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ABSTRACT 
 
Objective: Adjusted hospital length of stay (LOS), widely used to benchmark hospital 
efficiency, does not account for community-driven variation. We estimate the extent to 
which community affects LOS for unplanned hospitalizations, whether this differs by 
complex needs, and identify communities significantly different from the provincial 
average. 
 
Methods: The outcome is LOS, adjusted for demographics and disease case-mix. 
Variation in LOS explained by community of residence is estimated using random 
intercept regression. Complex needs are defined using Elixhauser and Resource Intensity 
Weights. Small-area empirical Bayes estimates are calculated and mapped.  
 
Results: Community of residence is associated with adjusted LOS, and its effect differ by 
complex needs. Of 77 communities, 17 had an adjusted LOS differing from the 
provincial average. 
 
Conclusion: The community to which patients are discharged is associated with hospital 
LOS. Research is needed to understand why these communities are associated with 
longer or shorter adjusted LOS. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  



 viii 

LIST OF ABBREVIATIONS USED 

ALC Alternate Level of Care 

CI Confidence Interval 

CIHI Canadian Institute for Health Information 

CMG Case Mix Groups 

DAD Discharge Abstract Database 

DRGs Diagnosis-Related Groups 

EBLUPs Empirical Best Linear Unbiased Predictors 

EoL End-of-Life  

FSA Forward Sortation Area 

FY  Fiscal Year 

HCP Health Care Professionals 

HDNS Health Data Nova Scotia 

HRM Halifax Regional Municipality 

ICC Intra Class Correlation Coefficient 

ICD  International Classification of Disease 

LOS  Length of Stay 

LTC Long-Term Care 

MSI Medical Services Insurance  

MSSU Maritime SPOR SUPPORT Unit 

PCCF Postal Code Conversion File 

RIWs Resource Intensity Weights 

SARV Small Area Rate Variation 
SES Socioeconomic Status 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  



 ix 

ACKNOWLEDGEMENTS 
 
I would like to say a huge thank you to my committee members. I have felt very 

supported and encouraged throughout this whole process through your invaluable 

expertise and constructive feedback. To my co-supervisors, Dr. George Kephart and Dr. 

Leslie Anne Campbell, I don’t believe there are words to express how grateful I am to 

have had you two as my mentors and cheerleaders throughout this experience. George, 

since my first year where we began this thesis journey together, you have constantly 

encouraged, supported, and guided me. You have always kept my experience in this 

program and my future aspirations in mind through including me in relevant projects 

and teams (like IC3RG, the best group), and I have learned so much from all the 

experiences you enabled me to have. You always made yourself available when thesis 

tasks were getting frantic or when I needed moral support and provided me with the 

best advice you could give (don’t f*** up) when I was stressing out, and I appreciate 

that so much. Leslie Anne, you are incredibly knowledgeable, supportive and kind. I 

knew at any presentation, you’d be in the audience with your big smile, and it would put 

me at ease. You were someone I could talk to when I would get overwhelmed because 

you would always help me make a plan to get through it. I’ve learned so much from you 

and appreciate everything you’ve done for me. Dr. Pantelis Andreou, thank you so much 

for the amount of time you spent helping me with my methods and analysis. You made 

so much time for me when I needed support, while being constantly encouraging and 

kind. Dr. Grace Warner and Dr. David Stock, your quick turn-around in providing 

comments and feedback have been invaluable to getting me to this point, and I thank 

you both so much for that.  

 

I must also say another huge thank you to Tina Bowdridge and Kasia Wolkowicz. You 

two are most such incredible people, who always greeted me with a smile and were so 

understanding and helpful no matter how many stupid questions I asked. Kasia, your 

warm smile and encouraging attitude always helped me stay positive. Tina, your 

knowledge of…well everything, is unbelievable and I don’t know how I’d have figured 



 x 

everything out without you. You were always there for me when I needed to vent, 

needed help, or needed to talk about anything, and I am so thankful for everything you 

do. Another great group of individuals who deserve an acknowledgement is my cohort 

in the program. We have been so supportive of each other throughout this all; I have 

learned a lot from you and have always been excited to share these milestones.  

 

A specific thank you to Emily and Sally; you two are the most amazing friends a girl could 

ask for. Through working together to get through class all of first year, to always being 

there for me throughout this process, both the frustrating and exciting parts, I’ve always 

been able to turn to you two no matter what and receive nothing but support, empathy, 

and smiles. Some other amazing people who have supported me through this are Mike, 

Kylie and Mark. Mike, you went through this first and were always so helpful and 

encouraging, and I would have definitely taken longer to finish if you had not been 

happy to let me use the dataset you had worked so hard to put together, thank you. 

Kylie and Mark, you guys were much needed moral support and soundboards when I 

needed to talk, and I am grateful to have friends like you. Finally, to my parents and 

Devon; you all weathered the brunt of my moods when this process became frustrating, 

and you were the most excited for all the great times and experiences that came along 

with it. I love you all and know that I am so thankful for your support every day. 

 

Lastly, I would like to acknowledge my sources of funding and of data that enabled me 

to complete this thesis. The Maritime SPOR SUPPORT Unit (MSSU) supported this work 

through their Student Award, and Building Research for Integrated Primary Healthcare 

Nova Scotia (BRIC NS) through their Student Research Award. The data used in this 

report were made available by Health Data Nova Scotia of Dalhousie University. 

Although this research analysis is based on data obtained from the Nova Scotia 

Department of Health and Wellness, the observations and opinions expressed are those 

of the authors and do not represent those of either Health Data Nova Scotia or the 

Department of Health and Wellness. 



 1 

CHAPTER 1: INTRODUCTION 

When patients are not able to be discharged safely to their communities, they are likely to 

be kept longer in hospital, increasing their length of stay (LOS). This results in 

individuals remaining in hospital after they are no longer in need of inpatient acute care 

services. Longer hospital stays are of particular concern as they increase hospital 

expenditures and contribute to potentially harmful outcomes for patients.1–3 Longer than 

necessary LOS result from complex interrelationships between patient-level, hospital-

level, and community-level factors, though the community-level factors have been the 

least studied in the literature. 

 

Health care professionals (HCPs) highlight that when making discharge decisions, it is 

not only the medical status and care requirements of the patient that are taken into 

consideration. The community environment to which the patient is discharged is also an 

important consideration. Through a consultation process organized by the Maritime 

SPOR SUPPORT Unit (MSSU), HCPs involved in discharge planning shared, from their 

experiences, that organizing discharge to some communities are more difficult than 

others. They also described the large role family, a crucial component of community, 

plays in a safe and timely discharge; where the presence of family members able to act as 

supports and provide informal care greatly affects their confidence in discharging a 

patient home. These insights emphasize that longer than medically necessary LOS are 

impacted by a range of non-medical factors other than the continued need for acute care, 

community included. 

 

Communities can be viewed as complex adaptive systems of care that enable patients to 

overcome barriers to discharge.4 This approach is common in quality improvement 

frameworks.5–7 Complex adaptive systems of care encompass formal, informal and 

health-related supports, resources and services, and their interactions and relationships.8,9 

They house a multitude of formal health services and resources that support patients at 

discharge to help the transition home.10–12 Informal supports are also important for the 

patient in returning to their community. These include the presence of family and friends 

acting as supports or providing care, and community closeness.13,14 Other community 

attributes related to health such as socio-economic distribution, social integration and 
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housing can also impact the ability of an individual to be discharged home.10 This system 

of supports, resources and services, and their interactions and relationships can influence 

the ability of a community to support an individual being discharged home. This system 

also varies by context and is therefore specific to each community.4  

 

This integration, availability, comprehensiveness and quality are likely to be more 

important for some types of patients than others. Patients with complex needs arguably 

require more resources and supports, as well as greater integration between them, to be 

discharged home. The complexity of patients’ needs is not only a function of 

characteristics of the patient themselves but also of the ability of the system of care in 

meeting the needs of the individual.15 Co-occurring physical health conditions and the 

presence of mental illness can complicate someone’s care needs and material and social 

disadvantage can pose substantial barriers to meeting them.16–18 The interaction of 

supports, resources, and services in a community would therefore have to be of sufficient 

character and intensity to overcome barriers required to meet these needs, the complexity 

of which could vary by community.  

 

Though the role of community in affecting longer than necessary LOS may seem 

obvious, LOS has typically been used as an institution-centric benchmark hospital 

efficiency.19–23 Indicators of these longer than medically necessary LOS, such as alternate 

level of care (ALC) days and adjusted length of stay, are widely used in Canada to 

measure hospital performance and are a common target for quality improvement efforts 

to reduce hospital spending.24–26 In the Canadian context, the Canadian Institute for 

Health Information (CIHI), routinely reports average adjusted LOS as a performance 

measure for hospital.27 To appropriately target LOS and reduce longer than necessary 

LOS however, we need to look beyond hospitals to downstream community-level factors 

that facilitate patient transitions such as those that support recovery and management post 

discharge. This is supported by work from a team at the University of Calgary. They 

developed a conceptual framework to describe influences on LOS which includes 

community level factors.28 Recognizing the importance of community, they have since 

completed work testing risk-adjustment models for LOS that include community factors 

as important determinants.29 Therefore, in much the same way as measures of LOS have 
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been used as indicators of hospital performance, they could just as appropriately be used 

to measure the performance of communities in their ability to facilitate or impede 

discharge from hospital. 

 

There is a large body of research evaluating specific services or interventions at the 

community level designed to facilitate the transition from hospital to community. For 

example, there is a vast literature dedicated to the impact of resources that help in the 

transition home and the discharge planning or supports.12,30–33 However, it is important to 

recognize that these resources work as part of a system of care, and therefore evidence on 

effectiveness of a service or intervention may depend on the context in which it is 

delivered. Many of these works do not take into account broader health and social 

systems and most fail, or are unable, to consider the impact of variation in informal 

support, likely because these constructs are exceedingly difficult to measure.34 Without 

accounting for this contextual piece, the relevant evidence is difficult to synthesize into 

effective policy. Community systems are adaptive to policy or interventions which 

might act on a single element in this system of care, which can alter the interactions 

and relationships between these different supports, resources and services.35,36 Policy or 

interventions may be targeted at hospital discharge or on upstream factors in the 

community. Therefore, while an intervention might be successful in one community, it 

might not in others, depending on need deficits and components targeted. 

 

The aim of this study is to estimate the variation in case-mix adjusted episode LOS due to 

community of discharge for unplanned hospitalizations in Nova Scotia, and to identify 

communities that have higher or lower LOS as compared to the provincial average. 

Considering communities as complex adaptive systems of care, we estimate the variation 

in episode LOS, as an indicator of longer than medically necessary LOS. This will 

indicate how successfully individual communities, as systems of care, support discharge 

from hospital. We also assess if this variation is more pronounced for patients with more 

complex needs. This research aims to provide a more complete picture of the influence of 

downstream community-associated factors on longer than necessary LOS. These results 

provide a starting point for policy focused research to reduce longer than necessary LOS 

through improved and specific community-based care.  
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CHAPTER 2: BACKGROUND 

2.1 Hospital LOS 

According to 2014 data, 11.2% of Canada’s gross domestic product was healthcare.37 

Hospitals accounted for 30% of these healthcare expenditures, making up the largest 

portion of healthcare spending.38,39 Despite the extensive efforts to ensure that acute care 

facilities are used as intended, we continue to see them being used for transitional or 

long-term patient care. Ensuring hospital resources are used appropriately is important for 

both the efficient use of health care resources and management of hospital cost. Long 

LOS are a key factor driving hospital costs, and there has been an ongoing focus on 

mitigating avoidable high healthcare costs stemming from system inefficiency. 

 

In Canada, LOS in hospitals first received major attention in the 1990s. As the result of 

an economic recession, the 1990s were a period with major cutbacks in spending on 

healthcare. This meant reductions in federal cash transfers to provinces and a resulting 

high burden on provinces.40,41 As hospitals account for the largest portion of healthcare 

budget, as mentioned above, they were targeted for cost reductions.40,41 Funds were 

conserved through reductions in hospital admissions and LOS. The reduction in LOS was 

attributed to the increase in outpatient treatments,41,42 to the evolution and dramatic 

uptake of laparoscopic surgery (minimally invasive surgery cut down on recovery time in 

hospital),43 and to the reallocation of patients to healthcare settings more appropriate to 

their care needs.41 Reductions in LOS and admissions contributed to a drop of more than 

40% of acute bed days between 1984 and 1994.40 Importantly, this dramatic reduction did 

not result in any noticeable difference in the health of patients.40 These findings 

demonstrated that patients did not need to be kept in hospital as long as they had been 

previously. This marks the point in both research and policy where we began to search 

for the optimal LOS for patients, providing them with necessary care while minimizing 

resource expenditure associated with keeping them in hospital; a balance which would 

minimize negative health outcomes and cost. This is not a simple task, as LOS is affected 

by a multitude of factors that interact in complex ways, resulting in variation and gaps in 

understanding surrounding LOS.  
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When patients are no longer in need of acute care, remaining in hospitals can in fact be 

harmful. This is associated with an increased risk of the individual developing a hospital 

acquired infection, experiencing a decrease in function, and mortality.2 Beyond these 

negative physical outcomes, there could also be psychological or emotional consequences 

to patients and their families.2,3 A qualitative study evaluating the experiences of a small 

sample of 20 patients whose needs were no longer acute but they remained in hospital 

and their families, described the impact of this experience on the emotional well-being of 

patients.3 These patients were aware that they no longer needed to be in the hospital, and 

that the beds would be of better use to patients who need acute care. This generated 

feelings of guilt in the patients, who felt less deserving of hospital resources and therefore 

tried to minimize their burden on the staff, which lead to some basic needs of the patient 

being overlooked.3 The costs associated with hospital stay to themselves and their family 

members also added to the burden carried by the patients.3 The minimal social 

interaction, perceived loss of autonomy, and in some cases, reduced functional ability 

negatively impacted quality of life.3 Another potential negative impact of remaining in 

hospital beyond what is deemed medically necessary is the financial burden that may be 

placed on patients who are given a formal designation of no longer requiring hospital 

care. If days in hospital are the result of a failure in the system to support patients, they 

are likely able to remain in hospital with their cost covered by the publicly funded health 

care system. However, if the inability to be discharged rests on the lack of readiness or 

willingness on the part of family or friends to provide informal care, the patient may in 

fact be billed for their hospital stay while designated as not requiring hospital care. The 

ability for a patient to be discharged when they no longer require acute care is important 

for appropriate use of resources and the well-being of patients.  

