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Abstract: Background: Myocardial infarction (MI), remains one of the leading causes of death and
disability globally but publications on the progression of MI using data from the real world are
limited. Multistate models have been widely used to estimate transition rates between disease states
to evaluate the cost-effectiveness of healthcare interventions. We apply a Bayesian multistate hidden
Markov model to investigate the progression of MI using a longitudinal dataset from Queensland,
Australia. Objective: To apply a new model to investigate the progression of myocardial infarction
(MI) and to show the potential to use administrative data for economic evaluation and modeling
disease progression. Methods: The cohort includes 135,399 patients admitted to public hospitals in
Queensland, Australia, in 2010 treatment of cardiovascular diseases. Any subsequent hospitalizations
of these patients were followed until 2015. This study focused on the sub-cohort of 8705 patients
hospitalized for MI. We apply a Bayesian multistate hidden Markov model to estimate transition rates
between health states of MI patients and adjust for delayed enrolment biases and misclassification
errors. We also estimate the association between age, sex, and ethnicity with the progression of
MI. Results: On average, the risk of developing Non-ST segment elevation myocardial infarction
(NSTEMI) was 8.7%, and ST-segment elevation myocardial infarction (STEMI) was 4.3%. The risk
varied with age, sex, and ethnicity. The progression rates to STEMI or NSTEMI were higher among
males, Indigenous, or elderly patients. For example, the risk of STEMI among males was 4.35%,
while the corresponding figure for females was 3.71%. After adjustment for misclassification, the
probability of STEMI increased by 1.2%, while NSTEMI increased by 1.4%. Conclusions: This study
shows that administrative health data were useful to estimate factors determining the risk of MI and
the progression of this health condition. It also shows that misclassification may cause the incidence
of MI to be under-estimated.
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1. Introduction

Myocardial infarction (MI), popularly known as a heart attack, is typically caused by
obstruction of blood flow either by plaques in the coronary arteries [1] or, less frequently,
by other obstructing mechanisms, such as spasm of coronary arteries [2]. Although the
incidence of Ml is declining in some developed countries [3], Australia is an outlier with a
very high, and increasing, incidence rate [4,5]. A better understanding of the progression
of an MI can lead to the development of interventions to reduce the incidence and improve
health outcomes.

Randomized control trials remain the “gold standard” [6] in evaluating healthcare
interventions and modeling the progression of diseases under systematic interventions.
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Despite their popularity, randomized control trials have drawbacks. First, the sample size
is relatively small, ranging from dozens to hundreds [7]. Second, they are expensive and
time-consuming [8,9]. Third, there is a big gap between experiment and practice [8,10]. In
contrast, administrative health data do not have these limitations because they capture the
whole population, and are often readily available and always reflect the real world [11].

Multistate survival models [12] are long-established and well-accepted tools to inves-
tigate the progression of diseases. The main assumption in most multistate models is that
health states are observed with certainty, which is not always true. Fortunately, we can also
use a hidden Markov model, which relaxes this assumption, to consider misclassifications
in identifying health states [13].

In this paper, we apply a hidden Markov model [14] to investigate the progression of
Ml in a cohort of linkage hospital admission data from Queensland, Australia. We show
that the risk of MI is under-estimated if misclassification is ignored. The bias-corrected
transition rates estimated in this study can be used in economic evaluations of health
interventions. Moreover, we believe that the use of administrative data to investigate the
progression of diseases, as we have done here, will increase, and administrative data can
improve the “gold standard” in the future.

2. Methods
2.1. Data Sources

The main data used in this study were the Queensland cardiac linkage cohort of all
cardiovascular diseases (CVD)-related hospitalizations in 2010. All later admissions of
those patients were followed until the end of 2015. The data related to these admissions
were linked and collected from the Queensland Hospital Admitted Patient Data Collection
(QHAPDC), Emergency Department Data Collection (EDDC), Registrar of General Deaths
(RGD), and the National Hospital Cost Data Collection (NHCDC).

