury types from both males and females over the 10 years from 

2005 to 2015. Overall, there were different tendencies due to different genders and injury types, in the first 

five injury types, the number of males is more than that of females. However, in the last three injury types, 

number of females was higher when compared with the male patients. In the injuries type of ‘W20-W49’, 

the biggest gap between males and females could be observed, the number was 35,335 and 14,677 

respectively. In ‘V40-V49’ and ‘Y83-Y84’, we found similar number of males and females, the numbers 

were about 7,500 and 35,000 respectively. The largest number of people who suffer from injuries is from 

‘Y40-Y84’ (Complications of medical and surgical care), regardless of their gender. 



Figure 7 shows the proportion of top ten procedure types for males and females, we found that the procedure 

type ‘1820-1922’ (Noninvasive, Cognitive and Other Interventions, not elsewhere classified) was the 

highest, which account for about 16% and 14% for females and males respectively. The percentage of 

‘1040-1129’ (Procedures on Urinary System) was relatively low, which was about 2% males and females. 

Female-only procedure types were ‘1330-1347’ (Obstetric Procedures) and ‘1240-1299’ (Gynecological 

Procedures). However, for most of procedures types, the proportion of males and females were equal over 

the ten years. Overall, except ‘Obstetric Procedures’ and ‘Gynecological Procedures’, the number of other 

operative procedures were not influenced by gender from 2005 to 2015.  

Figure 7 Rates of gender and procedures types                                              Figure 8 Rates of gender and ages on procedures types 

Figure 8 shows the percentage of males and females on procedures from different age groups over the ten 

years from 2005 to 2015, the age group with the largest proportion is 0-5 years old, with over 5% and 7% 

for female and male respectively. Whereas the group 85y – 90y had the smallest proportion, the number is 

about 0.44% (11,560). Apart from age group 0-5, the group ’20-25’ has the largest proportion with 7.93% 

and 2.39 for female and male respectively. We found that there was a huge gap between male and female 

for ages ranging from 0 to 40, the total number of female procedures were much more than that of the 

males. However, the number of females tend to be similar to the number of the males when the age exceeded 

40 years old. In the age group ’20-25’, the gap between different genders is largest, which is similar to age 

group ’30-35’ and ’35-40’. 



4. Building the Model 

4.1. Training the Model 

The quantity of the dataset was large enough for training and testing the proposed model [18]. For training 

the model, balanced samples were used for each period [19]. The training dataset consists of 9,838 records 

from Māori and Pacific Islanders, the age ranges from 0 to 85y, which contains 18 age groups in total. The 

performance of prediction model mainly depends on the number and the quality of training dataset. The 

training dataset accounted for about two-thirds of all data on disease types. In terms of algorithms, WEKA 

was used to build a model and predict the numbers of patients experience from a particular disease. WEKA 

provided four models which could be used in numeric prediction such as linear regression, M5P regression, 

kNN and baseline predictor. The first three models were selected and compared for choosing the best model, 

the mean absolute error, correlation coefficient, root mean squared error and root relative squared error 

were the four-key metrics in judging the model’s overall performance.  

Figure 9 shows the results from three different algorithms, the outcomes of training models were output in 

terms of the mean absolute error, correlation coefficient, root mean squared error and root relative squared 

error, taking ‘mean absolute error’ as an example, the results are 18.96, 148.13 and 50.65 respectively. 

Similarly, other three results can be seen in table 4. 

Table 4: Outputs from the three different models – kNN, Linear Regression and M5P Regression 

Algorithm Dataset FS 

Number 

of 

Features 

Correlation 

Coefficient 

Mean Absolute 

Error 

Root Mean 

Squared Error 

Root Relative 

Squared Error 

kNN Training no 7 1.00  18.96  44.41  10.04  

Linear Regression Training no 7 0.53  148.13  384.57  85.45  

M5P Regression Training no 7 0.91  50.65  183.62  40.67  

Based on these four results, kNN was selected as a good performance than other modes. kNN is a non-

parametric prediction algorithm. It searches the K most similar feature vectors within the historical database 

to predict future values [20]. However, the kNN performance showed that our models required further 

refinement.  



4.2. Model Evaluation  

Data mining consists of a cycle of generating, testing and evaluating various algorithms/models [21]. The 

evaluating model plays a significant role in the process of numeric prediction, which aims to identify the 

best model. There are four metrics used to assess the performance of prediction model. Correlation 

coefficient method was used to evaluate the correlation between two variables in the field of statistics [22]. 

The value ranges from 0 to 1 where, 1 indicates there is a strong positive relationship between variables. 

