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Abstract 

【Introduction】 

Asthma is a common respiratory disease, asthma-related deaths have barely decreased 
despite the increase in asthma care. It remains a prevalent respiratory condition with 
substantial morbidity and mortality, particularly among patients with severe or refractory 
forms who experience persistent symptoms and are at high risk of acute exacerbations. 
Though type 2 inflammation is considered the predominant pathology in asthma 
exacerbation, non-type 2 inflammation also exists, particularly in patients with refractory 
asthma who do not respond well to corticosteroid treatment. The heterogeneity in asthma 
pathology complicates efforts to prevent exacerbations.  
 
Chapter 1 Real-time exacerbation prediction model 

【Introduction】 

Real-time asthma exacerbation prediction and upcoming acute asthma attack detection 
are essential for patients with severe asthma. Among several potential predictors, peak 
expiratory flow (PEF) exhibits a potential for use in long-term asthma self-monitoring. 
However, the method for processing PEF calculations remains to be clarified. We propose 
two novel PEF-based metrics, the delta moving average (ΔMA) and the delta percentage 
predicted PEF moving average (%ΔMA), to facilitate real-time exacerbation prediction. 

【Materials and Methods】 

PEF records were collected from the Hokkaido-based Investigative Cohort Analysis for 
Refractory Asthma (Hi-CARAT). Hi-CARAT is a multicenter observation study that 
included adult patients with severe asthma with or without smoking history in Hokkaido 
Prefecture, Japan, from which 127 patients with severe asthma and 73,503 PEF 
observations were obtained. Previously proposed exacerbation predictors, including the 
decreasing trend of PEF, percentage predicted PEF, percentage best PEF, the highest PEF 
over the lowest PEF within specific periods, and PEF coefficient of variation, as well as 
a novel indicator ΔMA, defined as the difference between 14-day and 3-day average PEF 
values along with ΔMA adjusted for PEF reference (%ΔMA), were verified using the Hi-
CARAT. Receiver operating characteristic curves for all predictors were drawn and the 
corresponding areas under the curve (AUCs) were computed. Regression analysis for 
ΔMA and %ΔMA were conducted. 
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【Results】 

The most outstanding performance was demonstrated by ΔMA and %ΔMA, with AUC 
values of 0.659 and 0.665 in the univariate model, respectively. Incorporating ΔMA 
and %ΔMA into multivariate models further improved the AUCs to 0.710 and 0.707. 
When multivariate models incorporated with random intercepts for individual 
participants, the AUC for ΔMA and %ΔMA soared to 0.907 and 0.919, respectively. 
Several possible cutoff values for ΔMA and %ΔMA were proposed. 

【Discussion】 

The ΔMA and %ΔMA are valuable indicators that should be considered when deriving 
predictors from the PEF trajectory for monitoring exacerbations in patients with severe 
asthma. Our findings also suggested that using a single PEF-based predictor may not be 
sufficient, emphasizing the need for multivariate approaches. While our model offers a 
promising approach to real-time exacerbation prediction, limitations include potential 
measurement errors, reliance on patient compliance, and a lack of precise timing for 
bronchodilator use in the Hi-CARAT study. Future research should focus on combining 
subjective and objective measures for a more comprehensive predictive model. Despite 
these limitations, our study provides valuable insights into leveraging PEF trajectories for 
predicting asthma exacerbations in severe cases. 
 
Chapter 2 Patients’ categorization and vulnerability prediction model 

【Introduction】 

Besides the real-time prediction, the PEF monitoring data can also be used to evaluate the 
patient vulnerability to exacerbation. We developed a modified latent class joint model 
(LCJM) that categorizes asthma patients based on whether their PEF trajectories are 
responsive to upcoming exacerbations, allowing individualized assessment of 
vulnerability. 