 

Long LOS in hospital are not always unwarranted and may represent the situation of 

optimal use of resources and reduction of negative outcomes. Long LOS are medically 

necessary if the needs of the patient are best met through acute hospital care.44 They may 

also be necessary for the safety of the patient if there is no other, or more appropriate, 

system of care to meet their needs (though this is inefficient cost-wise compared to other 

settings). Formally, medically necessary LOS refers to the clinical need of the patient, 

including comorbidities and/or mental illness, as well as disease severity, acuity, and age. 
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Risk adjustments models, incorporating these characteristics, are used to determine how 

long a person might be expected to require acute care.45 Factors not related to acute care 

needs that may warrant a long LOS are related to the inability to safely discharge an 

individual to another setting. Reasons for this include the absence of family supports at 

home, unavailability of long-term care (LTC) beds, and lack or inaccessibility of 

healthcare resources, services, or supports in the community. If an individual cannot be 

safely discharged from hospital, then a longer LOS is likely to occur.  

 

2.2 Predictors of Medically Necessary LOS 

Risk adjustment techniques estimate medically necessary LOS include disease groupers, 

where individuals are grouped based on clinical characteristics or procedures. 

Comorbidity indices produce a score of disease severity based on comorbidities. These 

techniques, however, do not include other non-clinical factors that might affect LOS. In a 

systematic review done by a team from the University of Calgary, they found that risk 

adjustment methods were primarily disease groupers or comorbidity indices.28 They 

developed a framework which highlighted the need to consider other, non-clinical 

variables in risk-adjustment, highlighting community variables.28 This team has since 

done further work where they have run models predicting LOS where they include these 

non-clinical variables in their risk adjustments.29 The focus on the inclusion of clinical 

variables is to help distinguish how much of the hospital stay is medically necessary, to 

then determine the length of time spent in hospital beyond what is medically appropriate.  

 

A well-known disease grouper is diagnostic-related groups (DRGs). DRGs group patients 

based on their main diagnosis or procedure for the purpose of sorting individuals into 

groups that would have similar hospital stays or cost.28,46 This grouping system has 

historically been based of International Classification of Disease (ICD) coding schemes 

which have been updated since the DRG system was developed in the late 1960s.47 The 

DRG technique served as a base grouping technique which has been built upon to create 

other methods of grouping. One such method is the All Patient Refined Diagnosis-related 

Groups (APR-DRG), which uses ICD-10 codes and incorporates information on disease 

severity.28,46 Other methods include Refined Diagnostic Related Groups (RDRG), which 

incorporates the secondary diagnosis of the patient,46 and Diagnosis Related Groups of 
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the Health Care Financing Administration (HCFA-DRG), which aims to estimate the 

cost-intensity of patients and is categorized using the Major Diagnostic Category (MDC) 

of the patient.46 

 

The disease grouper most used in Canada is called Case Mix Groups (CMGs).46,48 CMGs 

use ICD Tenth Revision with Canadian Enhancements (ICD-10-CA), and with Canadian 

Classification of Health Interventions (ICD-10-CCI).48 Groups are based on Major 

Clinical Categories (MCC) (i.e., MDC) which is assigned based on the Most Responsible 

Diagnosis (MRDx) of the patient, the diagnosis for which the largest portion of LOS and 

resource use can be attributed.46,48 CMGs also incorporate five factors to  account for 

additional patient-level variation in LOS and resource use: age category and comorbidity 

level to estimate resource use predicted by age and multimorbidity-associated burden of 

disease; and flagged intervention, intervention event and out-of-hospital intervention to 

capture resource intensive interventions.46,48 The CMGs and these factors are used to 

calculate important hospital measures such as resource intensity weights (RIWs) which is 

a measure of expected hospital resource use, cost, and LOS.45 

 

Next, there are indices which specifically address disease severity or act as a comorbidity 

index.28 The Charlson Index is a commonly used index that was developed for the 

purpose of predicting 1-year mortality rates for hospital patients.49 This index considers 

the number of comorbidities as well as their severity.28,49 Another popular index based on 

mortality prediction among hospital inpatients is the Elixhauser Comorbidity Index which 

uses ICD codes for risk stratification.50 This index dichotomously assesses the presence 

or absence of each comorbidity category to predict resource use or in-hospital mortality.50 

More recently, the Johns Hopkins Adjusted Clinical Groups (ACG) system has been 

developed, which predicts healthcare utilization, but it broader in scope, using 

ambulatory and outpatient data.51 This method uses the ICD system to collect information 

on medical diagnoses, as well as demographic information to express morbidity using a 

proprietary algorithm.52 Sometimes comorbidity is captured as simply a count of either 

diagnoses or number of medications, which have been found to be strong predictors of 

hospital utilization and cost.53  
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2.3 Predictors of Longer than Medically Necessary LOS 

The time spent in hospital that is not acutely necessary is represented by different terms 

in the literature, including inappropriate hospital days, stays, use, or bed utilizations, 

prolonged length of stay, and delayed hospital discharges.2,54–60 There are two different 

approaches used to assess longer than medically necessary LOS. One approach is based 

on the formal designation of patients in hospital as no longer requiring acute care. In the 

Canadian context, the Alternate Level of Care (ALC) designation is assigned to 

medical/surgical inpatients who no longer require acute inpatient care.24,61 This represents 

the inability of the hospital to immediately discharge the patient to another setting that is 

better matched for their needs, most often a LTC facility or home.24,62 A second approach 

uses risk adjustment models to estimate patients’ expected stay in hospital , based on 

medical factors, and compares this to their observed days in hospital.26  

 

ALC designation is given by a HCP in hospital to a patient whose health needs are no 

longer appropriately matched to the acute care nature of hospitals.24,62 This designation is 

reported in the patient chart and contained in the discharge abstract which is collected and 

amalgamated by CIHI into the Discharge Abstract Database (DAD). According to 

2007/2008 data from CIHI, ALC patients accounted for 14% of hospital days, with the 

LOS averaging 10 days,24 however these numbers are likely an underestimation. Though 

the quality of the ALC data has been shown to be very high, with 100% reliability in the 

coding of ALC,24 the promptness of health care professionals in designating patients as 

ALC as soon as acute care is no longer required is likely variable, resulting in this 

suggested underestimation.24,25 This variability in designating patients as ALC could be a 

result of many factors: the reporting habits of the practicing health care professional, the 

loosely applied criteria,24 and the hopes of avoiding possible financial repercussions to 

patients who receiving this designation. 

 

The second approach uses risk adjustment models to estimate an adjusted measure of 

LOS. This adjusted LOS compares the number of days that the individual is expected to 

require acute inpatient care with the number of days the individual actually spent in 

hospital.26 For example, the CIHI employs CMGs, a risk adjustment technique described 

above, as well as other clinically related factors, to determine how long an individual is 
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expected to require acute care services, and therefore how long they are expected to stay 

in hospital.45 This expected LOS is calculated for typical hospital stays (no transfers, 

deaths or sign-outs without a pass), and compared to the actual LOS in hospital.45 Days 

spent in the hospital beyond this expected LOS could therefore mark the time spent in 

hospital beyond what is medically necessary. In the literature, there are various risk 

adjusters that have been included in models estimating risk-adjusted LOS, and the use of 

specific risk adjusters or the number of different risk adjusters to include in the model 

varies.28 There is also heterogeneity regarding the models that are best suited to estimate 

risk-adjusted LOS.28,29 

 

2.4 Known Influences on LOS 

LOS can be influenced by a combination of factors: those at the patient-level, hospital-

level, and community-level. As the determinants of medically unnecessarily long LOS 

are multifactorial, established risk adjustment methods only partially account for 

variation in LOS. Clinically related factors, such as age and disease profile are those 

typically taken into consideration in hospital risk adjusters while other important 

determinants such as social isolation, socioeconomic status (SES), income, education, 

and housing which can also impact the LOS, are not. It is important to account for all 

factors that legitimately affect resource utilization and LOS. The interaction between 

these different factors are complex, and together they may explain more of the variation 

in LOS than any one factor could alone.  

 

2.4.1 Patient-Level: Influences on Acute Care Needs  

Age is known to be associated with LOS.63 It can serve as a proxy for some biological 

factors that can complicate the needs of a patient, and is therefore an important factor in 

predicting LOS.64 Clinically, increasing age is a proxy for factors such as burden of 

comorbidity and frailty, and an overall decline in functional independence - all of which 

may impact how long the patient is required to stay in the hospital. Comorbidities are 

known to impact the LOS of the patient.63,65,66 Comorbidities can complicate the needs 

and the recovery of the patient, as well as extend the time to treatment and possibly 

length of the treatment. These scenarios could result in the prolonged need for hospital 

services, and therefore prolong LOS.63 Another important age-associated factor is frailty. 
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Frailty has been shown to be important to LOS.67–69 Similar to comorbidities, frailty 

could complicate the needs and recovery of the patient. Both in the case of comorbidities 

and frailty, another avenue through which they could affect LOS is by complicating 

discharge. To be safely discharged, an individual with comorbidities and/or who is frail 

may require a wider variety of health resources, professionals, or supports in their 

community. When considering specific disease groups, the literature highlights disease 

specific patient-level factors that affect acute care needs.70–76 

 

Mental illness is another important factor affecting the LOS of a patient. This is true for 

more severe and persistent mental illnesses and for mental illnesses that are often 

comorbid with other conditions.77,78 The presence of a mental illness could complicate 

the hospital stay of the individual through its competing demands with other 

comorbidities. It also can take a physical and mental toll on the body which could lead to 

longer LOS through the need of more care or resources. One possible mechanism for how 

a mental illness could have physical impacts, as hypothesized in a study assessing mental 

health and HIV/AIDS, is that a mental illness, depression in particular, could have a 

negative effect on immune function.79 This negative effect is not specific to immune 

function, as it has been described for cardiac health as well.80 These negative impacts on 

health could contribute to a longer LOS as the patient’s needs become more complex, 

requiring more resources. Furthermore, mental illness is related to high rates of 

modifiable risk factors for disease, such as higher BMI and smoking.81 These higher rates 

of modifiable risk factors would imply a greater burden of disease for individuals with 

mental illness. Therefore, theoretically their health needs would be further complicated, 

which may increase their LOS in hospital. 

 

The need and use of resources and supports to meet the health needs of an individual 

becomes greater during the last year of life.82 End-of-life (EoL) is a resource intensive 

time and may therefore make it difficult for an individual to be discharged home if the 

community cannot support their needs. Acute care has been found to make up the largest 

portion of the associated costs in the last year of life, indicating that individuals are 

spending a lot of this time in hospitals.82 Inpatient costs increase drastically in the last 

few months of life, once again indicating that this time is spent in hospitals instead of 
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other systems of care.82 Most patients at EoL, as well as their families, would prefer to be 

at home during this time, and there have been palliative care programs nested in 

communities shown to be successful in allowing patients to do so.83  

 

2.4.2 Patient-Level: Other Health-Related Influences on Need 

Along with the clinical characteristics directly related to acute need, there are other 

health-related factors that can affect LOS and complicate the health needs of an 

individual. These health-related factors, such as social isolation, social determinants of 

health and health behaviours are not captured in typical risk adjustment methods, as 

described above. Such factors may therefore contribute to hospital days that are beyond 

what is deemed to be necessary, as they affect the needs of an individual and go 

unmeasured in the estimation of LOS. 

 

Social factors can affect LOS as well complicate the care needs of an individual. Social 

isolation has been associated with delays in discharge.60 One mechanism through which 

social isolation could delay hospital discharge is through negative impact on physical and 

mental health.84 Another mechanism could be through the lack of supports when 

returning to the community; the success of home care programs for example are 

dependent on the support of informal caregivers, as they provide the bulk of care.13  

 

Socioeconomic status (SES) is another variable which factors into patient complexity and 

impacts LOS.85,86 SES is in part comprised of education and income. Lower levels of 

education and lower income, could generate disadvantages that prolong one’s hospital 

stay.87,88 Lower education levels are related to lower health literacy and poorer self-

management of disease, 89,90 both of which, in combination with other system factors, 

could affect the ability of an individual to return to their community in a timely manner 

after they no longer require acute care. Lower income can impact LOS through the ability 

for the individual to access the resources required for a safe discharge.91 Not all 

healthcare resources are covered financially by the province.92,93 In fact, provinces are 

only required to cover the cost of medically necessary physician or hospital services; it 

then varies by province as to what other services they cover or subsidize for individuals, 

such as home care, or drug coverage. Therefore, individuals with lower income may not 
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have sufficient funds to access resources necessary for management or recovery in their 

communities. In Canada, there are also private insurance plans available which help 

cover certain health services, such as dental care, prescription drugs and outpatient 

services. With the exception of the fact that most regions provide pharmacare for 

seniors,94 an important population impacted by long LOS, these plans are most often 

provided through employment, and therefore negatively correlated with income.95 As a 

result, individuals with lower income may face greater financial barriers in accessing 

things like prescription medicine.96 Health behaviours such as smoking, physical 

inactivity, and poor diet are associated with lower SES and poor health in general,97,98 

both of which could result in the need for more services or supports, or in a longer 

recovery time after treatments. 

