
1 
 

Identifying patterns of general practitioner service utilisation and their relationship 1 
with potentially preventable hospitalisations in people with diabetes: The utility of a 2 

cluster analysis approach   3 

Author names and affiliations 4 

1) Ninh Thi Ha 5 

School of Public Health, Curtin University, Perth, Western Australia 6845, Australia  6 

thininh.ha@student.curtin.edu.au 7 

2) Mark Harris 8 

School of Economics and Finance, Curtin University, Perth, Western Australia 6845, Australia  9 

mark.harris@curtin.edu.au  10 

3) David Preen 11 

Centre for Health Services Research, School of Population and Global  Health, The University of Western Australia, 35 Stirling Highway, 12 

CRAWLEY WA 6009, Australia 13 

david.preen@uwa.edu.au 14 

4) Suzanne Robinson 15 

School of Public Health, Curtin University, Perth, Western Australia 6845, Australia  16 

Suzanne.robinson@curtin.edu.au 17 

5) Rachael Moorin 18 

School of Public Health, Curtin University, Perth, Western Australia 6845, Australia  and School of Population and Global Health, The 19 

University of Western Australia, 35 Stirling Highway, CRAWLEY WA 6009, Australia 20 

r.moorin@curtin.edu.au 21 

Corresponding author 22 

Ninh Thi Ha 23 

Email: thininh.ha@student.curtin.edu.au  24 

School of Public health, Curtin University, Perth, Western Australia 6845, Australia  25 

  26 

mailto:thininh.ha@student.curtin.edu.au
mailto:mark.harris@curtin.edu.au
mailto:david.preen@uwa.edu.au
mailto:Suzanne.robinson@curtin.edu.au
mailto:r.moorin@curtin.edu.au
mailto:thininh.ha@student.curtin.edu.au


2 
 

Abstract  27 

Aims: We aimed to characterise use of general practitioners (GP) simultaneously 28 

across multiple attributes in people with diabetes and examine its impact on diabetes 29 

related potentially preventable hospitalisations (PPHs). 30 

Methods: Five-years of panel data from 40,625 adults with diabetes were sourced 31 

from Western Australian administrative health records. Cluster analysis (CA) was 32 

used to group individuals with similar patterns of GP utilisation characterised by 33 

frequency and recency of services. The relationship between GP utilisation cluster 34 

and the risk of PPHs was examined using multivariable random-effects negative 35 

binomial regression. 36 

Results: CA categorised GP utilisation into three clusters: moderate; high and very 37 

high usage, having distinct patient characteristics. After adjusting for potential 38 

confounders, the rate of PPHs was significantly lower across all GP usage clusters 39 

compared with those with no GP usage; IRR=0.67 (95%CI: 0.62-0.71) among the 40 

moderate, IRR=0.70 (95%CI 0.66-0.73) high and IRR=0.76 (95%CI 0.72-0.80) very 41 

high GP usage clusters. 42 

Conclusions: Combination of temporal factors with measures of frequency of use of 43 

GP services revealed patterns of primary health care utilisation associated with 44 

different underlying patient characteristics. Incorporation of multiple attributes, that 45 

go beyond frequency-based approaches may better characterise the complex 46 

relationship between use of GP services and diabetes-related hospitalisation.  47 

Keywords:  Cluster analysis; primary health care; potentially preventable 48 

hospitalisation; diabetes; data linkage.  49 

 50 
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1. Introduction  52 

Diabetes is an increasing public health issue causing a substantial burden on health 53 

care systems around the world [1]. In Europe, the number of people with diabetes 54 

was nearly 60 million in 2013, and is estimated to increase to 70 million by the early 55 

2030s [2]. Similarly, in the United States the prevalence of diabetes was estimated at 56 

29.1 million in the national report in 2014 [3]. In Australia, a country of approximately 57 

24  million people, the prevalence of diabetes was about 1.2 million in 2014-15 [4] 58 

and is estimated to increase to 3.4 million by early 2030s [5].The condition costs the 59 