We used the International Classification of Diseases—10th Revision codes of primary
diagnosis to classify MI. The two most common types of MI include Non-ST-segment Ele-
vation Myocardial Infarction (NSTEMI, and STEMI [15]. NSTEMI was identified using the
code 121.4, while STEMI was identified using codes 121.0, 121.1, 121.2, or 121.3. Unspecified
and other forms of MI (codes 121.9 and 121.A) were less common and not clearly identified
and hence excluded from the analysis [16].

2.2. Ethics Committee Approval

Data were released in accordance with the research provisions of the Queensland
Public Health Act 2005 [17]. Data collection and analyses in this study were conducted
according to the Declaration of Helsinki [18]. Ethical approval was obtained from the
Griffith University and Queensland Health Human Research Ethics Committees (Ref
No: 2017/001). The data were stored and accessed using the Secure Unified Research
Environment [19].

2.3. Study Population

The original dataset included 135,399 individuals with 1.8 million admissions dur-
ing the study period. We excluded 59,074 individuals who were not admitted for the
first time to control for left-censoring bias. This left-censoring bias could be upwards as
those admitted to hospitals before 2010 could be at a more severe stage of disease progres-
sion. However, the left-censoring bias could also be downward because those who first
hospitalized before 2010 and still alive in 2010 were fitter (i.e., the survival of the fittest).

Among the remaining individuals, 30,494 were excluded because the cardiovascular
disease was not listed as a primary diagnosis code (i.e., CVD was not the primary cause
of the index admission). These patients were hospitalized primarily for treatments of
other health conditions (e.g., kidney failure); and presented with CVDs as subsequent
diagnoses, or as primary diagnoses in subsequent admissions. Finally, we focused on
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patients who had at least one episode of MI during the study period. The final sample
included 8705 patients with 70,205 admissions from January 2010 to December 2015.

2.4. Hidden Markov Model and the Transition Rate Matrix

We apply a multistate hidden Markov model [13,14] to estimate the progression of ML
As the name suggests, a multistate Markov model refers to a Markov process (e.g., over
health states), where a future state depends solely on the current state. In a standard Markov
model, it is assumed that states were defined without errors. The hidden Markov model
relaxes this assumption and allows misclassification, which can be due to measurement
errors, to occur.

In this study, we specified the progression of MI using four health states: the initial
state (i.e., well); two transitory states (i.e., NSTEMI and STEMI); and the absorbing state
(i.e., dead). Note that the ‘well” state was defined as the absence of MI, and, hence, it
does not necessarily indicate good health as patients may have been hospitalized for other
cardiac conditions (e.g., angina).

The matrix of transition rates from one health state to another can be estimated using
the exponential matrix P(t) = ¢/Q, where Q is the transition rate matrix [13,14]. Each
component of the Q matrix represents changes in transition rates by one unit of time.
Components of the transition rate matrix can be affected by covariates such as age, sex,
and Indigenous status: log(q;) = B) + B}-Age + pb-Sex + B. Ethnicity, where q; (1 = 1,2

. 6) were elements of the transition rate matrix (Q).

—q1—4q92—43 1 42 93

0= 0 —q4—q5 q4 g5
0 0 —q6 g6

0 0 0 0

2.5. Statistical Analysis

With the exception of the absorbing ‘dead’ state, the remaining observed health states
were manifested from their true states with potential misclassification [13]. The main source
of misclassification is the unobserved nature of disease progression. For example, a person
could have their artery blocked, the main cause of MI, long before the first hospitalization
by ML Another factor contributing to the potential misclassification in these data was the
difficulty to clearly identify types of MI using the current ICD-10 [20]. For the convenience
of computation, we define the progression of MI, including only forward transitions. This
definition is in line with the objective of medical practices that healthcare interventions aim
to reduce the incidence or improve health outcomes of patients with ML

Based on the literature [21] and the available data, we selected age, sex, and ethnicity
as covariates of MI progression. Other risk factors (e.g., smoking status and body mass
index) were not available in our dataset. The age variable was converted into integers
such that transition rates remained homogenous within a year. We chose the log-linear
functional form to link the selected covariates (age, sex, and ethnicity) to transition rates
between health states.