 

Another factor that can affect hospital LOS is housing.99,100 This is not directly a person-

level factor; however, housing impacts and reflects many social determinants of health 

discussed above. Issues with housing, such as homelessness, poor or unstable housing, or 

an inappropriate layout of the residence can negatively impacts on LOS. Poor housing or 

homelessness is related to a high burden of morbidity,101,102 which as described above, 

can result in longer LOS. Furthermore, the lack of appropriate housing may affect the 

safety of the discharge, resulting in a longer stay in hospital.103 These issues are not only 

seen in situations of homelessness, but also with unstable or poor housing. Though 

someone has a home to which they can be discharged, they may have poor access to 

services they need in the community for this transition. This poor access relates to both 

the related financial difficulties in accessing services or medications they may require, 

and the apprehension of some health care workers in visiting these homes. Furthermore, 

if the layout of the home of an individual is not appropriate for their needs, it may delay 

discharge as accommodations are made. Location of someone’s home affects access to 

healthcare. Access issues can lead to unmet healthcare needs, which subsequently put the 

individual at risk for worse health outcomes.104,105 Where an individual lives in terms of 

urbanization can affect access,105 which could then subsequently affect LOS. Rural 

location is associated with less use of post-acute care resources,106 which may be due to a 

lack of access or availability of the resources. With worse access to necessary resources, 

the transition from hospital to home may not be safe, resulting in longer stay in an acute 
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care facility. There are however positive aspects of smaller communities which could act 

as enablers in the safe and timely transition home from hospital. Namely, the vast social 

networks, strong ties, and sense of community closeness.107  

 

2.4.3 Patients with Complex Needs 

Patient-level factors acting alone or together, can contribute to the complexity of 

healthcare needs of an individual. Complex healthcare needs likely contribute to longer 

hospital LOS. Someone with complex needs may require more, or better resources both 

at the hospital and community levels for their needs to be met, effectively lengthening 

hospital stays. They would need a larger “circle of care”,108 requiring resources from a 

variety of health disciplines.109  

 

There is no standard definition for patients with complex health needs because the 

concept of complex health needs has been operationalized in different ways in the 

literature. One way it has been operationalized is through the combination of clinical 

factors, such as mental illness or comorbidities, with other health-related factors such as 

social isolation or poverty.16,18,110–114 Another interpretation is that complexity is based 

not only on individual factors, but also on the environment and HCPs. 15,115 If the 

environment or setting is not equipped to manage the needs of an individual, or if the 

HCP lacks the knowledge or skills to address these needs, it creates a situation where 

meeting the needs of the individual becomes complex.17 Access barriers to community-

based HCPs also increase the likelihood that patients with complex needs will end up 

being managed in hospital, contributing LOS that may have been avoided entirely.116 

Therefore, we know that complexity goes beyond disease alone, and ideally would also 

take into account other health and health-related factors as well as the environment in 

which an individual is being treated. Despite this complementary knowledge, complexity 

is often treated as an exclusively clinical construct in the literature, where the use of 

disease counts, indices (such as the Elixhauser or Charlson), and groupers have 

predominantly been used.17,18,112–114,117,118 This is likely due to data limitations on social 

or other health-related factors, or because clinical factors most acutely explain variance in 

cost and health system resource requirements.45 However, underlying these potential 

reasons is the challenge in measuring a highly complex construct.  
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2.4.4 Hospital-Level Factors  

In addition to patient-level factors, there are hospital-level factors that can influence LOS. 

These are related to characteristics of a hospital as a facility and the characteristics of the 

HCPs providing care. Hospital characteristics that can impact the LOS of a patient 

include: bed size, teaching status, and availability of services.28 Hospitals with a greater 

bed capacity may be more likely to keep patients longer than expected if they are not able 

to be safely discharged. It may also be true that when beds are available, there may be 

more willingness to keep people in hospital longer. Teaching status has been found to 

have mixed results on LOS, where teaching hospitals were found to be related to both 

longer and shorter LOS.119,120 Availability of services and resources in hospital may also 

affect LOS through the length of time it takes to meet the care needs of the patient with 

limited or unavailable services or resources. The use of clinical guidelines as well as 

generally the quality of care in hospital have been identified as important in their 

potential influence on LOS.121 

 

Physicians in hospital are responsible for designating as ALC when patients no longer 

require hospital care, though there is variation among HCP in ALC coding. Difference in 

HCP characteristics, including variation or uncertainty in medical decision making, their 

practice style, preferred clinical pathways, training, and inclusion in multidisciplinary 

teams in the hospital may influence their propensity to discharge.28 There are other 

hospital-level factors to be considered, and similar to the patient-level factors affecting 

LOS, they vary by and are specific to, disease groups. 71–73,75,76,122 These include the 

availability, and use, of procedures, therapies, or treatments specific to treating an illness 

or its symptoms. 

 

Hospitals have long been targeted as the avenue to reducing long LOS. However, the 

hospital factors described above also depend on their interaction with the patient and with 

other systems of care. The community to which a patient is being discharged is a system 

of care that plays a significant role in the ability and comfort of HCPs in discharging a 

patient, impacting LOS. 
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2.5 Community-Level Factors and LOS  

LOS may be affected by the perceived quality, availability, and integration of healthcare 

resources and supports in the community. These include formal and informal resources 

and supports, as well as resources in health-related sectors.8,9 These factors relate to 

longer than necessary hospital stays through their impact on the ability of a patient to be 

discharged back to their community. The formal aspect of a community system of care 

encompasses what we traditionally associate with the healthcare system, including a 

variety of resources, services, and professionals. Examples include but are not limited to: 

primary care practices and physicians, other health care professionals such as 

occupational therapists, mental health professionals, and nurse practitioners, as well as 

home care programs, transitional care facilities, rehabilitation services.10–12 The informal 

aspect of a community system of care includes social supports, the presence of family 

and friends and their capacity to provide needed care, informal caregiving, and 

community closeness.13,14,107 Finally, health-related or social service sectors are also 

important to community systems of care. They include income support, transportation, 

housing support, and education programs.10 

 

2.5.1 Long-Term Care Facilities 

Many patients no longer in need of acute care might not be able to be discharged home 

due to their high need for continuing care. This need for continuing care may be best met 

by a placement in an LTC facility.24 Though these facilities are situated in communities, 

they are stand-alone systems of care. These facilities are limited by the number of rooms 

or beds, and consequently have ongoing wait lists - a feature of LTC facilities that would 

delay discharge from a hospital. This is apparent through the association between LTC 

and an ALC designation.24,61 In theory, individuals who require admittance to a LTC 

facility can be considered a different population than those whose needs can be met by 

the community and be discharged home. However, in reality whether someone is 

discharged to a LTC facility versus discharged home from hospital can be influenced by 

community factors. Furthermore, this influence of community on whether someone is 

discharged to a LTC facility or home might vary by community. There is literature on 

LTC facilities in affecting hospital LOS due to its strong link with ALC designations. 
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What has been neglected is the effect of other community factors on these longer than 

necessary hospital stays.  

 

2.5.2 Literature on Reducing LOS 

Currently in the literature, communities are not being assessed as complex adaptive 

systems. The focus has been the assessment of isolated components of a community on 

LOS. As such, the literature on community-level interventions has generally failed to take 

into account the interplay of community-level factors. Furthermore, much of the literature 

on interventions to reduce hospital LOS is focused on hospitals themselves. As discussed 

above, LOS has been primarily used as a measure of hospital efficiency, implying that 

people staying in hospital beds too long is a shortcoming of the hospital system. 

Therefore, many interventions described in the literature have focused on reducing LOS 

by targeting aspects of the hospital system. However, there has been an increasing shift 

towards the recognition that LOS depends on the coordination between hospital and 

community supports. This shift can be seen through the recent number of interventions 

that focus on the discharge of the patient from hospital to community.  

 

A rapid evidence assessment conducted by Miani et al. compiled evidence from 

systematic reviews and primary studies on interventions targeted at reducing hospital 

LOS.33 Strategies to reduce LOS for unplanned hospital visits have fewer clear solutions 

than for planned visits. Approaches focused on hospital are those that tackle different 

aspects of the hospital visit or assess clinical pathways and their indirect effects on LOS. 

Other approaches focus on systems of care outside of the hospital - those that will be 

supporting the patient post-discharge.33 Many interventions took place in the hospital 

setting. These include multidisciplinary care approaches, case management techniques, 

nurse-led interventions, and staffing interventions, all of which produced mixed results in 

their effect on LOS.33 Other hospital-focused interventions aimed to impact LOS through 

changes in clinical pathways.33 Such interventions are specific to disease groups, and 

their impact on LOS varied; some studies demonstrated increases in LOS, others a 

decrease or no significant change.33 As demonstrated in this evidence assessment, 

interventions at the level of the hospital do not produce consistent positive findings with 

respect to their effect on LOS.  
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Though it is important to assess hospitals when looking to reduce hospital LOS, there is 

an increasing focus on community supports. Miani et al. also reviewed interventions 

focused on discharge planning, though they did not consistently impact hospital LOS.33 

Other interventions targeted early supported discharge and post-discharge, though these 

interventions also did not consistently prove effective in reducing LOS for specific 

disease groups or levels of severity.33 These inconsistencies may support the need to first 

consider communities systems of care instead of targeting specific programs or resources 

in the community out of context.  

 

Home care programs are a widely studied example of a specific program in the 

community that is targeted for its relationship with hospitals in transitioning patients from 

hospital to home. Home care is a broad term, encompassing a wide range of services that 

may target medical needs or assist with activities of daily living. CIHI describes home 

care programs as delivering a range of services, both short and long-term, to help people 

recover from an acute event or remain at home with a chronic need.123 Home care can 

also encompass palliative care or rehabilitation programs,123 as well as hospital-at-home 

programs.12,124 A variety of home care programs use shortening hospital LOS as a 

measure of effectiveness.12,30,125,126 Individual studies that assessed home care programs 

for patients with multi-morbidity, patients at end-of-life, and elderly patients, found the 

program to be associated with a decrease in hospital LOS.30,125,126 However, these results 

should be interpreted with caution; the use of uncontrolled pre-post study designs to 

reach these conclusions lends the possibility that they are due to a natural trend towards 

decreased LOS. A systematic review of randomized control trials (RCTs) of hospital-at-

home programs for individuals recovering from stroke, older individuals with a range of 

conditions, and individuals who had elective surgery also demonstrated reductions in 

LOS, though the authors noted that these finding should be interpreted with caution due 

to substantial heterogeneity.12 

 

The between-study heterogeneity in the effectiveness of interventions to reduce LOS, and 

in their impact on LOS, makes it difficult to systematically translate the literature into 

generalizable and actionable policy or guidelines. This body of evidence highlights both 
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the narrow focus of the current interventions in reducing LOS, and the overwhelming 

number of interventions in place with this aim. As demonstrated, assessing only hospitals 

or only individual components of communities do not appear to be sufficient in attaining 

significant results of reduced LOS, which might be due to the variation added by all the 

unmeasured factors surrounding these community interventions. These interventions 

happen within a context and system, and different communities will have different 

strengths and weaknesses. Therefore, results cannot easily be used by policy makers to 

translate an intervention to different community contexts 35. It is thus important for policy 

makers and researchers to take a systems approach to first understand which communities 

are doing well or poorly in terms of reducing LOS, and then delve further to identify 

why, providing important information to consider when implementing programs in other 

communities. We can then begin to understand which programs are contextually 

appropriate and likely to render the greatest benefit in reducing LOS in each community.  

 

2.5.3 Communities as Complex Adaptive Systems of Care 

To address the gaps in the literature discussed above, communities should be evaluated in 

their effect on LOS as complex adaptive systems of care. This characterization of 

communities as complex adaptive systems of care arises from the fact that resources, 

supports and services in a community interact with one another and are integrated within 

that specific context – creating a system of care that is unique to each community.127 Not 

only is it important to view communities as a complex adaptive system of care to fully 

understand the effect of community on hospital LOS, but it is also important when 

developing programs or interventions for those communities deemed to be performing 

poorly on that measure. This is because the implementation of programs or interventions 

into a community system likely leads to adaptive behaviours which change the dynamic 

of the community system of care.35,36 

 

2.6 Rationale 

In all, there are complex interactions between patient, hospital and clinician, and 

community-level factors in affecting longer than medically necessary LOS. Looking at 

any one factor independent of the others cannot give the whole picture. LOS has most 

often been used as a performance measure in evaluating hospital efficiency.19–23 
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However, when assessing only hospital factors we neglect the impact of community of 

discharge on hospital LOS. 128–131 Hospital systems interact with other systems of care, 

and all systems of care interact with the characteristics and health needs of an individual.  

 

Communities as systems of care are especially important in the discharge of a patient. 

They can support discharge through their integrated supports, resources and services. To 

understand how communities can impact longer than necessary hospital stays, it is 

therefore important to assess them as complex adaptive systems of care. Considering 

communities as complex adaptive systems of care, we aim to estimate the extent that the 

Nova Scotia community to which a patient is discharged affects LOS for unplanned 

hospitalizations and determine whether effect of community on variation in LOS is 

modified by patients’ medical complexity. 
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CHAPTER 3: OBJECTIVES 

For Nova Scotian residents, aged 30 years and older, with at least one unplanned 

inpatient hospitalization during fiscal years (FY) 2010-2014, our objectives are to:  

1. Estimate the extent of community variation in case-mix adjusted episode LOS 

across Nova Scotia. 

2. Estimate if community variation in case-mix adjusted episode LOS is different for 

patients with higher medical complexity, as compared to patients with lower 

medical complexity. 
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CHAPTER 4: METHODS 

4.1 Overview 

This cross-sectional, descriptive study employed secondary data analyses of hospital 

discharge data. The study population was Nova Scotian residents, aged 30 years and 

older, who have had at least one unplanned inpatient hospitalization resulting in a 

discharge to a community setting, between fiscal years (FY) 2010-2014. The unit of 

analysis was each patient’s most recent discharge from an unplanned inpatient 

hospitalization. For both objectives, the dependent variable was hospital episode LOS, 

and community geography was delineated by the first three digits of the postal code, 

called the forward sortation area (FSA). 