Australian Health system more than $AU6.5 billion each year [5]. Diabetes is 60 

considered an ambulatory care sensitive condition [5], and consequently enhancing 61 

primary health care to better manage diabetes has been a major approach in the 62 

health care system of Australia [5, 6].  63 

The literature suggests that better primary health care delivery reduces the risk of 64 

hospitalisations for ambulatory care sensitive conditions in general [7-9]. With 65 

respect to diabetes, a recent systematic review indicated that regular primary care 66 

was associated with reduced risk of hospitalisation [10]. However, other aspects 67 

such as frequency of visits or access to primary health care show inconsistent 68 

results [10].   69 

In Australia, primary care services, mainly provided by general practitioners (GP), 70 

are subsidised through a universal health insurance scheme, Medicare, on a fee-for-71 

service basis [6]. Dedicated financial incentives have been provided under Medicare 72 

for GPs to provide comprehensive care for diabetes [6]. However, to our knowledge, 73 

limited research has evaluated patterns of utilisation of primary health care services 74 

for people with diabetes and their impact on health outcomes. Current studies are 75 

limited to examining the utilisation of primary health care based on single indicators 76 

such as frequency [6] or regularity of services used [11].  77 

Since patterns of primary health care utilisation are likely to be complex, more 78 

advanced approaches that account for multiple factors are required to more 79 

accurately classify and discover meaningful patterns of primary health care utilisation 80 

by people with diabetes. K-mean cluster analysis, a data-driven approach, is capable 81 

of taking into account multiple dimensions simultaneously and is suitable for use with 82 

large datasets [12]. The technique can classify individuals with similar characteristics 83 

into homogeneous groups which can also maximise heterogeneity between groups 84 
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[12]. The technique has been applied to a variety of settings, for example, health 85 

behaviour [13]; health psychology [14]; health care cost analysis [12] and genetic 86 

classification [15].      87 

Thus, our study aims to apply K-mean cluster analysis to identify GP utilisation 88 

patterns using multiple attributes of GP usage among people with diabetes. We will 89 

also examine the impact of identified GP utilisation patterns on the risk of potentially 90 

preventable hospitalisations (PPHs). Understanding patterns of GP utilisation and 91 

how they impact on health outcomes is useful for planning health care provision 92 

targeted to encouraging particular patterns in utilisation and enhancing the 93 

relationship between patients and their primary health care provider. 94 

2. Material and methods   95 

2.1 Data sources 96 

The Western Australian (WA) linked data used for this study comprised whole-of-97 

population administrative health data linked at the individual level, for residents of 98 

WA aged 18 years or older who were registered at any time on the WA Electoral 99 

Roll [16]. The data included a complete set of WA Hospital Morbidity Data 100 

System (HMDS) records; Medicare Benefit Scheme (MBS) claim records; WA 101 

Electoral Roll (ER) records; and WA mortality records for each individual 102 

subsequent to their first ever WA Electoral Roll record. Details of each dataset 103 

have been described previously [17]. In brief, the datasets provide statutory 104 

information on all hospitalisations (HMDS), claims for medical services out-of-105 

hospital including GP visits (MBS), dates individuals migrated in and out of WA or 106 

changed address while living in WA (Electoral Roll) and date/cause of death.  107 

2.2 Study population 108 

Annual panel data from 1998/1999 to 2003/2004 were constructed consisting of 109 

individuals with diabetes identified via HMDS or MBS data prior to the start of or 110 

in the baseline financial year (1998/99).  Diabetes mellitus was determined using 111 

the International Classification of Disease (ICD), 9th edition-clinical modification 112 

(ICD-9-CM) codes in HMDS records and MBS claims indicative of the presence 113 

of diabetes as described elsewhere [17]. All individuals were observed annually 114 

from the baseline year to 30 June 2004, last year living in WA or death 115 

(whichever occurred first) for any change in GP utilisation, hospitalisations and 116 

clinical and demographic characteristics. GP utilisation and demographic and 117 
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clinical characteristics were measured in the exposure year, and PPH outcomes 118 

measured in the following year. Only individuals who were alive and resident in 119 

WA for at least two consecutive years were included in the study. The couplet 120 

design (ie. comprising pairs of years, the exposure year followed by an outcome 121 

year) has been applied in recent publications [6, 17].  122 

Ethical approval was provided by The University of Western Australia and Curtin 123 

University Human Research Ethics Committees who exempted the study from 124 

obtaining individual patient consent. 125 

2.3 Study outcome and predictors 126 

2.3.1. Diabetes related potentially preventable hospitalisations 127 

The primary outcome measure was diabetes related potentially preventable 128 

hospitalisations (PPH) during the following-up year of each couplet. 129 

Hospitalisations were deemed PPHs based on either their principal diagnosis 130 

being identified by the National Health Performance Framework [18] as a 131 

diabetes related PPH or identification by  Davis et al [19] as associated with 132 

increased risk for people with diabetes. Principal diagnoses were captured using 133 