【Materials and Methods】 

We developed a modified LCJM with the association term (ASC) shared between the 
longitudinal and time-to-event submodels to analyze longitudinal and time-to-event data, 
specifically to capture heterogeneity in asthma patients' PEF trajectories. The longitudinal 
submodel utilized an additive framework to model PEF measurements, while the time-
to-event submodel employed a parametric survival model with a Weibull baseline hazard 
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function. Parameter estimation was performed using a two-step approach, leveraging the 
Expectation-Maximization algorithm to account for unobserved latent categories. The 
logistic submodel was used to predict the probability of latent class membership. To 
validate the model, we conducted a simulation study with 100 participants, each traced 
over five periods. Two censoring scenarios were evaluated: no censoring and right 
censoring at the time point k=10. The model's performance was assessed through 
parameter estimation accuracy, latent class discrimination using the c-index, and Kaplan-
Meier survival curve. 

【Results】 

The simulation studies validated the model's accuracy and robustness. Parameter 
estimation results were consistent across no censoring and right censoring scenarios, with 
low bias and stable average sample standard error and empirical standard error values. 
The LCJM yielded superior Gönen and Heller c-index scores (no censoring scenario: 
0.611; right censoring scenario: 0.620, targeting participants predicted to be recruited 
from category 0. no censoring scenario: 0.663; right censoring scenario: 0.674, targeting 
participants predicted to be recruited from category 1) compared to conventional time-to-
event model (no censoring scenario: 0.544; right censoring scenario: 0.550, assuming all 
participants are recruited from the category 0) and joint models (no censoring scenario: 
0.654; right censoring scenario: 0.652, assuming all participants are recruited from the 
category 1). Kaplan-Meier survival plot showed that the model accurately classified 
participants into categories. The category discrimination c-index was 0.956 (no censoring 
scenario) and 0.955 (right censoring scenario), indicating that the model reliably 
identified latent classes. 

【Discussion】 

The model we proposed has proven to be a potential choice for estimating the 
vulnerability towards exacerbation in patients with asthma based on the simulation study. 
However, the model has limitations, including potential oversimplification of participant 
categories and possible misspecification of the survival submodel. Future research should 
explore extending the model to a multinomial framework and incorporating individual 
frailty effects. Implementing this model on real-world datasets, such as the Hi-CARAT 
dataset, is also a key focus of our next study step. Despite these limitations, our findings 
offer valuable insights for enhancing PEF monitoring in severe asthma management. 