 

To measure community variation, we used general linear mixed effect regression models 

predicting episode LOS. The models included community as a random intercept and 

case-mix adjustments for age-sex groups, proximity to end-of-life, resource intensity 

weight (RIW), Elixhauser index score, count of major health conditions, and indicator 

variables for individual health conditions as fixed-effects. For objective one, we used the 

variation in the random intercept to determine whether community is significantly 

associated with episode LOS, after adjustment for case-mix variables. Empirical Best 

Linear Unbiased Predictors (EBLUP) estimators were then used to obtain small area 

estimates and confidence intervals (CIs) of the case-mix adjusted average episode LOS 

for each community. For objective two, we operationalized patient medical complexity 

using both the Elixhauser index and the RIW, then compared results. The model for this 

objective was similar to one used for objective one, except that separate random 

intercepts were estimated for low and high complex needs groups. We assessed whether 

there were significant differences in community variation by complexity of health needs. 

As well, we estimated and compared small area estimates for low and high complexity 

groups to assess differences in spatial patterns. 

 

4.2 Study Population 

The population included in this study were Nova Scotian residents with at least 365 days 

of Medical Services Insurance (MSI) eligibility, aged 30 years or older who have at least 

one included unplanned inpatient hospitalization resulting in discharge to a community 
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setting during the study period of FY 2010-2014. Hospitalizations for which the most 

responsible diagnosis was obstetric or psychiatric, or where the patient left hospital 

against medical advice, were not included. The time period of April 1, 2010 to March 31, 

2014 was chosen for purposes of geotemporal comparability with a companion study on 

community variation in unplanned repeat hospitalizations. An age cutoff of 30 years was 

chosen because chronic conditions and multi-morbidities in younger adults and children 

are largely different than those that are prevalent in individuals aged 30 and older. As 

well, developmental and childhood conditions are associated with different supports and 

services, and thus community effects below age 30 may be different.   

 

Our analyses focused on the last unplanned, inpatient hospitalization with discharge to a 

community setting for each individual in our study period. Unplanned hospitalizations 

were those labeled urgent or emergent in the admit to field in the Canadian Institute for 

Health Information (CIHI) Discharge Abstract Database (DAD). Discharge to a 

community setting was based on the DAD discharge disposition field: either “discharged 

to home or a home setting with support services” or “discharged home with no support 

service from an external agency required”. 

 

We focus on unplanned hospitalizations because organizing community and family 

supports are likely most challenging for unplanned hospitalizations. For planned 

hospitalizations, the patient has the opportunity to make advanced arrangements for their 

discharge from hospital. This includes creating a discharge plan prior to admission, 

reaching out to family or friends to help in their care upon discharge, and prearrange 

necessary services, such as home care. It also has the advantage of some flexibility in 

scheduling the hospitalization to accommodate the availability of such supports and 

resources. When the hospitalization is unplanned, these advanced arrangements are less 

feasible. Therefore, unplanned hospitalizations may better reflect the integration of such 

services and supports in a community. 

 

The exclusion of individuals with less than 365 days of MSI eligibility was applied in the 

source dataset where we pulled our data, and therefore applies to our project. We 

excluded hospitalizations related to obstetrics and those where the most responsible 
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diagnosis was a psychiatric disorder, as well those hospitalizations where people left 

hospital “inappropriately”. We excluded hospitalizations related to obstetrics as they are 

systematically different from hospitalizations related to physical morbidity, mental 

illness, or other procedures. The exclusion related to obstetrics were based on codes 

related to pregnancy or birth in the DAD main patient service field. Hospitalizations with 

a most responsible diagnosis of a psychiatric disorder were excluded because this 

population has unique community-based care and discharge planning issues that warrant 

separate study, and because they have a very long average LOS which should not be 

included with conditions with shorter average LOS. However, hospitalizations where a 

mental illness was coded as a secondary diagnosis were included. Finally, we did not 

include hospitalizations where the discharge disposition variable is “sign out” or “did not 

return from pass”, as these indicate patients who either left against medical advice, left 

without informing anyone, or did not return to the hospital after leaving on a pass.  

 

We also decided to exclude hospitalizations with a very long LOS, due to the skewed 

distribution of the LOS distribution, and the recognition that the circumstances of long 

lengths of stay are likely to be unique in many respects, and not well assessed by our 

approach to case-mix adjustment. The cut-off for very long LOS was defined empirically, 

post data exploration, as it is not defined consistently in the literature. We tested different 

points for very long LOS found in the literature: greater than or equal to 21 days, greater 

than 30 days, greater than 90 days, greater than the median and greater or equal to the 

75th percentile.29,132–137 We then assessed for each cut-off point, how much of our data 

was excluded and whether the residuals became more normally distributed. Based on this 

assessment, we defined very long LOS as an episode LOS of greater than 30 days.  

 

4.3 Data Sources 

We employed data from Reid’s work on small area variations in unplanned repeat 

hospitalizations,138 which drew data from the Nova Scotia Insured Patient Registry and 

the Discharge Abstract Database (DAD) from the Canadian Institute for Health 

Information (CIHI). Both were accessed and linked through Health Data Nova Scotia 

(HDNS). The Insured Patient Registry provided information on age, sex, periods of 

eligibility for provincial health coverage, and date of death, used to identify the eligible 
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study population. The information from the CIHI DAD includes hospital LOS data, RIW, 

as well as clinical information (diagnostic codes), and postal code (where FSA is the first 

3 digits of the postal code), which was linked with the Insured Patients Registry to 

identify unplanned inpatient hospitalization for our eligible population. These databases 

were linked through unique encrypted and anonymized Health Card numbers and only 

presented to researchers as unique study identifiers. We received data access approval 

from HDNS. Ethics approval was granted by the Nova Scotia Health Authority Research 

Ethics Board. 

 

4.4 Measures 

4.4.1 Outcome Variable 

For both objectives, the outcome was episode LOS. Episode LOS is the time spent in 

hospital from admission to discharge back to the community, in days, which was 

obtained from the DAD for each hospitalization138 An episode includes a single 

hospitalization or sequential hospitalizations. Sequential hospitalizations encompass 

transfers between hospitals and admissions within 48 hours of a discharge (all 

hospitalizations must be inpatient as described above). Hospital admissions within 48 

hours of a discharge were included because they  are associated with premature discharge 

from hospital, not community factors.138,139 Therefore, an episode of care begins at 

admission, encompasses all transfers and admissions within 48 hours of a discharge, and 

ends with a discharge to a community setting. 

 

4.4.2 Measure of Community  

The measure of community of residence for both objectives is FSA, the first three digits 

of a postal code. Currently, FSA is the most reliable geographic variable available to 

distinguish communities. Though it is not ideal, as it was not created for the purpose of 

encompassing systems of care, it is advantageous compared to other available levels of 

geography because postal code conversion to other geographies has large errors, 

especially for rural areas.140 Statistics Canada created a Postal Code Conversion File 

(PCCF) with the aim of allocating postal codes to censual units, such as dissemination 

block, census subdivisions, and dissemination areas. Postal codes may border different 

areas, and the PCCF uses probability and estimated population weights to allocate it to 
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one area. Researchers in Nova Scotia recently evaluated this methodology against latitude 

and longitude information, and found large misclassification, especially in rural areas 140. 

FSA however, has set geographic boundaries that are not subject to misclassification. 

 

4.4.3 Covariates for Case-Mix Adjustment 

Case-mix adjustment enables comparison of an outcome where there is a differing mix of 

patients included,141 and accounts for factors causing patients’ LOS to be legitimately 

different, so that residual differences reflect non-need factors. The factors presented 

below are included in our case-mix adjustment as fixed effects in our model. 

 

Demographics: Age and sex, obtained from the Insured Patient Registry were available 

for every observation. Age was the age at hospitalization and was categorized into five-

year age groups starting at age 30, with the last age category for ages 85 and older. Age-

sex groups were created for the analysis to encompass the interaction between these 

demographic variables. 

 

End-of-Life (EoL): EoL was obtained by information on eligibility for Nova Scotia health 

insurance and death from the Insured Patient Registry and was available for every 

observation. Health needs at the EoL are high,82 therefore it is likely that LOS in the last 

year of life would be systematically higher than those not in last year of life. This 

variable was coded to indicate whether the discharge from hospital was within the last 

year of life or not. 

 

Conditions and Multimorbidity: Information on conditions and multimorbidity was 

obtained from the DAD and was available for every observation. Our analysis includes 

indicator variables for 25 conditions (see Appendix A). Furthermore, our analysis 

includes a count of conditions, categorized into whether there were 0, 1, 2, or 3+ 

conditions identified for the hospitalization, and the Elixhauser index for measuring 

comorbidity to predict resource use or in-hospital mortality 50. 

 

Resource Intensity Weights (RIW): RIW was obtained from the DAD and was available 

for every observation; where there is an episode with sequential discharges, RIW was 
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included from the last hospital in the sequence. It is a measure of hospital resource use 

and associated cost. It takes into consideration case-mix groups (CMG), age and 

comorbidity level factors, intervention events, flagged and out-of-hospital interventions, 

admitting facility, fiscal year, and any interactions between these factors.45  

 

Hospital: Hospital factors play a role in LOS. We therefore explored the inclusion of an 

indicator variable for hospital in our case-mix adjustment. Due to the anticipated high 

collinearity between hospital and community, we explored this relationship prior to 

including hospital as a variable in our model. 

 

4.5 Engagement 

This project is part of a larger program of research that has obtained insights and 

guidance from front-line providers who work directly with patients and their families on 

discharge planning (e.g. social workers and nursing staff), and thus have a rich 

understanding of discharge experiences. The initial work was conducted by Dr. Kephart 

and staff in the MSSU. The purpose was to draw on the expertise of front-line health 

professionals to both provide study direction and to help us contextualize findings. From 

these consultations, the team gained insights on the difficulties in discharging individuals 

to their homes and learned from health care providers involved in discharge planning that 

difficulties varied depending on the community to which the patient was being 

discharged. It was partly from this consultation process that my research topic emerged, 

and it helped to guide the review of the literature. 

 

4.6 General Modeling Approach 

Our analyses employed generalized linear mixed models of the following form:  

log$%&=()%&++,%+ℇ%&	,			,%~120,Σ56	789	ℇ%&~1(0,;
<)		

Where log$%&is the log transformed mean outcome (episode LOS) and ℇ%& is the 

associated error term. For person (j) in area (i), ()%&is a vector of covariates and fixed 

effects (case-mix adjustments), and in area (i), +,%is a vector community random effects 

(to estimate difference in episode LOS across FSAs). For our analysis, ()%&includes age-

sex groups, EoL, RIW, indicators for individual conditions, a count of those conditions, 
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and an Elixhauser index score. For objective one, +,%	includes only a random intercept 

for the random effect portion. For objective two, it includes two random intercepts, 

corresponding to low and high complexity groups by FSA. The random intercept part of 

the model describes the extent of community variation in episode LOS. It is important to 

note that this model assumes the distribution of random effects is normal, and 

examination of residuals confirmed that that this assumption was not violated. Small area 

estimates of the case-mix adjusted average episode LOS for each FSA was obtained 

using Empirical Best Linear Unbiased Predictors (EBLUPs), and then mapped.   

 

EBLUPs are an empirical Bayesian estimator where the predictions are based on 

estimated model parameters.142 EBLUPs combine the estimated normal distribution of 

the random intercepts of each area (the prior distribution) with information about each 

area (the case-mix adjustment) to produce a posterior distribution of the random 

intercepts of each area as compared to the provincial mean.142 The mean of the posterior 

distribution (the empirical Bayes prediction) is between the mean of the prior distribution 

and the mean distribution with just case-mix adjustment considered.142 This shrinkage of 

the estimate is beneficial for areas with few observations, as it will reduce the impact of 

outliers.142 This could result in type II errors, where we incorrectly identify a community 

as not significantly different than the provincial mean in its effect on case-mix adjusted 

episode LOS, when in fact it is, though we do not have the power to detect that effect.  

 

4.7 Descriptive Analyses  

We summarized the characteristics of individuals in the study population, and 

characteristics of the communities, as defined by FSA. 

 

4.8 Modeling Approach for Objective 1  

The purpose of objective one is to estimate the overall magnitude of small area variation 

in case-mix adjusted episode LOS across communities, as well to identify communities 

which stand out as having higher or lower case-mix adjusted average episode LOS than 

the provincial mean. Objective one applied the generalized linear mixed model of the 

form above.  
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The effect of hospital on adjusted LOS is well documented, and we know that patients in 

different communities use different hospitals. Therefore, when assessing the effect of 

community on LOS, it would be desirable to adjust for these hospital effects. However, it 

is possible that hospital effects differ by community of residence and vice versa, 

complicating the ability to adjust for the effect of one for the other. To assess this 

relationship, and therefore whether we would be able to adjust for hospital, we estimated 

a model with crossed random effects for hospital and FSA and compared it to a model 

with crossed random effects for hospital and FSA that also included random interaction 

between hospital and FSA. We used a likelihood ratio (LR) test to compare the two 

models. We then collapsed hospital and FSA to a single variable that consisted of one 

hospital-FSA combination per level. In order to keep the number of levels at a 

meaningful size, we collapsed the small hospitals into one. We started with 77 FSAs and 

32 hospitals and produced 158 hospital-FSA levels. We then created a model with a 

random effect for the hospital-FSA variable. By calculating and plotting small area 

effects for each hospital-FSA combination we see how different FSAs interact with 

different hospitals and vice versa. For example, for each FSA we saw how the effect of 

different hospitals varied.  

 

Given the large size of our dataset, it is important to assess the practical significance of 

estimated community variation as well as the statistical significance. We assessed the 

contribution of the random effect first by evaluating its statistical significance using the 

LR test, second by the tightness of its 95% confidence interval (CI) around its standard 

deviation (SD), and third by the significance of the intraclass correlation coefficient 

(ICC). The LR test and the tightness of the 95% CI surrounding the estimated SD of our 

random intercept allows us to determine whether the effect of community in our model is 

statistically significant. The LR test compares the model with case-mix adjustment and 

the random intercept for FSA, against a model without a random intercept for FSA. The 

size of the estimated SD of the random intercept itself allowed us to determine the impact 

of being an FSA one SD away from the mean on episode LOS. Finally, the ICC estimates 

the percent of total variance in case-mix adjusted episode LOS explained by community: 
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After assessing the overall significance of community variation on case-mix adjusted 

episode LOS, we estimated the random effect by FSA using EBLUPs to identify specific 

communities that stand out as having higher or lower case-mix adjusted episode LOS 

than the provincial mean. 