ICD-9-CM and Australian Modification ICD codes 10th revision (ICD-10-AM) 134 

codes included in the HMDS records (Appendix 1). 135 

2.3.2. Variables for GP usage clustering 136 

The goal of these cluster analyses was to identify patterns of GP service 137 

utilisation among people with diabetes. Candidate variables included in the 138 

cluster analyses were adapted from the customer relationship management 139 

framework proposed by Hughes (2005) [20] that capture both level of usage and 140 

strength of the relationship between patients acting as customers and GPs acting 141 

as primary care providers. Three main components suggested from the 142 

framework were Recency, Frequency and Monetary [20] which have been 143 

applied to healthcare data previously [21]. Since healthcare costs for Australia 144 

are covered by Medicare, with limited out of pocket payment from patients, the 145 

monetary component was not considered in our analyses. Greater recency and 146 

frequency are indicators of how well the relationship between  patients with 147 

diabetes acting in the role of a  customer and primary health care provider (GP) 148 

acting in the role of the  service provider has been maintained [21].  149 
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In our study recency of GP usage consisted of three factors including: (i) the 150 

average time interval between access of health care service capturing the overall 151 

interaction between patients and GPs, (ii) the standard deviation from the 152 

average time interval capturing the extent of consistency in service utilisation, 153 

and (iii) the longest time interval between services capturing the extent that 154 

patients were out of coverage of primary care. Since the mean and standard 155 

deviation values may be driven by extreme values, two alternatives to the 156 

recency variable group were also considered in the cluster analyses including (A) 157 

mean time interval, mean absolute deviation from the mean and the longest time 158 

interval and (B) median time interval, median absolute deviation from median, 159 

and the longest time interval. The results of cluster analysis of the three groups of 160 

variables were compared in table 1. The time interval was determined between 161 

the date of a GP visit and the date of the previous health care service provided 162 

either from a GP or hospitalisation.  163 

Frequency of GP usage was defined as the number of GP visits in a financial 164 

year. Those GP visits occurring within 14 days of the previous GP visit were 165 

counted as one GP usage to minimise over counting GP service utilisation, as 166 

those within 14 days of each other are likely to be associated with a single 167 

episode of care, for example where people may need to return to a GP to receive 168 

laboratory test results, rather than a subsequent discrete GP service as 169 

discussion with our GP experts.  170 

All indicators were measured within financial years. However, a three-year look-171 

back period was used, where necessary, to calculate the time interval between 172 

the first GP service in that year and the previous service. Three years was found 173 

to be the tie period that maximised capturing recency of GP utilisation for the 174 

cohort. Individuals having only one GP visit within a financial year were included 175 

in the cluster analysis if they had a previous health care service within the look-176 

back period to enable the calculation of recency of GP usage.  177 

2.3.3. Covariates 178 

For this study, a number of individual characteristics were included to control for 179 

potential confounders in the relationship between GP usage cluster and PPHs. 180 

Demographic characteristics included were age group (18-44, 45-59, 60-74 and 181 

≥75 years), gender, Indigenous status, quintile of the Census specific Socio-182 

Economic Indexes for Areas (SEIFA) Index of Relative Socioeconomic 183 
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Disadvantage [22] and quintile of accessibility to services [23]. Diabetes 184 

complications were identified using ICD codes suggested by Young, Lin [24] and 185 

classified into four groups (0, 1, 2 and 3 or more complications) according to our 186 

previously published methods [17]. The number of comorbidities was summed 187 

from a list of comorbidities suggested by Holman et al.  [25], excluding conditions 188 

classified as complications of diabetes. Regularity of GP visits was calculated as 189 

[1/(1+variance)] [9], where variance is a variance of the time interval between GP 190 

visits occurring within the financial year and classified into four quantiles. Number 191 

of specialist visits, and non-diabetes related hospitalisation were calculated within 192 

a financial year. Duration of diabetes was calculated in years.    193 

2.4 Statistical analyses 194 

Cluster analyses were conducted using different alternative combinations of 195 

recency and frequency of GP usage among those with at least one GP visit in a 196 

financial year. First, the values of the mean/median time interval, the standard 197 

deviation/absolute deviation of mean/median time intervals, longest time interval 198 

and frequency of GP visits were normalised by subtracting the minimum of each 199 

value and dividing that difference by the range of all values [12]. K-mean cluster 200 

analyses were then conducted on normalised values of recency and frequency of 201 

GP visits. The K-mean cluster approach was preferred as it is less susceptible to 202 

outliers in the data and is appropriate for use with large datasets [12]. The 203 

number of clusters was indicated using Calinski-Harabasz stopping rules for the 204 

options of 2 to 6 clusters, the large values of the Calinski-Harabasz pseudo-F 205 

index indicated distinct clustering [26]. Characteristics of final GP usage clusters 206 

were described using a box plot.  207 

Both descriptive bivariate and multivariate analyses were performed. Descriptive 208 

analyses were used to summarise characteristics of participants among no GP 209 

usage and each GP usage cluster in the baseline year. The results were 210 

presented as the mean and standard deviation (SD) for continuous variables and 211 

percentage for categorical variables. Multivariate analyses were conducted using 212 

random-effects negative binomial regression model (NB) for panel data and zero-213 

inflated negative binomial regression model (ZINB) with the inflated component 214 

contained in the intercept only. The Bayes Information Criterion (BIC) and Akaike 215 