【Conclusion】 
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We have confirmed that PEF monitoring data can be effectively used for real-time 
exacerbation prediction in patients with severe asthma. Additionally, we extended the 
LCJM framework to incorporate heterogenous PEF trajectories within patients with 
severe asthma assuming a part of them may present segmented linear structure in their 
PEF trajectories. We hope the results of this study help in the construction of a clinically 
applicable exacerbation prediction model in the future.  
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Introduction 
Asthma, a prevalent respiratory condition, is characterized by bronchial narrowing, which 
manifests as wheezing, excessive mucus secretion, and difficulty breathing (Thomas et 
al., 2010). Despite advancements in asthma management, the global mortality rate 
associated with the disease has shown minimal reduction over time (Ebmeier et al., 2017). 
A subset of asthma patients, particularly those classified as severe or refractory, remains 
resistant to treatment and continues to experience poorly controlled symptoms, leaving 
them vulnerable to potentially life-threatening acute exacerbations (Lommatzsch and 
Virchow, 2014; Schoettler and Strek, 2020). Asthma surveillance and exacerbation 
prediction for patients with severe asthma are topics of great interest to researchers. 
The mechanisms underlying asthma exacerbation have been explored in numerous studies. 
Inflammatory responses, especially type 2 inflammation, are considered key contributors 
to asthma exacerbations. It is reported that the type 2 inflammation was observed in 84% 
of adult patients with asthma visiting clinics (Jackson et al., 2018). The type 2 
inflammation is driven by the overexpression of interleukin (IL) -4, IL-5 and IL-13 which 
play an essential role in the asthma pathophysiology (Gallagher et al., 2021; Hammad and 
Lambrecht, 2021). The structures of IL-4 and IL13 are similar and they are both involved 
in the class switching from immunoglobulin M (IgM) to immunoglobulin E (IgE) (Li et 
al., 2014; Gour and Wills-Karp, 2015). IgE can occupy the membrane receptors on 
plasmacytoid dendritic cells (pDCs), enabling the cross-linking of IgE receptors by 
allergen, and increasing the risk of asthma exacerbations (Castillo et al., 2017). 
Meanwhile, the IL-5 regulates the conduction and maturation of eosinophils (Lopez et al., 
1986). Overexpression of these ILs is associated with increased eosinophil counts in the 
blood, bronchial tissue, and sputum, as well as elevated levels of fractional exhaled nitric 
oxide (FeNO) (Pizzichini et al., 1998; Brightling et al., 2000; Siva et al., 2007; Garudadri 
and Woodruff, 2018; Barnes, 2019). Although the role of eosinophils in asthma is still 
debated, clinical studies using IL-5 antibodies, such as mepolizumab, have shown a 
reduction in blood and sputum eosinophil counts (Flood-Page et al., 2007; Foster et al., 
2008). Nevertheless, not all the patients with asthma exhibit type 2 airway inflammation 
(Duvall et al., 2019). Non-type 2 inflammation, particularly in patients with refractory 
asthma who do not respond well to corticosteroid treatment, warrants attention. The 
biomarkers for non-type 2 asthma remain controversial and the heterogeneity in asthma 
pathology complicates efforts to prevent exacerbations (Hudey et al., 2020). 
Efforts to prevent exacerbations can be categorized into two main approaches: 1) real-
time prediction of exacerbations to enable timely intervention and early medication, and 
2) assessment of patient vulnerability to identify those at higher risk of exacerbation. We 
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aim to propose novel PEF-based approaches to address the current research gap. In the 
first part of this study, we propose a novel, easily accessible PEF statistic for real-time 
exacerbation prediction, namely the delta moving average (ΔMA) and the delta 
percentage predicted PEF moving average (%ΔMA). We developed univariate and 
multivariate logistic models to evaluate their predictive performance in identifying 
impending exacerbations, enabling individualized intervention for medical visits or 
medication administration. In the second part, we developed a modified latent class joint 
model (LCJM) to categorize patients with asthma into two groups: those whose PEF 
trajectories remain stable and those whose PEF trajectories decline prior to exacerbation. 
By capturing population heterogeneity, we assessed the vulnerability to exacerbations in 
each group.  
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Chapter 1 Real-time Exacerbation Prediction Model 
Introduction 