Mean absolute error was used to measure the difference between the predicted value of the classifier and 

the actual result. Root mean squared error is to describe the dispersion degree of the sampling distribution 

of the corresponding sample statistics and the measure of the sampling error size of the corresponding 

sample statistics. 

Root relative squared error sometimes does not reflect the true size of the error, while the proportion of the 

true value error has a good reflection on true value error. Based on the above running results, the correlation 

coefficient of (Instance Based Learner) IBK is 1 with a low mean absolute error about 18, so IBK was 

selected as the best model to predict the number of patients require health services in future. The testing 

dataset was used to test the model of IBK, but the results were not accurate enough as expected, so a few 

measures was taken to improve the performance of prediction models, such as adjusting parameters or 

bagging.  

4.3. Feature Selection 

Feature selection was found to be effective to remove the attributes which are not relevant to the prediction 

results. Once the superfluous attributes were removed from training dataset, the performance of model was 

improved [23]. In this research, we used wrapper method to select the key features. Wrapper methods 

depend on a specific learning algorithm in evaluating the selected subset of features, comparing to other 

families, wrappers are more accurate since they consider the relations between the features themselves [24]. 

The wrapper selects a subset of features by assessing the performance of learning method. After the feature 



selection is implemented, the columns ‘Meanstay’ was removed. Moreover, in order to avoid the influence 

on the performance of model, the column ‘ID’ was also removed from training dataset. 

4.4. Refining the Model with Bagging and Adjusting Parameters 

Bagging is one of the earliest ensemble methods using the bootstrap sampling technique. The bootstrap 

technique samples randomly with replacement to generate multiple samples forming a training set [25]. We 

used bagging with KNN to generate a new model, then compared the results between a new model and 

other models. Each of the generated subsets is used to construct the decision tree and they are later 

aggregated into the final model. The output results are in table 5 (K=1, training dataset) with improvement 

in the mean absolute error, root mean squared error, and root relative squared error except for the correlation 

coefficient.  

A poorly chosen nearest neighborhood parameter leads to an underlying probability density estimate that 

does not represent the data well [26-27]. A small or large ‘K’ will have a negative influence on the 

prediction results, so it is important to choose a proper k value for KNN algorithm, which stands the number 

of neighbors to use. The test results (as shown in table 5 (K=1, testing dataset) were, mean absolute error 

was about 27, root relative squared error was about 68, a correlation coefficient was 0.9899. 

Table 5: Results with feature selection 

Classifier Dataset FS K 
Number of 

Features 

Correlation 

Coefficient 

Mean Absolute 

Error 

Root Mean 

Squared Error 

Bagging (IBK) Training wrapper  1 6 0.9955  17.7073  43.3038  

Bagging (IBK) Training wrapper  2 6 0.9938  20.5910  50.9241  

Bagging (IBK) Testing wrapper  1 6 0.9899  27.1599  68.0228  

 



5. Results 

5.1. Outcomes  

The analysis shows an increase in the number of patients experience multiple diseases such as ‘J00-J99’ 

(Diseases of the respiratory system), ‘k00-k93’ (Diseases of the digestive system), ‘R00-R99’ (Symptoms, 

signs and abnormal clinical and laboratory findings, not elsewhere classified), which ranges from 138,656 

in 2005 to 163,386 in 2015, the increase was about 17.84%. Such growth may produce a huge medical 

burden to an individual and society. Māori people had a larger population of diseases than that of Pacific 

Islanders, the total female patients were about 1,169,485, which were more than that of the male patients. 

Moreover, we found that there is not any particular disease which only relates to Māori or Pacific Islanders.  

The analysis also contains external injuries information, the number of people suffer from external injuries 

dramatically rises to 48,326 in 2015 from 32,726 in 2005, the increase rate is about 47.69% although there 

is no significant increase in terms of the number of injuries types. The injury type ‘Y40-Y84’ 

(Complications of medical and surgical care) ranks first in all injury types over the ten years. In contrast, 

the injury type ‘W50-W64’ (Exposure to animate mechanical forces) was found to be stable, and there were 

no major outbreaks in those years.  

In terms of procedures types, the number of people who does the surgery reaches the peak point in the year 

of 2013, and then declined to 244,799 in the year of 2015, this highlight the variation in number of 

procedures and a health and economic burden related to diseases and surgeries in New Zealand over the ten 

years. 

6. Discussion 

This research comprises of data analysis and data prediction techniques and methodologies. Data analysis 

involves the distribution of disease types, injuries types, and procedure types over the ten years from 2005 

to 2015. Utilizing NZ public hospital dataset was challenging to ensures the data accuracy, the collected 

data consists of different dimensions such as age group, ethnicity, and gender, which provides useful 



information for medical research. Power BI was applied to create corresponding reports with plenty of 

dimensions and the building of model makes it feasible to predict numbers for the next year. 