Information Criterion (AIC) statistics were used to assess the fit of the model 216 

where NB with random effects was the preferred model compared to ZINB.  We 217 
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included Mundlak variables, defined as group-means of time-varying variables, to 218 

relax the assumption in the random-effects estimator that observed covariates 219 

were uncorrelated with the unobserved covariates [27, 28]. The group mean 220 

variables used were number of specialist visits and non-diabetes related 221 

hospitalisation. All analyses were conducted using STATA for Windows version 222 

14.1.  223 

3. Results  224 

Clustering results 225 

Table 1 presents summary results of cluster analyses with different groups of 226 

recency variables. The candidate group included mean time interval, mean 227 

absolute deviation from the mean, longest time to GP visit and frequency of GP 228 

visits; alternative A group included mean, standard deviation, the longest time 229 

interval and frequency; alternative B group included median, median absolute 230 

deviation from median, the longest time interval to GP visit and frequency of GP 231 

visits. Using the Calinski cluster stopping rule, all three groups identified three 232 

clusters. Compared with the candidate group, the other alternative groups had 233 

very high percentage of agreement in term of grouping subjects into a cluster with 234 

99.3% in the alternative A group and 95.5% in the alternative B group. The 235 

candidate group also had highest Calinski F index value. Thus, the results of the 236 

candidate group were kept to present in this paper (Table 1). Figure 1 and Table 237 

2 summarise the GP usage clusters from K-mean analyses. Three clusters were 238 

identified, including 1) moderate GP usage with mean time interval of 239 

approximately 10 months (296 days), standard deviation of about 4 months (115 240 

days), the longest time interval of 14 months (404 days) and frequency of  about 241 

2 times a year; 2) high GP usage with mean time interval to a GP visits of 3 242 

months (88 days), standard deviation of 1.5 months (48 days), the longest time 243 

interval of 5 months (147 days) and frequency of 3.7 times a year; and 3) very 244 

high usage with mean time interval of 1.5 months (40 days), deviation of 0.5 245 

months (20 days), the longest time interval of 2 months (76 days) and frequency 246 

of visit approximately 7.8 times a year.  247 

Characteristics of study population by GP usage cluster at the baseline year 248 

Basic demographic and clinical characteristics of the study population are 249 

described in Table 3 by no GP usage and each GP usage cluster. The majority of 250 

the study population had high (n=17 077, 42.0%) and very high (n=15 858, 251 
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39.0%) GP usage, were aged 45 years or older (86.2%), and were more likely to 252 

be male (51%), non-indigenous (92.7%), moderate to least disadvantaged 253 

(51.6%), and living in areas with moderate to high accessibility to services 254 

(93.4%).  Those with complications accounted for 43.3%% in the study 255 

population, higher in very high GP usage cluster (51.5%). The average number of 256 

comorbidities was 4.5 (SD3.6), the highest in those with very high GP usage 257 

cluster (mean 5.6; SD 3.5), followed by high GP usage cluster (mean 4.1, SD 258 

3.5), no GP usage cluster (mean 3.5; SD 4.4) and moderate GP usage cluster 259 

(mean 3.2; SD 2.9). The average duration of diabetes was 6.4 (SD=4.3) years, 260 

similar duration across GP usage clusters and the no GP usage group. None and 261 

low regularity of GP visits were observed across GP usage clusters, except the 262 

very high GP usage cluster. High numbers of hospitalisations were observed 263 

among those with no GP usage (average of 3.4 admissions), followed by the very 264 

high GP usage cluster (0.8 admissions), high GP usage cluster (0.7 admissions) 265 

and moderate GP usage cluster (0.2 admissions). 266 

Overall, the moderate GP usage cluster tended to be younger (25.1% aged 18-44 267 

years, and 37.7% aged 45-60 years), male (62.6%), Indigenous (10.1%), live in 268 

less accessible areas (25.7%), compared with both the high and very GP usage 269 

cluster (Table 3). The moderate GP usage cluster was less likely to have 270 

complications (27.2%); had a lower number of comorbidities (3.2 (SD 2.9)); was 271 

less likely to have regular GP visits (20.5%) and had a lower number of 272 

hospitalisation (0.2; SD 0.8) compared with both high and very GP usage clusters 273 