 

4.9 Modeling Approach for Objective 2 

The purpose of objective two is to estimate whether community variation in LOS is 

different for patients with more complex health needs. Objective two also applied the 

generalized linear mixed model of the form above, where the random part of the model 

included two random intercepts (for low and high medically complex needs) by FSA. 

  

We initially defined patients with complex health needs using the Elixhauser index 

comorbidity score. The score ranges from zero to ten, increases with increasing level of 

comorbidity, and is a validated index against health outcomes.50 We defined patients with 

low and high complex needs using two cut-offs of the Elixhauser index: (1) a score of 0-1 

for patients with low complex needs and greater than 1 for high complex needs, and (2) a 

score of 0-2 for patients with low complex needs and greater than 2 for high complex 

needs. We tested these two different cut-offs for distinguishing between low and high 

complex needs groups since there is no consensus in the literature for operationalizing 

low and high complex needs using the Elixhauser index. We tested cut-off (1) to lend 

more power to detect specific communities that have significantly higher or lower 

episode LOS for the high complex needs group, however we are less confident in the 

exclusive capture cases with high complex needs. Therefore, we tested cut-off (2) to be 

more confident that our high complex needs group in fact captured individuals with high 

complex needs; however, this resulted in less power for the small area estimates in this 

high complex needs group. A concern with the Elixhauser is that 33.5% of subjects had a 

score of zero, suggesting that this index misses a lot of complexity because of the limited 

number of diagnostic categories considered. 
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Due to the lack of a “correct” way to define patients with complex needs in the literature, 

and the high percent of persons identified as low complexity by the Elixhauser, we also 

conducted an analysis defining groups that have low and high complex needs using a 

different measure, the resource intensity weight (RIW). RIW is a measure of the cost of a 

hospital stay based on resource use in hospital, it was not developed to predict health 

outcomes.45 While it is validated for cost, this measure may reasonably capture the 

complexity of health needs influencing LOS, as it captures a wide range of diagnosis and 

interventions.45 A RIW score of one indicates that the resource use in hospital expected 

for the hospitalization is no different than average, a score greater than one indicates 

greater resource use than average, and a score less than one indicates less resource use 

than average. In our sample, the median RIW score was 1.11, the low complex needs 

group includes those with a RIW of the median score or less, and the high complex needs 

group includes those with a RIW of greater than the median score. 

 

To address the second objective, the model was extended to include two random 

intercepts, one for patients with less medically complex needs and one for patients with 

greater medically complex needs by FSA (for all the ways we defined and classified 

complex needs); fixed effects were constrained to be equal across the two groups. We 

assessed whether they significantly differed based on two criteria: the statistical 

significance of the LR test (against a model with a single, pooled intercept) and the extent 

of overlap (based on the 95% CI) between the SD estimates for each random intercept. 

Statistical significance would indicate that the model with random intercepts for low and 

high complexity groups by FSA is a better fit to the data. Comparing the 95% CIs of the 

SD random intercept estimates allows us to determine the magnitude of difference 

between the estimated SD of the intercepts for the groups on the case-mix adjusted 

episode LOS. If at least one of our criteria held true, we produced small area estimates 

(with 95%CI) of the case-mix adjusted average episode LOS for both the low and high 

medically complex needs groups using EBLUPs for each FSA then mapped and 

compared the area estimates that were significant different than the provincial mean. 
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CHAPTER 5: RESULTS 

5.1 Descriptive  

There were 147,969 unplanned hospitalizations in our four-year study period. Our 

analyses focused on the last unplanned hospitalization for each individual in our study 

population (n = 81,493). Our sample was further restricted to episodes that had a LOS 30 

or fewer days long (excluding 7.84% of hospitalizations). Our analyses employed 75,113 

observations. The average episode LOS in our final study sample was 6.5 days with a SD 

of 6.2, and the median episode LOS was 4 days, demonstrating that out outcome variable 

was right-skewed. When we log transformed the outcome, the exponentiated average 

episode LOS was 4.3 days with a SD of 2.6, and the median episode LOS was 4 days, 

producing a more normal distribution. As shown in Table 1, the population was evenly 

split between males and females (51.2% males), and the most common age group was 65-

69 years of age (12.1% of total observations). The majority of discharges from hospital 

did not occur within the last year of life (95.8%). The median RIW was 1.11, which 

represents about the average in-hospital resource use. Hospitalization episodes that 

included transfers or re-admittance within 48 hours of a discharge represented 6.5% of 

hospitalizations in our dataset. The five most prevalent conditions were: hypertension 

(24.0%), cardiovascular disease (21.1%), diabetes (17.1%), injury (16.1%), and cancer 

(16.1%). Most often there was just one condition reported (29.2%) and similarly, the 

most frequent Elixhauser index score was zero (33.5%).  

 

Our study population was discharged to 77 different communities, as defined by FSAs, 

across Nova Scotia. Fourteen of these communities were rural (second digit was zero) 

and 63 were urban (second digit was greater than zero). There was a wide range in the 

number of observations (8 to 3,503) across these communities. A slightly higher portion 

of episodes consisting of a transfer or readmission within 48 hours of a discharge were 

discharged to rural versus urban communities (54.0% versus 46.0%). We observed that 

9.6% of all episodes discharged to a rural community involved a transfer or a readmission 

within 48 hours of a discharge compared to 4.7% of all episodes discharged to an urban 

community. Other characteristics of these communities (defined as FSA) are based on 

Statistics Canada and Maritime Health Atlas data are presented in Table 2. The number 

of individuals living in each of these communities varied from 41 to 40,417 in 2016. 
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Approximately 30% of the population experienced low income (defined as household 

income below $20,000/year), with a variation of about 9% between communities in the 

25th percentile and 75th percentile. The percentage of the population who had less than a 

grade 12 education was on average 23%, however again this varied between communities 

in the 25th and 75th percentile by about 10%. There was also variation of about 7% for 

communities in the 25th and 75th percentile for the percent of the population who lived 

alone or had single mother families.  

 

5.2 Objective 1 

Our final model for objective one included fixed effects for age-sex groups, EoL, RIW, 

Elixhauser index score, count of conditions categorized, and indicator variables for each 

condition (see Appendix A), and the random effect portion include a random intercept for 

community (FSA). A log transformation of our outcome was applied to create a more 

normal distribution of the residuals (see Figure 1).  

 

Because of the recognized variation in adjusted LOS between hospitals, we explored the 

adjustment of community effects for hospital effects in our models. In the absence of 

such adjustment, apparent community effects might reflect the effects of hospitals that 

community members are discharged from. However, we found that hospital and 

community effects on LOS interact in ways that preclude simple adjustment by a single 

linear product term. A crossed random effect model with interaction between random 

effects for hospital and community provided a significantly better fit to the data than a 

model with independent random effects for hospital and community (p < 0.001). Hospital 

and FSA thus interact in affecting case-mix adjusted episode LOS. Plotting the effects of 

each FSA-hospital interaction we can see the effects of community were not consistent 

across hospitals and vice-versa; hospital effects vary within communities, and community 

effects vary within hospitals (see Appendix B). Due to the significant and complex 

interaction, the effects of community and hospital on case-mix adjusted episode LOS 

cannot be differentiated and thus we decided not to adjust for hospital in our reported 

results. 
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We found that community is significantly associated with episode LOS (Table 3). 

Statistical significance was confirmed by a LR test comparing our model against a model 

with no random effects (p < 0.001), a reasonably tight 95% CI around our estimated SD 

of the random intercept (0.046 [95% CI: 0.036, 0.058]), and an ICC significantly 

different than zero (0.003 [95% CI:0.002, 0.005]). The significant LR test demonstrates 

that our model with a random intercept for community is a significantly better fit than a 

model with only fixed effects. Given the large size of the dataset, we also investigated the 

effect size of this variation. The ICC estimates that community explains 0.3% of the total 

variance in case-mix adjusted episode LOS. While small, the implied aggregate effects 

are substantial. The logged nature of the output allows us to interpret effects as 

proportionate changes in LOS. A one SD difference in a community’s case-mix adjusted 

episode LOS translates into a 4.6% difference in episode LOS, compared to the mean of 

communities. By multiplying this proportionate change by the mean episode LOS, we 

can crudely determine that a communities one SD above the mean would have an excess 

of 30 days per 100 admissions than the provincial mean, and those one SD below the 

mean would have 30 fewer days than the provincial mean per 100 admissions. 

 

Small area estimates of the case-mix adjusted average episode LOS revealed that being 

discharged to certain communities is associated with a significantly higher or lower 

adjusted episode LOS (based on their 95% CIs) than the provincial mean (Table 4). Of 

the 77 communities, 17 were significantly different than the provincial mean: 11 had 

significantly longer, and 6 had significantly shorter case-mix adjusted average episode 

LOS than the provincial mean (Figure 2). These communities ranged from having 

significantly longer or shorter case-mix adjusted average episode LOS of between 3% 

and 14%. The community with the longest LOS was Digby Neck (0.088 95%CI [0.031, 

0.145]); meaning that individuals discharged from their last unplanned hospitalization to 

Digby Neck had on average, a 9% (95%CI [3%, 15%]) longer hospital stay than the 

provincial average (greater than two SDs away from the mean). 

 

The small area estimates are mapped in Figure 3. Areas with significantly longer and 

those with significantly shorter average episode LOS tended to be spatially clustered. 
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This becomes even more apparent when all point estimates (regardless of significance) 

are mapped (Figure 4).  

 

5.3 Objective 2 

The model for objective one was extended to include two random intercepts, one for 

patient with less complex needs and one for patients with more complex needs, by FSA, 

to produce our model for objective two. We defined complex health needs two ways 

based on the Elixhauser index: the first scenario classified high complex health needs 

using an Elixhauser score of 0 or 1 (38% of observations), the second scenario classified 

high complex health needs using an Elixhauser score of 0, 1 or 2 (18% of observations). 

We also used the median RIW score to classify low and high complex health needs (see 

Table 5). Small area estimates were produced for all definitions of complex needs, based 

on the fact that at least one of our criteria (significant LR test and extent of overlap of 

estimates SDs of the random intercepts) was met in each case. For each community, an 

estimate of the case-mix adjusted average episode LOS and its 95% CI were produced for 

both the low and high complex needs groups.  

 

Across all three definitions of complex health needs, we found that community variation 

in case-mix adjusted LOS varies significantly between persons with lower and higher 

medically complex needs. All methods of defining complex needs (the two Elixhauser 

index cutoffs and the RIW median split) resulted in a significant improvement in model 

fit as assessed by LR tests against constrained models with a single intercept. However, 

the LR test for the model in Elixhauser scenario one (p = 0.0217) was less significant 

than the model in Elixhauser scenario two (p = 0.0008), and both were less significant 

than the LR test using RIW to define complex needs (p < 0.0001) (Table 5). The 

proportionate differences associated with a 1 SD difference are similar across all 

complexity groups except for the low complexity RIW group (Table 6). Interpreting the 

absolute magnitude of effects between groups is difficult because the SD represents 

proportionate change. The mean episode LOS differed between the low and high 

complexity groups as defined by RIW (4.15 days and 8.83 days, respectively). To crudely 

understand the absolute magnitude of a one SD difference, this proportionate change can 

be multiplied by the mean episode LOS for each group (Table 6). We can see that the low 
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complexity group as defined by RIW has a large proportionate and absolute effect on 

community variation as compared to the high complexity group. 

 

We estimated small area effects using EBLUPs (Table 5) and mapped the effects by 

complexity groups defined using RIW (Figure 5ab). These effects are compared to the 

provincial mean across both complexity groups. Not surprisingly, compared to the 

provincial mean, all of the communities identified among the low complexity group have 

lower case-mix adjusted average episode LOS than this provincial mean. However, as 

compared to this overall provincial mean, there were also five communities identified 

among the high complexity group as having significantly shorter case-mix adjusted 

average episode LOS than this provincial mean.  
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TABLES 
 
Table 1. Distribution of characteristics of Nova Scotian residents included in our 
final model, aged 30 years and older, for their last unplanned inpatient 
hospitalization to a community setting during FY 2010-2014 (n=75,113). 

Variable Frequency 
n 

Percentage of 
Population  
(%) 

Age Categories (years)   
30-34 1,765 2.35 
35-39 2,557 3.40 
40-44 3,528 4.70 
45-49 4,880 6.50 
50-54 6,389 8.51 
55-59 7,343 9.78 
60-64 8,609 11.46 
65-69 9,118 12.14 
70-74 8,321 11.08 
75-79 7,612 10.13 
80-74 6,806 9.06 
85+ 8,185 10.90 
Sex   
Male 38,456 51.20 
Female 36,657 48.80 
Resource Intensity Weight (median) 1.1148  
Number of Conditions   
0 17,452 23.23 
1 21,896 29.15 
2 16,350 21.77 
3+ 19,415 25.85 
Most Prevalent Conditions   
Hypertension 18,047 24.03 
Cardiovascular Disease 16,102 21.44 
Diabetes 13,442 17.90 
Injury 12,121 16.40 
Cancer 12,094 16.10 
Elixhauser Index   
0 25,174 33.51 
1 21,269 28.32 
2 15,456 20.58 
3 7,848 10.54 
4 3,389 4.51 
5 1,337 1.78 
6 465 0.62 
7 124 0.17 
8 36 0.05 
9 10 0.01 
10 5 0.01 
End-of-Life   
0 (not at all in last year of life)  71,928 95.76 
1 (completely in last year of life) 3,185 4.24 
Hospitalization with a transfer or admission 
within 48 hours of a discharge 

4,855 6.46 
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Variable Frequency 
n 

Percentage of 
Population  
(%) 

No 70,258 93.54 
Yes 4,855 6.46 
 
 
Table 2. Descriptive information on FSAs in Nova Scotia (n=77) from Statistics 
Canada and the Maritime Health Atlas. 