Death rate bias was a potential issue in this study. This bias arose when people who
died of an MI prior to hospitalization were not included in admission records. Thus, the
death rate among patients in hospital databases could be lower than that of the general
population. Models unadjusted for death rate bias could lead to lower estimated death
rates. We mitigated the death rate bias by selecting the overall population death rate of
Australia [22] as a prior for the Bayesian estimator.

The estimated progression of MI in this study could also be biased by delayed en-
rolment. This issue occurs when people who had their first MI at an older age (e.g., 70)
are healthier than those who had the first MI at a younger age (e.g., 30). We address this
delayed enrolment bias issue by estimating the transition rates from the baseline health
state at the first hospitalization. We also manually added censored observations for any
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year in the study period (2010-2015) where the patient had no admission prior to the
current admission. For example, a patient hospitalized in 2010 with angina returned to a
hospital in 2013 with an NSTEMLI. In this case, two censored rows were added to model
the potential that the patient could develop an NSTEMI in 2011 or 2012. After adding
censored rows, the number of observations increased from 70,205 to 96,511. The 26,306
added observations come from 7251 people (83.3% of the sample) who had missing years
between two adjacent admissions.

The analysis was conducted in R [23] using a pre-released version of the hmm pack-
age [14].

3. Results

On average, the annual rates of NSTEMI and STEMI were 27.4% and 11.6%, respec-
tively. The average mortality risk was 5.6%, while the average probability of having no
heart attack (well) during the study period was 55.5%.

The summary of health states by sex and ethnicity show that age is the most influential
factor for transitioning between health states. The mortality risk increased from 1.1% for
those aged less than 55 years to 11.7% for people aged 75 years and above (Table 1). The
overwhelming effect of age could explain why the raw mortality risk did not differ by sex
(p-value = 0.25) or ethnicity (p-value = 0.16). The age-standardized mortality rates show
that males were more at risk than females, with a rate of 6% compared to 5.1% of females.

Table 1. Proportions of patients in health states by sex, ethnicity, and age groups.

. Health States
Characteristics
Well NSTEMI STEMI Death
All cases 55.5% 27.4% 11.6% 5.6%
By sex
Females 58.0% 27.6% 8.4% 6.0%
Males 54.1% 27.3% 13.3% 5.3%
p-value of the sex difference <0.001 0.132 <0.001 0.254
By ethnicity
Non-Indigenous 55.6% 27 4% 11.5% 5.6%
Indigenous 53.2% 29.3% 13.4% 4.1%
p-value of the ethnic difference 0.735 0.035 0.044 0.163
By age groups
<55 56.3% 26.3% 16.2% 1.1%
55-64 57.5% 26.6% 13.9% 2.1%
64-74 56.8% 27.5% 10.9% 4.8%
75+ 52.4% 28.6% 7.3% 11.7%
p-value of differences across <0.001 <0.001 <0.001 <0.001
age groups
Age-standardized rates
Females 59.0% 27.3% 8.6% 5.1%
Males 53.8% 27.4% 12.8% 6.0%
Non-Indigenous 55.6% 27.3% 11.6% 5.5%
Indigenous 53.4% 29.0% 10.6% 7.0%

Note: Probabilities are normalized to make each row sum to one. p-values were obtained from x? tests.

After age-standardizing, the mortality rate of Indigenous patients was 7%, while the
rate for non-Indigenous patients was 5.5%. Males had a higher risk of STEMI (12.8% vs.
8.6%). Indigenous patients had the rate of having a STEMI lower by 1% compared to
non-Indigenous patients. In addition, the proportion of Indigenous people in this sample
(3.9%) was considerably higher than the Australian census estimate (2.8%) [24], suggesting
a higher risk of MI among the Indigenous population.