The no GP usage group was quite comparable to other GP usage clusters in 274 

term of age, gender, complications and comorbidity distribution. However, the no 275 

GP usage group had a higher proportion of individuals who were indigenous 276 

(23.7%), in the highest disadvantage SEIFA quintiles (31.1%) and resided in very 277 

remote areas (20.1%). 278 

 279 

Association between GP usage and the risk of hospitalisations 280 

The preferred model was the panel negative binomial regression model based on 281 

information criterion (AIC and BIC). The results show that GP usage across all 282 

clusters had a protective effect against the risk of PPH in the following year after 283 

adjusting for all covariates. However, the greatest protective effect was observed 284 

for individuals in the moderate GP usage cluster (IRR=0.67 (95%CI: 0.62-0.71). 285 
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The average adjusted predictions indicate that on average 0.25 PPHs per year 286 

(95%CI: 0.24-0.27) can be expected for those in the moderate GP cluster; 0.26 287 

per year (95%CI 0.259-0.27) for those in the high GP usage cluster and 0.29 per 288 

year (95%CI: 0.28-0.30) for those in the very high GP usage cluster, while those 289 

with no GP usage are estimated to have on average 0.38 hospitalisations per 290 

year (95%CI: 0.36-0.40) (Figure 2). 291 

 292 

4. Discussion  293 

This study aimed to reveal the latent pattern of GP contact using K-mean cluster 294 

analysis, a novel statistical technique, which overcomes many of the limitations 295 

associated with current studies by examining GP service use simultaneously 296 

across multiple attributes. Importantly we were able to include time intervals 297 

between service utilisations including average time interval, deviation of the time 298 

intervals and the longest time interval in assessing the patterns of GP service 299 

use which enhance the classification accuracy.     300 

The rationale behind our exploration of incorporating multiple attributes to 301 

categorise GP use is our hypothesis that using frequency or regularity of GP 302 

contact alone may be too simplistic, since individuals that have the same number 303 

of visits or the same regularity in a year may have differences in the temporal 304 

distribution of visits. Shorter time intervals between services in combination with 305 

more regular provision may reflect “proactive care” and the strengthening of the 306 

relationship between patients and their GP. In turn, proactive care may allow the 307 

opportunity for continuous improvement in self-management skills and health 308 

literacy which may assist in the prevention and early treatment strategies in the 309 

primary care setting [6, 29]. The characterisation of GP utilisation based on 310 

multiple domains of GP use has not to our knowledge been previously reported 311 

and, we argue represents an advance on current single domain methods. 312 

In our study, although the no GP usage group was comparable to other GP 313 

usage clusters in term of age and gender and disease severity, the group 314 

comprised higher proportion of disadvantage population (Indigenous status, 315 

highest disadvantage SEIFA and very remote). These findings highlight the 316 

existence of inequity in access of primary care for people with diabetes in 317 

particular sub-populations which have been previously reported in the literature 318 



11 
 

[30, 31] .The majority of individuals with diabetes were categorised in high or 319 

very high GP usage clusters. Those in high and very high GP usage clusters had 320 

high and very high recency and frequency of GP usage, respectively while those 321 

in the moderate GP usage cluster had both lower recency and frequency of 322 

contact. The clinical characteristics of each cluster differed significantly with 323 

those in the high or very high GP usage clusters more likely to have a higher 324 

number of complications and comorbidities compared with the moderate GP 325 

usage cluster. These results were in line with literature that showed higher health 326 

care service utilisation was observed among diabetes with multiple comorbidities 327 

and complications [32-34]. Thus, the multidimensional GP usage clusters 328 

identified in our study may be an indicator of patients’ clinical characteristics 329 

which is driving their health care needs. This represents an improvement on 330 

other more simplistic measures such as frequency that do not correlate well with 331 

health outcomes [6, 10].  332 

The literature does not show a consistent relationship between the level of 333 

primary health care and the risk of hospitalisation [7, 10]. While Comino et al. 334 

found that higher number of GP visits increased the risk of hospitalisation [6], 335 

other authors found an inverse relationship between the frequency of GP visits 336 

and hospitalisation [35]. Discordant results in the literature may be due to the 337 

complexity of the mechanism in the relationship between primary health care 338 

and hospitalisation, which may not be adequately captured by the number of GP 339 

visits [6]. Thus, use of a more complex measure of GP use, such as that 340 

developed in our study which incorporates several dimensions may be better 341 

suited to understand the risk of hospitalisation and help predict and contain the 342 

costs of healthcare for diabetes.  343 

Our findings support the hypotheses that GP contact reduces the risk of 344 

hospitalisation. However, the effect was not linear for each additional level of GP 345 