Characteristic of FSA Mean SD 
Percentile 

Min Max 25th 50th 
(median) 

75th 

Population in 2016 11994.78 9863.12 4492.00 9953.00 16997.00 41.00 40417.00 

# of private dwellings, 2016 5955.43 5181.07 1951.00 4485.00 7929.00 116.00 23591.00 

Population with low income (%) a 30.36 5.98 26.00 31.00 35.00 14.00 47.00 

Population with < Grade 12 
Education (%) 

23.15 9.24 17.08 21.63 27.87 4.34 61.91 

Population with Single-Mother 
Families (%) 

14.80 6.34 10.42 13.29 17.54 6.45 42.95 

Population Living Alone (%) 11.68 5.20 7.60 11.535 13.99 3.47 31.45 

a Defined as household income below $20,000/year 

 
Table 3. Output of fixed and random effect parameters from model for objective 
one. 

   95% CI  

Parameter * Estimate Std. Err. Lower Upper  
FIXED EFFECT     

Constant 0.739 0.030 0.681 0.798 

RANDOM EFFECT     

FSA: SD (constant) 0.046 0.006 0.036 0.058 

SD (residual) 0.856 0.002 0.852 0.860 

     

LR test of model vs fixed effect only model: chi2(1) = 112.16; p < 0.000 

FSA = Forward Sortation Area 
SD = Standard Deviation 
LR = Likelihood Ratio 
* Model also adjusted for age-sex groups, EoL, comorbidity count, Elixhauser Index, RIW, individual 
conditions. 
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Table 4. EBLUP estimates of random effects of average case-mix adjusted 
episode LOS for each community from model for objective one. 

  95% CI  

FSA Effect Estimate Lower Upper  

B0V* 0.088 0.031 0.145 

B6L* 0.073 0.023 0.123 

B0P* 0.069 0.040 0.098 

B4N* 0.063 0.024 0.103 

B2N* 0.062 0.026 0.097 

B0W* 0.061 0.033 0.090 

B1H* 0.050 0.004 0.097 

B0E* 0.042 0.011 0.072 

B5A* 0.040 0.001 0.079 

B0N* 0.035 0.008 0.062 

B0K* 0.035 0.009 0.060 

B1R 0.033 -0.031 0.097 

B3A 0.033 -0.004 0.070 

B9A 0.033 -0.032 0.097 

B1A 0.031 -0.006 0.068 

B0S 0.031 -0.006 0.068 

B3G 0.029 -0.024 0.082 

B1P 0.028 -0.011 0.068 

B1S 0.022 -0.029 0.073 

B2S 0.020 -0.040 0.081 

B4R 0.019 -0.053 0.092 

B1N 0.016 -0.041 0.072 

B2J 0.013 -0.074 0.100 

B1G 0.013 -0.058 0.083 

B1W 0.009 -0.061 0.080 

B2E 0.009 -0.080 0.097 

B3V 0.008 -0.053 0.069 

B1X 0.007 -0.074 0.089 

B4P 0.002 -0.053 0.057 

B1V 0.002 -0.051 0.055 

B0L 0.002 -0.069 0.072 

B1M 0.002 -0.078 0.081 

B3J 0.002 -0.068 0.071 

B2C 0.001 -0.084 0.086 

B3E 0.001 -0.058 0.060 

B1L 0.001 -0.062 0.064 

B1C 0.001 -0.072 0.074 

B1E 0.000 -0.074 0.074 

B0M -0.001 -0.041 0.038 

B2H -0.001 -0.040 0.037 
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  95% CI  

FSA Effect Estimate Lower Upper  

B1T -0.002 -0.086 0.083 

B1J -0.002 -0.081 0.077 

B0R -0.003 -0.060 0.054 

B2G -0.003 -0.046 0.041 

B0H -0.005 -0.048 0.037 

B2Z -0.005 -0.060 0.050 

B2Y -0.007 -0.049 0.035 

B2R -0.007 -0.081 0.066 

B3B -0.008 -0.090 0.074 

B2W -0.009 -0.039 0.022 

B2V -0.009 -0.060 0.042 

B4H -0.010 -0.055 0.035 

B1K -0.012 -0.079 0.054 

B3N -0.013 -0.058 0.032 

B4V -0.013 -0.051 0.024 

B2A -0.014 -0.063 0.035 

B1Y -0.015 -0.072 0.042 

B1B -0.016 -0.091 0.058 

B3P -0.017 -0.069 0.036 

B3R -0.018 -0.069 0.033 

B0J -0.021 -0.048 0.006 

B3L -0.022 -0.066 0.022 

B3M -0.026 -0.061 0.009 

B2X -0.028 -0.077 0.020 

B3K -0.030 -0.069 0.010 

B3H -0.033 -0.080 0.014 

B4A -0.034 -0.079 0.011 

B4B -0.036 -0.094 0.021 

B4G -0.039 -0.105 0.026 

B0T* -0.042 -0.080 -0.004 

B3S -0.045 -0.093 0.003 

B2T -0.046 -0.095 0.002 

B4E* -0.053 -0.099 -0.008 

B3T* -0.061 -0.106 -0.015 

B4C* -0.066 -0.106 -0.027 

B3Z* -0.077 -0.123 -0.031 

B0C* -0.137 -0.199 -0.075 

* statistically significantly different than the provincial mean at a = 0.05 
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Table 5. Summary of the significance and magnitude of effect of different operationalizations of complex health 
needs on community variation in case-mix adjusted average episode LOS. 

System used to 
classify complexity 

Low Complex 
Needs 
 

score; n (%) 

High Complex 
Needs 
 

score; n (%) 

LR Test a 
 

p value 

Statistical 
significance of 
magnitude of 
difference of SD 
for low versus 
high complex 
needs b  
 

no/yes 

# of communities with 
significantly longer case-
mix adjusted average 
episode LOS than the 
provincial mean c 

# of communities with 
significantly shorter case-
mix adjusted average 
episode LOS than the 
provincial mean c 

Low 
Complex 
Needs 

High 
Complex 
Needs 

Low 
Complex 
Needs 

High 
Complex 
Needs 

Elixhauser Index d Score ≤ 1 
46,443 (62%) 

Score > 1 
28,670 (38%) 

p = 0.0217 No 11 4 5 1 

Elixhauser Index d Score ≤ 2 
61,899 (82%) 

Score > 2 
13,214 (18%) 

p =0.0008 No 11 1 7 0 

Resource Intensity 
Weight 

Score < median e 
37,556 

Score ≥ median e 
37,557  

p <0.0001 Yes  0 8 75 5 

a LR test comparing the model where the random effect portion was two random intercepts (one the low and one for the high complex needs group) by FSA against the 
model where the random effect portion was just one random intercept for FSA. 
b statistical significance = no overlap between 95% CIs surrounding the SD for the low and high complex needs groups 
c out of 77 communities (FSAs) 
d Elixhauser index ranges from 0 to 10 
e median score = 1.1148 

 
Table 6. Proportionate (standard deviation (SD)) and absolute effects (excess days) on community variation of low 
and high complex needs groups based on the definition of complex needs. 

System used to classify complexity Low Complex Needs High Complex Needs 
 SD (95%CI) Mean LOS 

(days) 
Excess Days SD (95%CI) Mean LOS 

(days) 
Excess Days 

Elixhauser Index a 0.053 (0.041, 0.068) 5.24 0.278 0.045 (0.032, 0.065) 8.52 0.383 
Elixhauser Index b 0.051 (0.040, 0.065) 5.85 0.298 0.048 (0.028, 0.081) 9.51 0.456 
Resource Intensity Weight (RIW) c 0.593 (0.504, 0.698) 4.15 2.461 0.047 (0.035, 0.062) 8.83 0.415 
a low complex needs = Elixhauser index score ≤ 1; high complex needs = Elixhauser index score >1 
b low complex needs = Elixhauser index score ≤ 2; high complex needs = Elixhauser index score >2 
c low complex needs = RIW score < median; high complex needs = Elixhauser index score ≥median 
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FIGURES 

 

 
(a)  

 

 
(b)  

Figure 1. Distribution of residuals when outcome variable is (a) episode LOS, 
and (b) log transformed episode LOS. 
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Figure 2. Caterpillar plot of random effects of average case-mix adjusted 
episode LOS for each community from model for objective one. 

 

 

 

 

-0.2 -0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2

 
 
 
 

 
 
 
 
 
 

 
 
 

Longer 
LOS 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Shorter 
LOS 

Digby Neck 
Truro (1) 
Kings County 
Kentville 
Truro (2) 
Southwest Mainland 
New Waterford 
West Cape Breton Island 
Yarmouth 
Hants County 
Southern Northumberland Strait 
Sydney West 
Dartmouth Southwest 
Port Hawkesbury 
Glace Bay 
West Annapolis County 
Eastern Passage 
Sydney North Central 
Sydney Central 
Lantz 
Coldbrook 
Sydney North 
Fourchu 
Dominion 
Eskasoni 
Loch Lomond 
Harrietsfield 
Big Bras D’or 
Wolfville 
North Sydney North 
Isthmus Of Chignecto 
Sydney East 
Halifax Mid-Harbour NS Provincial 
Government 
Iona 
Porters Lake 
Sydney Southwest 
Louisbourg 
Reserve Mines 
Cobequid Bay North Shore 
New Glasgow 
Christmas Island 
East Bay 
West Lunenburg County 
Antigonish 
Canso Region 
Dartmouth East 
Dartmouth South Central 
Waverley 
Dartmouth Northwest 
Dartmouth East Central 
Dartmouth Morris Lake 
Amherst 
Marion Bridge 
Halifax South Central 
Bridgewater 
North Sydney South Central 
Alder Point 
Port Morien 
Halifax North West Arm 
Halifax South 
Mainland East Shore 
Halifax Central 
Halifax Bedford Basin 
Dartmouth North Central 
Halifax Upper Harbour 
Halifax Lower Harbour 
Bedford Southeast 
Bedford Northwest 
Lower Sackville North 
Queens County 
Halifax West 
Enfield 
Lower Sackville West 
Lakeside 
Lower Sackville South 
Tantallon 
North Victoria County 

Shorter than Average Longer than Average 



 43 

 
Figure 3. Map of random effects of communities that are statistically significantly 
different than the Nova Scotia mean. 

 

 
Figure 4. Map of random effects of all communities in Nova Scotia. 
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(a) 

 

 
(b) 
 
Figure 5. Map of random effects of communities that are significantly different 
than the Nova Scotian mean when complexity is defined by an RIW median 
score cut-off (1.1148) for (a) the group with low complex needs, and (b) the 
group with high complex needs.  
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CHAPTER 6: DISCUSSION 

6.1 Objective 1 and Next Steps 

We found that community of residence is significantly associated with episode LOS. This 

association is both statistically significant, as demonstrated in the results, and practically 

significant. From a practical standpoint, compared to the average episode LOS in NS, 

there is a difference of 30 days per 100 admissions for communities that are one SD away 

from this average. Thus, this excess case-mix adjusted LOS is likely to have large cost 

implications. This finding is strengthened by its similarities with other works on small 

area rate variation (SARV) in healthcare outcomes.138,143  

 

We also identified 17 communities where people are discharged to that are associated 

with a significantly longer or shorter episode LOS. These might represent communities 

where communities have good or poorly integrated systems of care, but this is not 

definitive, nor does it tell us why. There are important points to consider in the 

interpretation of our findings and the information our findings provide. 

 

Our project was purely descriptive. With our data, we do not have the means to say 

whether a community associated with significantly longer or shorter LOS is a good or 

bad thing. The strongest means of inferring whether these identified communities are in 

fact performing poorly or not is to compare them with other SARV works. Notably, there 

were three communities identified as having significantly longer case-mix adjusted 

average episode LOS than the provincial mean that were also highlighted in both other 

SARV works (see Figure 6).138,143 This overlap of communities across these works is 

interesting for a few reasons.  

 

The first is the credibility it lends to the SARV program of research. Our larger program 

of research is assessing community variation in health system outcomes (high-cost 

healthcare use,143 unplanned repeat hospitalization,138 and long adjusted LOS) as 

indicators of community performance as a system of care, and then exploring the reasons 

for this variation. The tendency for communities with high cost healthcare use to have 

both high rates of unplanned repeat hospitalizations and long adjusted LOS shows that 

both of these factors are contributing to community variation in healthcare costs.  
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The second is in the comparison with the unplanned repeat hospitalization work. One 

might assume that when people are staying longer in hospital, they would have lower 

rates of unplanned repeat hospitalization. However, it is also plausible that if it is difficult 

to discharge someone home, it is also difficult to support someone in their home setting 

while recovering or managing your health needs. There were four communities that 

overlapped with the unplanned repeat hospitalization work alone (see Figure 6), which 

represent communities where people are not only staying long in hospital but are also 

returning to hospital at a quicker rate. These four challenged this first assumption and 

may support the second that if a community as a system of care cannot support your 

discharge home, it also likely has challenges in continuing to support your health needs. 

This lends credibility to targeting communities when assessing these health system 

outcomes. These identified communities, especially the three which are significantly 

associated with both high unplanned repeat hospitalizations and high-cost healthcare use 

have more evidence implying they have a poorly integrated system of care or may be 

lacking downstream supports that would result in high hospital use. Though it still does 

not allow us to conclude anything definitively, these are communities worth targeting for 

future research and policy work. 

 

Next, there is no benchmark for what the optimal hospital LOS should be. We discussed 

our findings in relation to the provincial average, however there is no evidence 

demonstrating that the provincial average is the appropriate benchmark to strive for 

regarding hospital LOS. In the literature, there are many different cut-off points for 

defining unnecessary LOS,29,132–137 and therefore, the benchmark of an “optimal” LOS 

differs. Ideally, we would want to understand what would be achievable in terms of 

reducing LOS while still optimizing health outcomes.  