Overall, data reveal that age is the most influential factor affecting the health state of
patients with MI. Differences in probabilities of the “well” state by age signals the potential
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of late enrolment bias may be present. Additionally, misclassification errors may exist as
types of MI could not be clearly distinguished by ICD-10 codes [20]. We will mitigate both
sources of bias in subsequent analysis.

The estimated transition rate matrix at mean age confirmed with the data that NSTEMI
was the most common at 8.46-8.70% (Table 2). STEMI was mostly developed from NSTEMI
(2.4%). Males and Indigenous patients face a higher risk of developing a STEMI or NSTEMI,
but the magnitude of differences was negligible.

Table 2. Estimated transition rates by sex and ethnicity.

Transitions Males Females Indigenous Non-Indigenous
Well — NSTEMI 8.70% 8.46% 8.62% 8.61%
Well — STEMI 1.92% 1.29% 1.68% 1.69%
Well — Dead 2.83% 2.82% 2.81% 2.83%
NSTEMI — STEMI 2.43% 2.42% 2.41% 2.43%
NSTEMI — Dead 5.12% 5.08% 5.10% 5.11%
STEMI — Dead 4.68% 4.64% 4.68% 4.66%

The progression of MI also increased with age, but the effect sizes were negligible in
most transitions. For example, each added year from the mean age of 67, the relative risk
of having a STEMI increase by 1.5% [0.1,4.2%]. Thus, the relative risk of experiencing a
STEMI is 60% lower for a 27-year-old individual than a 67-year-old (i.e., 40 years x1.5%).
However, because the level of transition rate was small, the difference in absolute risk of
STEMI for this 40-year age gap was only around one percentage point.

Results of the misclassification prediction suggest that the prevalence of MI could
be under-estimated (Table 3). Particularly, 3.7% of patients with an NSTEMI could be
misclassified as “Well”, while 2.7% of patients in a STEMI could be misclassified as NSTEMI.
Thus, the true risk of NSTEMI and STEMI should increase by 1.4% and 1.2%, respectively.

Table 3. Predicted misclassification probabilities.

Health States Mean 95% Credible Set
Observed = NSTEMI True = Well 0.011 0.01 0.012
Observed = Well True = NSTEMI 0.037 0.03 0.039
Observed = STEMI True = NSTEMI 0.015 0.01 0.017
Observed = NSTEMI True = STEMI 0.027 0.02 0.030

4. Discussion
4.1. Findings from Administrative Data Were Consistent with Randomized Trials

This study shows that administrative data can be used to investigate the progression
of diseases, such as MI. Our findings are consistent with previous studies based on random-
ized trials [25], showing that males and Indigenous Australians have a higher mortality
risk from an MI. However, we emphasize that both the absolute and relative measures of
risk should be reported to reveal a true gap in MI between sexes and ethnic groups. In our
study, the relative risk showed that males had a 63% greater risk of developing a STEMI
despite the absolute difference being about 1%. Thus, reporting the sex and ethnicity gap
using only relative or absolute difference may reach a distorted conclusion.

The estimated transition rates in this study provide several advantages for cost-
effectiveness analyses of interventions for MI. Firstly, our population-based longitudinal
dataset captures the whole population and so avoids problems associated with small
sample sizes. Second, administrative data are readily available and hence less resource-
intensive to collect. Third, administrative data can take into account factors that might not
be controlled in randomized control trials. Overall, we argue that evidence from the real
world (e.g., administrative data) should be used in medical decision making because of its
obvious external validity and efficacy.
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4.2. The Prevalence of MI Was Under-Estimated if Misclassification Is Ignored

Another important message from this study is that misclassification, if ignored, will
result in an under-estimating risk of MI by 1.2-1.4%, which was substantial compared to
the estimated prevalence of around 8.7% for non-severe and 4.3% for STEMI. This finding
of substantial misclassification is consistent with previous findings in the USA [26,27] and
Belgium [28]. However, previous studies attributed misclassification to errors in diagnosis,
whereas misclassification in our study was attributable to the unobservable nature of the
progression of diseases. Nevertheless, the finding of this study reaches the same conclusion
that misclassification should be considered in modeling the progression of diseases [29].