usage, with the highest effect observed among those with moderate GP usage 346 

cluster. This may be explained by characteristics of GP usage cluster, those with 347 

moderate usage were likely to be younger, have fewer complications and 348 

comorbidities than those with high and very high GP usage. The results were 349 

also supported by the health demand model of Grossman where health is 350 

considered as a durable capital stock that depreciates with age and can be 351 
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increased through investment in healthcare [36]. Thus, a finite lifetime increase 352 

in the depreciation rate of health may lead to an increase in demand for both 353 

preventive care and curative care [36, 37]. However, if primary health care can 354 

provide early treatment and prevention of illness, it would still be a substitute for 355 

hospital care in some instances [37].  356 

Strengths and limitations of the study 357 

The major strength of our study is that it was based on a large set of linked 358 

administrative data at the individual level that encompassed the whole-359 

population and a comprehensive range of health care services. The linked 360 

whole-of-population data allowed us to assess changes in both exposure and 361 

outcomes at the individual level over the follow-up period. The panel data 362 

structure contained information on both within and between individual variations 363 

enabling us to control for the effect of unobserved covariates [38]. Our study also 364 

applied a novel advanced analytic approach, cluster analysis, and customer 365 

relationship management framework to reveal previously hidden patterns of 366 

primary health care utilisation. These approaches allowed us to examine primary 367 

health care utilisation across multiple attributes simultaneously, and thus 368 

characterise a measure of GP utilisation that may facilitate a better 369 

understanding of the influence of primary health care in reducing the risk of 370 

hospitalisations among people with diabetes.  371 

Our study has some limitations. Comorbidity was accessed by a simple count of 372 

conditions which may not well capture actual health care needs although the 373 

measure is frequently used in the literature [6, 34, 39]. The analyses were limited 374 

to Australian citizens in one Australian State, due to the reliance on the WA 375 

Electoral Roll, and those with a previous diagnosis of diabetes captured by our 376 

data. Thus, the result may not be fully generalizable to all individuals living with 377 

diabetes, since the Electoral Roll is known to under-represent some groups such 378 

as Indigenous Australians and those aged under 21 years of age [40]. However, 379 

the use of longitudinal Electoral Roll data provided the ability to accurately 380 

capture person-time at risk, due to capturing movement in and out of the state 381 

[40]. Limiting the study to a single Australian State is unlikely to have significantly 382 

influenced the findings, since Australia has a single public health system, 383 

Medicare. Similarly, our reliance on linked administrative health data to identify 384 
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those diagnosed with diabetes limited the study to those who have previously 385 

accessed health services pathognomonic of diabetes and thus people living with 386 

diabetes who have never accessed diabetes-related health services are not 387 

represented. Individuals not included in our data are likely to be the lower 388 

severity patients who are less likely to need hospital care.  These limitations are 389 

common and well-known in administrative datasets and, because of the features 390 

of the excluded patients, are likely to have limited effect on our examination of 391 

the pattern of primary care utilisation and the relationship between the patterns 392 

of utilisation on the risk of hospitalisation in previously diagnosed diabetes.  393 

Through combining both temporal factors with measures of frequency of use of 394 

GP services our study revealed a latent pattern of primary health care utilisation. 395 

Incorporation of multiple attributes that go beyond a simplistic frequency-based 396 

approach may better characterise the complex relationship between use of GP 397 

services and diabetes-related hospitalisation. The study has demonstrated the 398 

ability of cluster analyses to provide a systematic formalised approach for 399 

exploring complex patterns of health service utilisation in large administrative 400 

datasets. Application the cluster analysis approach to other chronic conditions 401 

would be useful for accurate understanding patterns of service utilisation.  Future 402 

studies should further examine temporal factors in the provision of primary health 403 

care and evaluate what combination of time between visits, regularity and 404 

frequency of access to primary care would best improve health outcome and 405 

contain costs.    406 
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Results: Figures  515 
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Figure 2. Predictive margins the incident rate of diabetes related PPH 
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Results: tables  525 

Table 1 Cluster analysis outputs with different groups of recency variables  526 

  527 

  Group of Indicators used in K-mean cluster 

  
Candidate 
group 

Alternative 
A group 

Alternative B 
group 

Mean        

Median        

Mean absolute deviation from the 
mean       

Median absolute deviation from 
median        

standard deviation       

The longest time to GP visit       

Frequency of GP visits       

Cluster stopping (Cali´nski rule) 133805 132616 129095 

Number of clusters 3 3 3 

% of agreement vs. group 1  
(Kappa values)  - 99.3% 95.5% 
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 528 