Only Māori and Pacific Islanders people were studied in this research, patients from other ethnicities were 

not considered, which may fail to make the analysis results very representative in showing the trends on 

other ethnicities. In terms of prediction, there were five features in the extracted dataset, which could be 

used to form a training dataset for training model. Prediction model is still needed to improve and acquire 

a model with better performance, such as parameters optimization, trying other algorithms and enlarge the 

training dataset. 

In line with other similar research, we presented the trends of diseases in age groups range from new born 

to 85 years, ethnicity including Māori and Pacific Islanders for both male and female. Juyoung et al. [28] 

conducted a research to determine the prevalence trends of osteoarthritis (OA), rheumatoid arthritis (RA), 

and other types of arthritis in the United States from 1999 to 2014, which focus on the relationship between 

age group and OA and RA. A lot of data was analyzed to estimate the total costs of treating head and neck 

cancers, specifically oropharyngeal, laryngeal and oral cavity cancer, in secondary care facilities in England 

during the period 2006/2007 to 2010/2011 [29]. Spinal cord injuries nursing data elements are explored as 

a mechanism used in the prediction of patient length of stay by building prediction model with artificial 

neural networks [30]. 

7. Conclusion  

We successfully analyzed the diseases with the highest incidence, and the characteristics of the population 

with the highest incidence, such as age, gender, ethnicity, and so on. At the same time, external causes such 

as ‘Y40-Y84’,’W50-W64’ that lead to hospitalization were also analyzed. Finally, a series of analyses were 

conducted on the types of procedures in the 10 years (until 2015).  

Over the ten years from 2005 to 2015, the number of diseases for Māori and Pacific Islanders increased by 

17.84%. ‘Factors influencing health status and contact with health services’ was the leading cause of health 



loss, accounting for 25% of total diseases. The number of people with most diseases was on the rise, while 

the number of minority diseases was on the decline. The disease is concentrated in people aged 0-5 years, 

and the Māori population was larger than the Pacific Islanders. 

Hospitalization caused by various external causes had increased year by year, which increased the burden 

of public hospitals in New Zealand. In the year of 2015, the corresponding number was about 48,326, which 

show the trend of rising continually in the future. ‘Injury, poisoning and certain other consequences of 

external causes’ had raised to become the third-ranked cause of health loss in females and males. Providing 

better care for people living with their physical health – is a growing challenge for the health and social 

sectors.  

The procedure types also grew sharply, with the tipping pint reached in 2012 and then declined in 2015, 

which shows a good trend for the public hospital, although the population was increasing in those years. 

Summing up the experience leading to reducing operative procedures has a positive influence on allocating 

the resource of the public hospital.  

Several algorithms were selected to build a model, however, IBK algorithm was considered as the best one. 

In order to reduce prediction error, ‘bagging’ was combined with IBK algorithm to improve performance. 

The output of the prediction model might be helpful for the hospital management, policy and decision 

makers and also towards the future resource planning.  
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Appendix: Disease code, type and details 

Type Name 

A00-B99  I     Certain infectious and parasitic diseases 

C00-D48  II    Neoplasms 

D50-D89  III   Diseases of the blood and blood-forming organs and certain disorders involving the im 

E00-E90  IV    Endocrine, nutritional and metabolic diseases 

F00-F99  V     Mental and behavioural disorders 

G00-G99  VI    Diseases of the nervous system 

H00-H59  VII   Diseases of the eye and adnexa 

H60-H95  VIII  Diseases of the ear and mastoid process 

I00-I99  IX    Diseases of the circulatory system 

J00-J99  X     Diseases of the respiratory system 

K00-K93  XI    Diseases of the digestive system 

L00-L99  XII   Diseases of the skin and subcutaneous tissue 

M00-

M99  XIII Diseases of the musculoskeletal system and connective tissue 

N00-N99  XIV   Diseases of the genitourinary system 

O00-O99  XV    Pregnancy, childbirth and the puerperium 

P00-P96  XVI   Certain conditions originating in the perinatal period 

Q00-Q99  XVII Congenital malformations, deformations and chromosomal abnormalities 

R00-R99 

 XVIII Symptoms, signs and abnormal clinical and laboratory findings, not elsewhere 

classified 

S00-T98  XIX   Injury, poisoning and certain other consequences of external causes 

Z00-Z99  XXI   Factors influencing health status and contact with health services 
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