Overall, administrative data have clear advantages over trial data in terms of large
sample size, relatively cheaper to collect and the ability to consider differences between
clinical trials and real-world medical practices. However, administrative data also have
limitations with respect to no randomized control group and often lacks detailed infor-
mation, for example, on lifestyle data. We also could not exclude a possibility of patient
misclassification due to errors during ICD coding.

5. Conclusions

In conclusion, this study shows that administrative data provide an effective tool to
model the progression of MI. Our study demonstrates that using administrative data in
disease progression modeling will be more efficient and have stronger external validity.
We also improve the reliability of the estimates by controlling for late enrolment bias and
death rate bias. We found that the risk of MI could be under-estimated if misclassification
is ignored. Ideally, a combination of evidence from randomized control trials evidence and
administrative data should also be considered to take the best of both worlds. Our main
results are consistent with the literature that age, sex, and ethnicity are the main drivers of
heart attack risk.

Author Contributions: S.N.: Conceptualization, Data curation, Formal analysis, Visualization, Writ-
ing the original draft, Writing—review and editing, Investigation. J.W.: Conceptualization, statistical
advice, Writing—review and editing. C.A.: Data curation, Writing—review and editing. Q.H.:
Investigation, clinical advice, Writing—review and editing. S.-k.N.: Statistical advice, Writing -review
and editing. J.B.: Writing—review and editing, supervision, project management. All authors have
read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: This cohort study has been approved by the Research Ethics
Committee of Griffith University (2017/001).

Informed Consent Statement: Patient consent was waived due to the anonymity nature of the data.

Data Availability Statement: Restrictions apply to the availability of these data. Data were obtained
from Queensland Health and the Australian Institute of Health and Welfare and stored at the Secure
Unified Research Environment (SURE) at the SAX Institute, Australia. Access to this data set is
subject to ethical approval from all the data custodians.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

Naghavi, M.; Falk, E.; Hecht, H.S.; Jamieson, M.].; Kaul, S.; Berman, D.; Fayad, Z.; Budoff, M.].; Rumberger, J.; Naqvi, T.Z.; et al.
From Vulnerable Plaque to Vulnerable Patient—Part III: Executive Summary of the Screening for Heart Attack Prevention and
Education (SHAPE) Task Force Report. Am. J. Cardiol. 2006, 98, 2-15. [CrossRef]

Mendis, S.; Thygesen, K.; Kuulasmaa, K.; Giampaoli, S.; Mdhonen, M.; Blackett, K.N.; Lisheng, L. Writing group on behalf
of the participating experts of the WHO consultation for revision of WHO definition of myocardial infarction World Health
Organization definition of myocardial infarction: 2008-09 revision. Int. J. Epidemiol. 2010, 40, 139-146. [CrossRef] [PubMed]
O’Flaherty, M.; Huffman, M.D.; Capewell, S. Declining trends in acute myocardial infarction attack and mortality rates, celebrating
progress and ensuring future success. Heart 2015, 101, 1353-1354. [CrossRef] [PubMed]


http://doi.org/10.1016/j.amjcard.2006.03.002
http://doi.org/10.1093/ije/dyq165
http://www.ncbi.nlm.nih.gov/pubmed/20926369
http://doi.org/10.1136/heartjnl-2015-307868
http://www.ncbi.nlm.nih.gov/pubmed/26060117

Int. J. Environ. Res. Public Health 2021, 18, 7385 70f7

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.
20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Katzenellenbogen, ].M.; Sanfilippo, F.; Hobbs, M.S.; Briffa, T.G.; Ridout, S.C.; Knuiman, M.; Dimer, L.; Taylor, K.P.; Thompson,
P.L.; Thompson, S. Incidence of and Case Fatality Following Acute Myocardial Infarction in Aboriginal and Non-Aboriginal
Western Australians (2000-2004): A Linked Data Study. Hear. Lung Circ. 2010, 19, 717-725. [CrossRef]