Table 2 GP usage clusters summary  529 

Clusters 
Mean 
(days) 

SD 
(days) 

The longest 
(days) 

Frequency of GP 
visits     

Moderate usage     

Min  75 0 225 1 

Mean 296.8412 115.0688 404.0527 1.919529 

Max 1093 744.5834 1095 8 

High usage    
Min  1 0 1 1 

Mean 88.19658 48.81665 147.0608 3.716618 

Max 230 178.1975 387 7 

Very high usage     
Min  5.2 0 9 5 

Mean 39.71341 20.81995 76.12468 7.819856 

Max 124.75 273.0432 947 17 

 530 

  531 
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Table 3 Characteristics of study population by GP usage cluster  532 

Characteristics 
No GP usage Moderate GP usage High GP usage Very high GP usage 

(N, (%)) (N, (%)) (N, (%)) (N, (%)) 

N (%) 4 198 (10.3) 3 492 (8.6) 17 077 (42.0) 15 858 (39.0) 

Age group (years)        

18-44 781 (18.6) 877 (25.1) 2,668 (15.6) 1178 (7.4) 

45-59 1059 (25.2) 1316 (37.7) 5,649 (33.1) 3543 (22.3) 

60-74 1183 (28.2) 1,016 (29.1) 6,655 (38.9) 7465 (47.1) 

≥75 1175 (28.0) 283 (8.1) 2,105 (  12.3) 3672 (23.2) 

Gender        

Female 1679 (40.0) 1307 (37.4) 7,912(46.3) 9002 (56.8) 

Male 2519 (60.0) 2185 (62.6) 9,165 (53.7) 6856 (43.2) 

Indigenous status        

No 3084 (76.3) 2911 (89.8) 15,197 (93.8) 14978 (96.5) 

Yes 961 (23.7) 329 (10.1) 1,003 (6.2) 549 (3.5) 

SEIFA        

Highest Disadvantage  1285 (31.4) 631 (18.4) 23,240 (19.2) 3435 (21.8) 

High disadvantaged 1037 (25.3) 918  (26.7) 4,797 (28.4) 4558 (28.9) 

Moderate disadvantage 573 (14.0) 593 (17.3)  2,381 (14.1) 2185(13.8) 

Less disadvantage 544 (13.5) 561 (16.3) 2,754 (16.3) 2416(15.3) 

Least disadvantage 645 (15.7) 728  (21.2)  3,691 (21.8) 3158 (20.0) 

Accessibility        

Very remote 825  (20.1) 251 (7.3)   611 (3.6) 79 (1.2) 

Remote  172 (4.0) 90 (2.6)  355 (2.1) 184 (1.1) 

Moderate  268 (6.5) 265 (7.7) 946 (5.6) 659 (4.2) 

Accessible  210 (5.1) 273 (7.9) 1,027 (6.1) 695 (4.4) 

Highly accessible  2619 (63.9) 2,552 (74.3) 13,926 ( 82.6) 14036 (89.1) 

Complication severity level        

No complication 1957 (46.6) 2,543 (72.8) 10,845 (63.5) 7694 (48.5) 

1 complication  746 (17.8) 385 (11.0)  2,372 ( 13.9) 2638 (16.6) 

2 complications 577 (13.7)  322 (9.2)  1,804 (10.5) 2266 (14.3) 

3+ complications 918 (21.9) 242 (6.9) 2,056 (12.0) 3260 (20.6) 

Number of comorbidity        

Mean (SD) 3.5 (4.4) 3.2 (2.9) 4.1 (3.4) 5.6 (3.5) 

Duration of diabetes (years)        

Mean (SD); 6.7 (4.4) 6.3 (4.2) 6.1 (4.2) 6.5 (4.4) 

Regularity quantiles     

No regularity 4,198 (100.0) 2,776(79.5) 3,315 (19.4) 0 

Quantile 1  716 (20.5) 6,684 (39.1) 287 (1.8) 

Quantile 2   4,719 (27.6) 2,972 (18.7) 

Quantile 3   1,497 (8.8) 5,917 (37.3) 

Quantile 4   862 (5.0) 6,682 (42.1) 

Diabetes related PPH        

Mean (SD) 2.5 (17.5) 0.07 (0.38) 0.25 (2.6) 0.25 (1.02) 

533 
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Table 4 Association of GP usage pattern and potentially preventable hospitalisation with and without adjustment for other covariates (results from 
random effects negative binomial regression) 

  Multivariate NB Adjusted multivariate NB  ZINB   

  IRR (95%CI) IRR (95%CI) IRR (95%CI) 

GP cluster usage           

No usage 1 (1; 1) 1 (1; 1) 1 (1; 1) 