 

Minimizing hospital LOS to a benchmark that is too low could result in people being 

discharged prematurely and are experiencing negative health (e.g. morbidity) and system 

(e.g. unplanned repeat hospitalizations) outcomes. This would likely result in excess costs 

to the healthcare system without improvement in patient outcomes. Therefore, though our 

results imply that a reduction of LOS to the mean is the goal, we must consider LOS in 
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the context of other factors, including patients’ needs, and hospital and community 

factors. However, the comparability with Reid’s work does indicate that our goal might 

not be completely inappropriate in and of itself. None of the communities identified as 

having significantly lower case-mix adjusted average episode LOS than the provincial 

mean were identified in Reid’s work as having significantly higher rates of unplanned 

repeat hospitalizations (Figure 6). 

 

More in depth work is required to understand why the communities identified as having 

significantly different case-mix adjusted episode LOS than the mean do differ, and 

whether they represent systems of care that are, or are not, well integrated. The methods 

used to address this question should reflect the complex interactions between different 

formal and informal services that are embedded in the community system.9 Currently, 

most of the work done to understand the community effect on LOS uses methods that do 

not allow them to consider these complex interactions. They instead focus on individual 

programs that are meant to improve the transition home from hospital, which takes these 

programs out of the context of their system of care.12,30,33,123–126 Complex interactions in a 

community system of care can affect whether a program is effective in different settings, 

resulting in mixed results on effectiveness, making it difficult for policy makers to 

synthesize and use that knowledge.35  

 

Next steps in research into these communities can be done qualitatively and 

quantitatively. Qualitative work will likely better account for the complex interactions in 

a system of care, however there is more quantitative work which can be done first to help 

narrow the focus of this qualitative work. This project could be repeated with the 

inclusion of non-clinical variables that affect hospital LOS; the adjustment of only 

clinically related variables in our model is a limitation of our project as we have 

unmeasured patient characteristics. Social isolation, SES, income, education, housing and 

location of your home are all factors that can affect hospital LOS, however they were not 

captured in our risk-adjustment measures due to data and time constraints.60,85,105,86–

91,99,100 Therefore, in future work these variables should be added to the case-mix 

adjustment in our model to determine how much they might contribute to the effect of 

community on episode LOS. Furthermore, it would be important to gain a better 
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understanding of the individuals residing in these communities that have significantly 

different case-mix adjusted average episode LOS than the provincial mean. Further 

descriptive work using administrative or other data could allow us to differentiate 

individuals who are or are not experiencing long hospital stays within these communities, 

and also compare these individuals between communities. Our project made assessments 

at the community level, therefore precluding us from making inferences about needs of 

specific case-mixes.  

 

This quantitative work can help inform the subsequent qualitative work. To better 

understand the community as a system of care, it would be important for researchers and 

policy makers to physically go into communities and speak to people. The quantitative 

work can help guide where to look first, whether it’s looking into health resources, 

sectors outside the health system, or community supports, as well as describe 

characteristics of individuals who might be more acutely experiencing the lack of 

integration within their communities. It would be important to speak with a range of 

individuals including community leaders, patients, and discharge planners, to get an 

understanding of how community-specific integration or care deficits might be affecting 

timely discharge. 

 

6.2 Objective 2  

Given the three ways we defined patients with medically complex needs, we found that 

community variation in episode LOS does differ between groups with low and high 

complex health needs. However, the extent to which it differs, as well as which 

communities are highlighted as being significantly different than the overall provincial 

mean depend on how complex health needs are defined.  

 

Defining complexity in patients’ needs is an area of inconsistency in the literature.15,110,111 

This is likely due to the lack of a universal definition of what complex needs are, and the 

resource and data constraints placed upon different methods of research.17,45 Ideally in 

defining patients with complex needs, we would consider more than just disease; we 

would want to also consider demographic information, information on social and material 

deprivation, and information from HCPs interacting with these patients.15,16,18,110–115 Our 
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definition of complex needs based on a measure of morbidity neglects these important 

factors that complicate the health needs of a patient. Due to data and time constraints, we 

were unable to consider social and material factors or interactions with HCPs and were 

limited to clinical variables from hospital administrative data. As there is no clear 

definition for complexity and it was likely that our results would be different based on 

different definitions of complex needs; we defined patients with complex needs based 

two different cut-offs of the Elixhauser index score (a score of one and a score of two) 

and the median score for RIW. 

 

When low complex health needs were defined using the RIW score, all the communities 

identified as being significantly different than the overall provincial mean (combined 

mean of low and high complex needs group) had a lower case-mix adjusted average 

episode LOS. This intuitively makes sense, as individuals with less complex needs may 

not need their community to have as many, or as well integrated, resources to support 

them going home. Interestingly, among the high complex health needs group (defined 

using RIW), there were five communities also identified as being associated with a 

significantly shorter case-mix adjusted average episode LOS than the overall provincial 

mean. Another interesting finding was the large difference in the magnitude of 

communities being one SD away from the overall provincial mean between the low and 

high complex needs groups (defined using RIW). The proportionate effect on community 

variation for the low complex needs group was much larger than for the high complex 

needs group (SD = 0.593 and SD = 0.047, respectively). The absolute effect on 

community variation was also much larger among the low complex needs group, 

resulting in approximately a two-day difference in the excess days resulting from being 

one SD away from the overall mean as compared to the high complex needs group. 

 

Further research on the communities that were identified as having shorter case-mix 

adjusted average episode LOS in both the low and high complex needs groups (defined 

using RIW) is needed. This finding may be a reflection of very strongly integrated 

community systems of care, or it is possible that it is capturing an effect of discharging 

hospital. In depth research would also be required to understand this dramatic effect and 

regional variation among the group with low complex needs, as it is interesting that 
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community of residence would play such a large role for this group, especially as 

compared to the group with high complex needs. It may be a reflection of the fact that 

communities in general are well-integrated enough to support patients with low complex 

needs returning home with differing strengths. 

 

Though we cannot determine which of our measures of complexity was the most 

“correct”, there are important differences in what each of these measures captures. The 

Elixhauser index is validated for health outcomes; it weights the burden of certain 

conditions, which may indicate needs that are more complex, but only does so for a 

subset of conditions.50 The RIW on the other hand is validated for cost.45 A large 

contributor to cost is number of days in hospital, therefore RIW would inadvertently be 

incorporating the number of days an individual is expected to stay in hospital. However, 

it also includes all conditions, as well as information in interventions (how many and 

indicators for interventions for patients who have more complex needs). The RIW likely 

gives us more granular detail and more complete data capture, which is likely the reason 

it was able to identify more communities as being significantly different than the 

provincial mean. 

 

6.3 Community-Hospital Interaction 

Finally, an important consideration across our results is that we were unable to adjust for 

hospital in our analyses. We found that community effects differ by hospital and hospital 

effects differ by community. This suggests that these two systems of care interact in 

complex ways, where some hospitals might be more or less sensitive to community 

factors in discharging a patient home. It also suggests that hospitals are acting in a 

transitional care capacity for patients living in certain communities – likely the 

community where they reside and some surrounding areas. 

 

The inability to adjust for hospital in our analyses has some important implications in our 

work and other work assessing factors that affect hospital LOS. For our work, it means 

that our outcome of episode LOS does not solely reflect community effects, but also 

incorporates the effect of hospital. The implications to other studies relates to the 

emerging recognition that we should be adjusting for community when assessing case-
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mix adjusted LOS as a measure of hospital efficiency. Our study confirms that 

community of residence is associated with LOS, and thus could be included in case-mix 

adjustment when assessing hospital efficiency. This is consistent with work done by the 

team from the University of Calgary, who developed a conceptual framework 

highlighting the importance of adjustment beyond just clinical factors, to things like 

community level factors 28. They have since tested models that adjust for community 

level factors when assessing LOS 29. However, the complex relationship between 

community and hospital demonstrated in our study also raises concerns about adjusting 

for community, and points to the need for more nuanced study of how community factors 

influence discharge decisions. Regardless, community of residence is still important to 

consider when evaluating hospitals on LOS, as how they interact may provide important 

insights. 

 

6.4 Limitations 

There are important study limitations to consider that have not been discussed above. 

First, using FSA as our measure of community is an important limitation in our study 

because the geographical boundaries set by FSA do not necessarily correspond to systems 

of care. FSA could span multiple “communities”, as well as only represent part of other 

“communities”, as would be defined by a system of care. This issue of FSA not 

representing systems of care is an example of the contextual fallacy.144 The contextual 

fallacy relates to the Modifiable Areal Unit Problem (MAUP), which considers issues 

related to zoning (or dividing the province into same number of communities in different 

sizes and shapes) and scale (changing the number of communities in the province).144 

Due to the different methods of zoning and scaling to define communities in Nova Scotia, 

it would not be appropriate to draw any definitive conclusions about systems of care 

based on one method alone.144 This means our results would likely change based on how 

community is operationalized. However, as discussed above, FSA was the most reliable 

measure of geography available to us at present, and still provides an important starting 

point for future work. Without further contextual information, we cannot inform 

improved geographical community units in how we might combine or divide FSAs. 
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Our results may be sensitive to how we operationalized our outcome. For this study, 

longer than necessary LOS was operationalized as an episode LOS significantly longer 

than the provincial average. We chose this over other typical predictors of longer than 

necessary LOS for a few reasons. First, based on the literature, ALC would likely result 

in an underestimation of the burden of longer than necessary LOS.24,25 ALC would also 

likely represent a more extreme population of patients who remain in hospital for a long 

period of time, as this is a formal designation given by a HCP.24,62 This measure is 

therefore not sensitive to cases where individuals are in hospital a day or two longer, 

which is more common and adds up to a significant portion of days contributing to LOS. 

The second measure considered, adjusted LOS as defined by CIHI, compares the time in 

hospital that a patient is expected to stay versus how long they actually stay.26 The 

methodology for computing the expected LOS used by CIHI was developed after 

excluding cases with transfers, deaths, or sign-outs that did not return from a pass.45 The 

exclusion of these cases in this methodology is especially problematic when assessing 

LOS in Nova Scotia, as Nova Scotia has a central tertiary care center which services the 

province, and therefore transfers between facilities are common.  

 

Our case-mix adjustment encompassed a very comprehensive list of conditions (see 

Appendix A). This was to provide an overview of how community affected case-mix 

adjusted episode LOS in general for unplanned hospitalizations. However, if this project 

were repeated for how community affected case-mix adjusted episode LOS for a specific 

condition, it is possible that the communities which show up as being significantly 

different than the provincial average would be different than those identified in our work. 

This is because individuals with different specific conditions likely require different 

services or supports to meet their health needs in their community. There may be 

communities which are great at supporting the needs individuals with certain conditions, 

but not as good at supporting the needs of individuals with other conditions. For example, 

some communities might have disease-specific programs or supports that are not present 

in all communities. In our work, the use of average community effects may mask 

differences by specific conditions.  
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Regarding the selection of our study population, a limitation is that we focused on those 

individuals who are being discharged to their communities, excluding those discharged to 

a LTC facility. Though theoretically individuals who get discharged to a LTC facility are 

different than those who can be discharged home, this is not always clear-cut, and again 

we could imagine this might vary by community. For example, an individual may be 

discharged home if they live in a community with a strong system of care to support 

them, yet the if this same individual lived in a community with a weaker system of care, 

their needs may be better met in a LTC facility. Another factor at the community level 

would be LTC beds. If there are no available beds in any LTC facility in the community, 

a patient may be discharged home instead of keeping them in hospital indefinitely, where 

in another community with available beds in a LTC facility the same patient would be 

discharged to an LTC facility and not home. Therefore, in reality, whether someone is 

discharged home or to a LTC facility are affected by community. As a result, individuals 

discharged to a LTC facility instead of home to their community due to their community 

having a poorly integrated system of care would not be captured in our dataset, and the 

related communities might falsely appear to have no, or a weaker effect on episode LOS. 

Future work should assess why individuals are discharged to either a LTC facility or 

home, in order to capture cases where community factors are dictating that decision. 

Understanding how many cases there are, as well as where they are, would help to target 

communities for in depth research on how they function as a system of care. 

 

Finally, our study period was between FY 2010-14. These years were selected for the 

comparability with Reid’s study.138 Although this is a strength in the comparability of the 

results for policy makers, it is also a limitation in its relevance to policy makers since it 

does not provide the most recent picture of community effects on these outcomes. 

However, since we used 4 years of data, we were able to identify communities with 

consistently different LOS than the provincial average, instead of communities which 

may show up as significantly different for an outlying year. This increases the likelihood 

that the identified communities would still show up as significant if the research was 

conducted for the now most recent four-year time window, though it does not guarantee 

this and should be repeated if results are to be most relevant to policy makers today. 

However, our work demonstrates that where you live does affect how long you stay in 
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hospital and the usability of the model we created to come to this conclusion. Therefore, 

it does still provide important and usable information to policy makers. 

 

6.5 Policy Relevance 

The present study sought to shift the focus to communities as a system of care. It moves 

away from the dominant focus of LOS as a measure of hospital performance, while also 

filling a gap in the literature that currently focuses on individual components of a system. 

By assessing the effect of communities as complex adaptive systems on episode LOS, we 

produced information that policy makers can use in identifying systems of care that may 

not be functioning well. Our work demonstrates that where you live does impact how 

long you stay in hospital, and therefore affirms the idea that factors outside of the hospital 

system can affect hospital use.  

 

My project contributes to an already large and growing program of research in small area 

variation in health service use in Nova Scotia. Results from this program of research are 

being utilized by policy makers in the province, and they have expressed support for 

furthering this program of research. The ability to directly compare this work with that of 

Reid’s on unplanned repeat hospitalizations allows policy makers a more complete 

picture of how community may impact hospital usage. These works support the design 

and implementation of community-based programs. These programs would be specific to 

communities in supporting their health and health-related needs, minimizing the impact 

on the hospital system.  