Yeh, R.W.,; Sidney, S.; Chandra, M.; Sorel, M.; Selby, ].V.; Go, A.S. Population trends in the incidence and outcomes of acute
myocardial infarction. N. Engl. J. Med. 2010, 362, 2155-2165. [CrossRef] [PubMed]

Hariton, E.; Locascio, ].J]. Randomised controlled trials—The gold standard for effectiveness research. BJOG Int. ]. Obstet. Gynaecol.
2018, 125, 1716. [CrossRef]

Wittes, ]. Sample size calculations for randomized controlled trials. Epidemiol. Rev. 2002, 24, 39-53. [CrossRef]

James, S.; Rao, S.V.; Granger, C.B. Registry-based randomized clinical trials—A new clinical trial paradigm. Nat. Rev. Cardiol.
2015, 12, 312-316. [CrossRef]

Reith, C.; Landray, M.; Devereaux, P.; Bosch, J.; Granger, C.B.; Baigent, C.; Califf, R.M.; Collins, R.; Yusuf, S. Randomized Clinical
Trials—Removing Unnecessary Obstacles. N. Engl. J. Med. 2013, 369, 1061-1065. [CrossRef]

Pothineni, N.VK,; Deshmukh, A.; Pant, S.; Patel, N.J.; Badheka, A.; Chothani, A.; Shah, N.; Mehta, K.; Savani, G.T.; Singh, V.; et al.
Complication rates of atrial fibrillation ablations: Comparison of safety outcomes from real world to contemporary randomized
control trials. Int. J. Cardiol. 2014, 175, 372-373. [CrossRef]

Kim, H.-S.; Lee, S.; Kim, J.H. Real-world evidence versus randomized controlled trial: Clinical research based on electronic
medical records. J. Korean Med. Sci. 2018, 33, €213. [CrossRef]

Hajihosseini, M.; Kazemi, T.; Faradmal, J. Multistate Models for Survival Analysis of Cardiovascular Disease Process. Rev.
Espafiola Cardiol. 2016, 69, 714-715. [CrossRef]

Jackson, C.H.; Sharples, L.D.; Thompson, S.G.; Duffy, S.W.; Couto, E. Multistate Markov models for disease progression with
classification error. . R. Stat. Soc. Ser. D 2003, 52, 193-209. [CrossRef]

Williams, J.P; Storlie, C.B.; Therneau, T.M.; Jack, C.R., Jr.; Hannig, J. A Bayesian Approach to Multistate Hidden Markov Models:
Application to Dementia Progression. J. Am. Stat. Assoc. 2019, 115, 16-31. [CrossRef]

Rott, D.; Weiss, A.T.; Chajek-Shaul, T.; Leibowitz, D. ST-Deviation Patterns in Recurrent Myocardial Infarctions. Am. J. Cardiol.
2006, 98, 10-13. [CrossRef]

Patel, A.B.; Quan, H.; Welsh, R.C.; Deckert-Sookram, J.; Tymchak, W.; Sookram, S.; Surdhar, I.; Kaul, P. Validity and utility of
ICD-10 administrative health data for identifying ST-and non-ST-elevation myocardial infarction based on physician chart review.
CMA] Open 2015, 3, E413. [CrossRef] [PubMed]

State of Queensland, Public Health Act 2005; Queensland Government: Brisbane, Australia, 2019.

Association, W.M. World Medical Association Declaration of Helsinki. Ethical principles for medical research involving human
subjects. Bull. World Health Organ. 2001, 79, 373.

Sax Institute. Introduction to SURE; Sax Institute: Sydney, Australia, 2017.

Alexandrescu, R.; Bottle, A.; Jarman, B.; Aylin, P. Current ICD10 codes are insufficient to clearly distinguish acute myocardial
infarction type: A descriptive study. BMC Health Serv. Res. 2013, 13, 468. [CrossRef] [PubMed]

Yusuf, S.; Joseph, P; Rangarajan, S.; Islam, S.; Mente, A.; Hystad, P.; Brauer, M.; Kutty, VR.; Gupta, R.; Wielgosz, A.; et al.
Modifiable risk factors, cardiovascular disease, and mortality in 155 722 individuals from 21 high-income, middle-income, and
low-income countries (PURE): A prospective cohort study. Lancet 2020, 395, 795-808. [CrossRef]

Australian Bureau of Statistics. 3302.0—Deaths, Australia, 2019; Australian Bureau of Statistics: Canberra, Australia, 2018.