Moderate usage 0.62*** (0.57; 0.66) 0.67*** (0.62; 0.72) 0.41*** (0.33; 0.50) 

High usage 0.67*** (0.64; 0.71) 0.70*** (0.66; 0.73) 0.40*** (0.35; 0.46) 

Very high usage 0.76*** (0.72; 0.79) 0.76*** (0.72; 0.80) 0.39*** (0.34; 0.45) 

Gender           

Males vs. females 1.06*** (1.03; 1.10) 1.07*** (1.04; 1.11) 1.24*** (1.13; 1.36) 

Age (years)           

18/44 1 (1; 1) 1 (1; 1) 1 (1; 1) 

45/59 1.20*** (1.12; 1.28) 1.21*** (1.14; 1.29) 1.10 (0.91; 1.32) 

60/74 1.74*** (1.64; 1.86) 1.73*** (1.62; 1.84) 1.44*** (1.20; 1.73) 

75+ 2.30*** (2.15; 2.46) 2.31*** (2.16; 2.47) 1.42*** (1.18; 1.71) 

Indigenous status           

Yes vs. No 1.47*** (1.37; 1.59) 1.50*** (1.39; 1.61) 2.18*** (1.79; 2.67) 

SEIFA           

Highest Disadvantage  1 (1; 1) 1 (1; 1) 1 (1; 1) 

High disadvantaged 0.95* (0.91; 1.00) 0.95* (0.91; 0.99) 0.96 (0.84; 1.09) 

Moderate disadvantage 0.95 (0.90; 1.00) 0.94* (0.89; 0.99) 0.86* (0.76; 0.97) 

Less disadvantage 0.98 (0.93; 1.03) 0.97 (0.92; 1.02) 0.95 (0.82; 1.10) 

Least disadvantage 0.93** (0.88; 0.98) 0.90*** (0.86; 0.95) 0.94 (0.81; 1.09) 

Accessibility           

Very remote 1 (1; 1) 1 (1; 1) 1 (1; 1) 

Remote  1.00 (0.87; 1.13) 1.00 (0.88; 1.13) 0.76* (0.59; 0.96) 

Moderate  0.97 (0.88; 1.08) 0.98 (0.88; 1.08) 0.84 (0.64; 1.09) 

Accessible  0.92 (0.83; 1.03) 0.92 (0.82; 1.02) 0.73* (0.57; 0.95) 

Highly accessible  0.89* (0.82; 0.98) 0.90* (0.83; 0.99) 0.97 (0.78; 1.21) 

Duration of diabetes (years) 1.03*** (1.03; 1.04) 1.04*** (1.03; 1.04) 1.05*** (1.04; 1.06) 

Complication severity level           

No complication 1 (1; 1) 1 (1; 1) 1 (1; 1) 

1 complication  1.33*** (1.27; 1.40) 1.27*** (1.21; 1.33) 1.05 (0.94; 1.18) 

2 complications 1.68*** (1.60; 1.77) 1.58*** (1.51; 1.66) 1.57*** (1.37; 1.80) 

3+ complications 2.12*** (2.02; 2.22) 1.90*** (1.81; 2.00) 2.72*** (2.34; 3.15) 

Number of comorbidities 1.07*** (1.06; 1.07) 1.04*** (1.03; 1.04) 1.07*** (1.05; 1.09) 

Number of specialist services 1.01*** (1.01; 1.01) 0.99*** (0.98; 0.99) 0.97*** (0.96; 0.98) 

Non-diabetes related hospitalisation 1.05*** (1.02; 1.09) 0.99 (0.96; 1.02) 0.99 (0.90; 1.10) 

Diabetes related hospitalisation lag1     1.36*** (1.31; 1.40) 4.65*** (3.94; 5.49) 

Diabetes related hospitalisation baseline     1.11*** (1.07; 1.14) 1.14* (1.02; 1.27) 

Group mean number of specialist visits     1.04*** (1.04; 1.05) 1.06*** (1.05; 1.08) 

Group mean non-diabetes related 
hospitalisations     1.60*** (1.50; 1.72) 1.89*** (1.52; 2.36) 

AIC 191782.6   190686.5   202182.5   

BIC 192075.6   191019.9   202515.9   

Exponentiated coefficients       
="* p<0.05  ** p<0.01  *** p<0.001"     
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Table 5 Margin incident rate of diabetes related PPH 

 

 
GP usage Incidence rate 

95% CI 
 

No GP usage 0.38 0.36 0.40 

Moderate GP usage 0.25 0.24 0.27 

High GP usage 0.26 0.26 0.27 

Very high GP usage 0.29 0.28 0.30 