 

Results from this project will contribute information to the Maritime Health Atlas, which 

is an interactive tool which includes differences in things like health service use across 

geographic areas in Nova Scotia and New Brunswick.145 We will map case-mix adjusted 

average episode LOS in communities across Nova Scotia. This map is useful to policy 

makers and researchers as it facilitates the identification of communities where episode 

LOS is longer or shorter than the provincial to be targeted for more detailed research on 

their systems of care. It also facilitates the identification of communities whose effect on 

episode LOS differed based on the medical complexity of patients’ needs. Though our 
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project cannot explain why those communities differ, it allows us to identify them for 

further research into why. 

 

The ability to identify these communities was a necessary first step because the complex 

interactions between different formal and informal resources in communities precluded 

us from studying one of these aspects out of context in how it affects LOS. With these 

communities identified, research that is better tailored to teasing apart those complex 

relationships, such as identifying different health-related resources in the community or 

qualitative work where those with lived experience can help identify avenues through 

which solutions might be most impactful, can be done. 
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Figure 6. Comparison of communities identified as being statistically significantly different from the provincial mean 
in other small area rate variation works (a) high-cost healthcare use 143, (b) unplanned repeat hospitalizations 138, 
(c) case-mix adjusted episode LOS. All adjusted for  demographic and clinical variables (though exact variables 
used varied). 
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CHAPTER 7: CONCLUSION 

Our work demonstrates that where you live is important to how long you remain in 

hospital, and that where you live may impact the length of your hospital stay differently 

based on the complexity of your health needs. It also allowed us to pinpoint communities 

that are significantly different than the mean in how long their residents stay in hospital, 

however, it does not allow us to determine why this may be. It supports the idea of 

looking more broadly outside of the traditional healthcare system in supporting the health 

needs of individuals to reduce the need for, or burden on, the hospital system.  

 

As noted above, the descriptive nature of our study does not allow us to provide any more 

specific insights into the community systems. However, by highlighting communities that 

significantly differed from the mean, we’ve provided a starting point for researchers and 

policy makers to target communities for more in-depth work into the relationship 

between community of residence and hospital LOS. By looking outside of the hospital 

system at community systems, we may better identify reasons for variation in LOS in 

areas across Nova Scotia. This deeper understanding can lead to the prevention of greater 

health or health management issues and decreases in hospital related costs. 
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APPENDIX A: Conditions included as case-mix adjustments and 
their associated ICD-10 codes. 

 
* Includes all sub-codes unless sub-codes are already specified  

Condition ICD-10 Codes * 
1. Hypertension I10, I15.0, I15.8 
2. Obesity  E66 
3. Diabetes (types 1 and 2) E10, E11 
4. Chronic Obstructive Pulmonary 

Disease or Pneumoconiosis  J43, J44, J47, J60 – J64 
5. Asthma & Chronic Bronchitis  J40-J42, J45 
6. Hyperlipidemia E78.0, E78.1, E78.2, E78.3, E78.4, E78.5 
7. Cancer  C00 – C96 
8. Cardiovascular Disease I20, I21, I22, I23, I24, I25, I48 
9. Heart Failure  I110, I130, I09.81, I50 
10. Osteoarthritis or Rheumatoid 

Arthritis 
M05.00, M05.30, M05.60, M06.1, M06.9, M15, M16, M17, 
M18, M19 

11. Cerebrovascular  G45, I60 - I69 
12. Thyroid Problem E00-E07 

13. Kidney Disease or Failure 
N17, N18, N18.1, N18.2, N18.3, N18.4, N18.5, N18.6, 
N18.9, N19 

14. Osteoporosis M80, M81.0, M81.6, M81.8 
15. Dementia F01, F02, F03, F03.90, F05 

16. Musculoskeletal Problem 

M25.70, M25.729, M35.3, M54.10, M54.14, M54.15, 
M54.16, M54.17, M54.2, M54.30, M54.5, M54.6, M54.89, 
M54.9, M60.9, M65.30, M65.4, M65.80, M65.849, 
M65.879, M65.9, M70.039, M70.10, M70.20, M70.30, 
M70.40, M70.50, M70.60, M70.70, M71.50, M72.9, 
M74.40, M75, M75.00, M75.30, M75.80, M76.10, M76.20, 
M76.40, M76.50, M76.60, M76.829, M76.899, M77.00, 
M77.10, M77.20, M77.30, M77.40, M77.50, M77.9, M79.0, 
M79.1, M79.2, M79.609, M79.7, S72.08, S72.01, S82, S06, 
M17 

17. Stomach Problem K21.9, K25.4, K25.5, K25.6, K25.7, K25.9, K56.60, 

18. Colon Problem 
K50.10, K50.80, K50.90, K51.00, K51.40, K51.50, K51.80, 
K51.90, K58 

19. Liver Disease 

K70.0, K70.10, K70.30, K70.9, K73.0, K73.2, K73.8, K73.9, 
K74.0, K74.1, K74.3, K74.4, K74.5, K74.60, K74.69, K75.4, 
K76.0, K76.89, K76.9 

20. Urinary Problem 

N13.4, N13.5, N13.70, N13.71, N13.721, N13.722, N13.729, 
N13.8, N28.82, N28.89, N28.9, N30.10, N30.11, N30.20, 
N30.21, N30.90, N30.91, N34.1, N34.2, N34.3, N39 (and all 
sub-codes), N40, N41.1, N41.3, N41.4, N41.8, N41.9, 
N42.0, N42.1, N42.3, N42.89, N42.9 

21. Diseases of the Nervous System 

G000, G001, G002, G003, G008, G009, G01, G02, G030, 
G031, G032, G038, G039, G0400, G0401, G0402, G041, 
G042, G0430, G0431, G0432, G0439, G0481, G0489, 
G0490, G0491, G053, G054, G060, G061, G062, G07, G08, 
G09, G10, G110, G111, G112, G113, G114, G118, G119, 
G120, G121, G1220, G1221, G1222, G1229, G128, G129, 
G130, G131, G132, G138, G14, G20, G210, G2111, G2119, 
G212, G213, G214, G218, G219, G230, G231, G232, G238, 
G239, G2401, G2402, G2409, G241, G242, G243, G244, 
G245, G248, G249, G250, G251, G252, G253, G254, G255, 
G2561, G2569, G2570, G2571, G2579, G2581, G2582, 
G2583, G2589, G259, G26, G300, G301, G308, G309, 
G3101, G3109, G311, G312, G3181, G3182, G3183, G3184, 
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Condition ICD-10 Codes * 
G3185, G3189, G319, G320, G3281, G3289, G35, G360, 
G361, G368, G369, G370, G371, G372, G373, G374, G375, 
G378, G379, G40001, G40009, G40011, G40019, G40101, 
G40109, G40111, G40119, G40201, G40209, G40211, 
G40219, G40301, G40309, G40311, G40319, G40401, 
G40409, G40411, G40419, G40501, G40509, G40801, 
G40802, G40803, G40804, G40811, G40812, G40813, 
G40814, G40821, G40822, G40823, G40824, G4089, 
G40901, G40909, G40911, G40919, G40A01, G40A09, 
G40A11, G40A19, G40B01, G40B09, G40B11, G40B19, 
G43001, G43009, G43011, G43019, G43101, G43109, 
G43111, G43119, G43401, G43409, G43411, G43419, 
G43501, G43509, G43511, G43519, G43601, G43609, 
G43611, G43619, G43701, G43709, G43711, G43719, 
G43801, G43809, G43811, G43819, G43821, G43829, 
G43831, G43839, G43901, G43909, G43911, G43919, 
G43A0, G43A1, G43B0, G43B1, G43C0, G43C1, G43D0, 
G43D1, G44001, G44009, G44011, G44019, G44021, 
G44029, G44031, G44039, G44041, G44049, G44051, 
G44059, G44091, G44099, G441, G44201, G44209, 
G44211, G44219, G44221, G44229, G44301, G44309, 
G44311, G44319, G44321, G44329, G4440, G4441, G4451, 
G4452, G4453, G4459, G4481, G4482, G4483, G4484, 
G4485, G4489, G450, G451, G452, G453, G454, G458, 
G459, G460, G461, G462, G463, G464, G465, G466, G467, 
G468, G4700, G4701, G4709, G4710, G4711, G4712, 
G4713, G4714, G4719, G4720, G4721, G4722, G4723, 
G4724, G4725, G4726, G4727, G4729, G4730, G4731, 
G4732, G4733, G4734, G4735, G4736, G4737, G4739, 
G47411, G47419, G47421, G47429, G4750, G4751, G4752, 
G4753, G4754, G4759, G4761, G4762, G4763, G4769, 
G478, G479, G500, G501, G508, G509, G510, G511, G512, 
G513, G514, G518, G519, G520, G521, G522, G523, G527, 
G528, G529, G53, G540, G541, G542, G543, G544, G545, 
G546, G547, G548, G549, G55, G5600, G5601, G5602, 
G5610, G5611, G5612, G5620, G5621, G5622, G5630, 
G5631, G5632, G5640, G5641, G5642, G5680, G5681, 
G5682, G5690, G5691, G5692, G5700, G5701, G5702, 
G5710, G5711, G5712, G5720, G5721, G5722, G5730, 
G5731, G5732, G5740, G5741, G5742, G5750, G5751, 
G5752, G5760, G5761, G5762, G5770, G5771, G5772, 
G5780, G5781, G5782, G5790, G5791, G5792, G580, G587, 
G588, G589, G59, G600, G601, G602, G603, G608, G609, 
G610, G611, G6181, G6189, G619, G620, G621, G622, 
G6281, G6282, G6289, G629, G63, G64, G650, G651, 
G652, G7000, G7001, G701, G702, G7080, G7081, G7089, 
G709, G710, G7111, G7112, G7113, G7114, G7119, G712, 
G713, G718, G719, G720, G721, G722, G723, G7241, 
G7249, G7281, G7289, G729, G731, G733, G737, G800, 
G801, G802, G803, G804, G808, G809, G8100, G8101, 
G8102, G8103, G8104, G8110, G8111, G8112, G8113, 
G8114, G8190, G8191, G8192, G8193, G8194, G8220, 
G8221, G8222, G8250, G8251, G8252, G8253, G8254, 
G830, G8310, G8311, G8312, G8313, G8314, G8320, 
G8321, G8322, G8323, G8324, G8330, G8331, G8332, 
G8333, G8334, G834, G835, G8381, G8382, G8383, G8384, 
G8389, G839, G890, G8911, G8912, G8918, G8921, G8922, 
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Condition ICD-10 Codes * 
G8928, G8929, G893, G894, G9001, G9009, G901, G902, 
G903, G904, G9050, G90511, G90512, G90513, G90519, 
G90521, G90522, G90523, G90529, G9059, G908, G909, 
G910, G911, G912, G913, G914, G918, G919, G92, G930, 
G931, G932, G933, G9340, G9341, G9349, G935, G936, 
G937, G9381, G9382, G9389, G939, G94, G950, G9511, 
G9519, G9520, G9529, G9581, G9589, G959, G960, G9611, 
G9612, G9619, G968, G969, G970, G971, G972, G9731, 
G9732, G9741, G9748, G9749, G9751, G9752, G9781, 
G9782, G980, G988, G990, G992, G998 

22. Pneumonia and influenza & other 
acute lower respiratory 
infections  J09-J18, J20 – J22  

23. Injury 

E920, W25-W29, W45-W46, E830, E832, E910, V90, V92, 
W65-W74, E880-E886, E888, W00-W19, E890-E899, X10-
X19, E922, W32-W34, E919, W24, W30-W31, E810-E819 
(.0-.1), V30-V79(.4-.9),V83-V86(.0-.3), E810-E819 (.2-
.3), V20-V28(.3-.9), V29(.4-.9), E810-E819 (.6), V12-
V14(.3-.9), V19(.4-.6), E810-E819 (.7), V02-V04(.1), V02-
V04(.9), V09.2, E810-E819 (.4-.5, .8-.9), V80(.3-.5), V81-
V82(.1), V87(.0-.8), V89.2, E800-E807(.3), E820-E825(.6), 
E826.1, E826.9, V10.0-V11.9, V12-V14(.0-.2), V15.0-
V18.9, V19(.0-.3), V19.8, V19.9, E800-E807(.2), E820-
E825(.7), E826-E829(.0), V01(.0-.9), V02-V04(.0), V05.0-
V06.9, V09.0, V09.1, V09.3, V09.9, E800-E807(.0-.1), 
E800-E807(.8-.9), E820-E825(.0-.5), E820-E825(.8-.9), 
E826(.2-.8), E827-E829(.2-.9), E831, E833-E838, E840.0-
E845.9, E846, E847-E848, V20-V28(.0-.2), V29-V79(.0-.3), 
V80(.0-.2), V80(.6-.9), V81-V82(.0), V81-V82(.2-.9), V83-
V86(.4-.9), V87.9, V88(.0-.9),V89(.0-.1), V89.3, V89.9, 
V91, V93-V99, E850-E869, E924.1, X40-X49, E916-
E917, W20-W22, W50-W52, E911-E913, W75-W84, E914-
E915, W44, E970-E978, E990-E999, Y35-Y36, Y89(.0-
.1), E950-E959, E87 

24. Severe and Persistent Mental Illness F20-F29, F30, F31, F32.3, F33.3 

25. Other Mental Illness 

F32.0, F32.1-2, F32.4-9, F33.0, F33.1-2, F33.4-9, F34 F38-
F39, F40-41, F05, F42, F44-F50, F54, F60-F69, F430, 
F4320-25, F4329, F4312, F438, F4310, F4390, F43948, 
X60-X84, F985, F959, F950-52, F984, F509, F502, F983, 
F9821, F508, F9829, F980, F981, F633, F51-F53, F55-F59, 
F99 
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APPENDIX B: Caterpillar plots of interactions between hospitals 
and communities of residence of patients; (a) hospitals sorted 
within communities, and (b) communities sorted within 

hospitals. 

 
 
(a) Hospital E encompasses 28 hospitals that do not discharge to many FSAs. 
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