R Development Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing;:
Vienna, Austria, 2019.

Australian Bureau of Statistics. Census: Aboriginal and Torres Strait Islander Population; Australian Bureau of Statistics: Canberra,
Australia, 2017.

Hyun, KK.; Redfern, J.; Patel, A.; Peiris, D.; Brieger, D.; Sullivan, D.; Harris, M.; Usherwood, T.; MacMahon, S.; Lyford, M.; et al.
Gender inequalities in cardiovascular risk factor assessment and management in primary healthcare. Heart 2017, 103, 492—-498.
[CrossRef] [PubMed]

Hawatmeh, A.; Thawabi, M.; Aggarwal, R.; Abirami, C.; Vavilin, I.; Wasty, N.; Visveswaran, G.; Cohen, M. Implications of
Misclassification of Type 2 Myocardial Infarction on Clinical Outcomes. Cardiovasc. Revasc. Med. 2020, 21, 176-179. [CrossRef]
[PubMed]

Thomas, ].W.; Adams, ].L.; Mehrotra, A.; McGlynn, E.A. Physician Cost Profiling—Reliability and Risk of Misclassification. Rand
Health Q. 2012, 2, 1014-1021.

De Henauw, S.; De Smet, P.; Aelvoet, W.; Kornitzer, M.; De Backer, G. Misclassification of coronary heart disease in mortality
statistics. Evidence from the WHO-MONICA Ghent-Charleroi Study in Belgium. J. Epidemiol. Community Health 1998, 52, 513-519.
[CrossRef] [PubMed]

Polisetti, H. Hidden Markov Chain Analysis: Impact of Misclassification on Effect of Covariates in Disease Progression and
Regression. Master’s Thesis, University of South Florida, Tampa, FL, USA, 2016.


http://doi.org/10.1016/j.hlc.2010.08.009
http://doi.org/10.1056/NEJMoa0908610
http://www.ncbi.nlm.nih.gov/pubmed/20558366
http://doi.org/10.1111/1471-0528.15199
http://doi.org/10.1093/epirev/24.1.39
http://doi.org/10.1038/nrcardio.2015.33
http://doi.org/10.1056/NEJMsb1300760
http://doi.org/10.1016/j.ijcard.2014.04.250
http://doi.org/10.3346/jkms.2018.33.e213
http://doi.org/10.1016/j.recesp.2016.03.015
http://doi.org/10.1111/1467-9884.00351
http://doi.org/10.1080/01621459.2019.1594831
http://doi.org/10.1016/j.amjcard.2006.01.043
http://doi.org/10.9778/cmajo.20150060
http://www.ncbi.nlm.nih.gov/pubmed/27570759
http://doi.org/10.1186/1472-6963-13-468
http://www.ncbi.nlm.nih.gov/pubmed/24195773
http://doi.org/10.1016/S0140-6736(19)32008-2
http://doi.org/10.1136/heartjnl-2016-310216
http://www.ncbi.nlm.nih.gov/pubmed/28249996
http://doi.org/10.1016/j.carrev.2019.04.009
http://www.ncbi.nlm.nih.gov/pubmed/31078438
http://doi.org/10.1136/jech.52.8.513
http://www.ncbi.nlm.nih.gov/pubmed/9876363

	Introduction 
	Methods 
	Data Sources 
	Ethics Committee Approval 
	Study Population 
	Hidden Markov Model and the Transition Rate Matrix 
	Statistical Analysis 

	Results 
	Discussion 
	Findings from Administrative Data Were Consistent with Randomized Trials 
	The Prevalence of MI Was Under-Estimated if Misclassification Is Ignored 

	Conclusions 
	References