Previous studies have identified various predictive factors for asthma exacerbation, 
including weather conditions, air pollution, exhaled chemical substances, and 
inflammatory biomarkers (Bime et al., 2012; Hayata et al., 2013; Kimura et al., 2018). 
For example, a decrease in temperature has been associated with airway hyper-
responsiveness and narrowing (Kaminsky et al., 2000; Buckley and Richardson, 2012), 
with a systematic review further confirming that temperature drops serve as a risk factor 
for asthma exacerbations (Cong et al., 2017). The adverse effects of air pollution on 
asthma outcomes have also been extensively studied. Specifically, exposure to ozone (O₃), 
sulfur dioxide (SO₂), nitrogen dioxide (NO₂), and suspended particulate matter (SPM) at 
concentrations exceeding legal thresholds has been linked to a heightened risk of 
exacerbations (Tiotiu et al., 2020). Furthermore, FeNO, a biomarker for eosinophilic 
inflammation, has been proposed as a predictor of future asthma exacerbations 
(Pijnenburg, 2019; Murugesan et al., 2023). While these findings offer valuable insights 
for managing exacerbations, many of the predictors mentioned above are not easily 
accessible for self-monitoring by patients. For instance, blood tests and exhaled 
biomarker analyses require laboratory settings and cannot be conducted at home. 
Although weather and air pollution data are readily available to patients without the 
assistance of healthcare providers, these indicators reflect only external environmental 
conditions and not the patient’s internal health status. Self-monitoring tools like the 
Asthma Control Questionnaire (Juniper et al., 1999), Asthma Quality of Life 
Questionnaire (Juniper et al., 1992) and Asthma Symptom Utility Index (Revicki et al., 
1998) have been suggested but are limited by patient subjectivity and the time required 
for completion. 
Peak expiratory flow (PEF), an objective measure of airway obstruction, has been widely 
used for asthma monitoring in clinical practice (Antalffy et al., 2020). The increasing 
availability of portable PEF meters has enabled patients to measure PEF at home, 
facilitating self-monitoring and better asthma control (Sun et al., 2018). PEF is also a 
promising real-time predictor of asthma exacerbations, offering the potential to forecast 
exacerbation likelihood based on PEF trajectories. However, the use of PEF as a predictor 
remains underexplored. Prior research has linked the percentage predicted PEF 
(%predPEF) to airway obstruction (Frey et al., 2005). A previous study suggested that 
PEF statistics, such as the mean, coefficient of variation (CV), and autocorrelation, could 
help predict loss of asthma control. Among these, CV has been identified as a potential 
predictor of asthma control loss (Thamrin et al., 2010). Additionally, studies suggest that 
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the highest PEF over the lowest PEF within specific periods (Min/Max) is associated with 
asthma symptoms and exacerbation (Hayata et al., 2013; Honkoop et al., 2013). 
Reductions in PEF have also been reported as indicators of impending asthma attacks 
(Thamrin et al., 2011). Despite these findings, the computation of PEF statistics, such as 
variation and decreasing trends, imposes a considerable calculation burden, complicating 
their clinical application. In this section, we introduce a novel predictor derived from PEF 
monitoring, assess its discriminative power, and compare it with conventional PEF-based 
predictors. 
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Materials and Methods 
Study materials 
The PEF data used in this study were obtained from the Hokkaido-based Investigative 
Cohort Analysis for Refractory Asthma (Hi-CARAT, UMIN ID: 000003254). Hi-CARAT 
is a multicenter observational study conducted in Hokkaido Prefecture, Japan, involving 
adult patients with severe asthma, regardless of their smoking history. This study received 
ethical approval from the ethics committee of Hokkaido University Hospital (approval 
number, 009-0205), and all participants provided written informed consent. It was also 
registered in the University Hospital Medical Information Network Clinical Trials 
Registry system. The registration information can be checked on the following website 
https://upload.umin.ac.jp/cgi-open-bin/ctr/ctr_view.cgi?recptno=R000003917. 
Participants were recruited from Hokkaido University Hospital and 29 of its affiliated 
clinics and hospitals (Kimura et al., 2017). The inclusion criteria for patients with severe 
asthma were based on the American Thoracic Society criteria for refractory asthma 2000 
version (Wenzel et al., 2000), with slight modifications. Two additional criteria were 
included: 1) a severe asthma diagnosis with one or both major criteria and two minor 
criteria being met and 2) patients receiving medication and in a well-controlled condition 
were asked if they needed urgent medical care visits and short-acting bronchodilators or 
experienced episodic deterioration of symptoms when the dose of the current medication 
was reduced within the last year (Kimura et al., 2018). The cohort study was conducted 
between February 2010 and March 2019, with airway function monitoring taking place 
from February 2010 to September 2015. This analysis included airway function data from 
127 patients with severe asthma collected between 2010 and 2015, with follow-up 
durations ranging from 2 to 42 months. Due to variable enrollment times, the first 
participant completed airway function monitoring on April 23, 2010, while the last 
participant finished on September 11, 2015.  
PEF measurements were collected using the Piko-1 (nSpire Health, Inc., USA), an 
electronic peak flow meter validated in earlier studies (Fonseca et al., 2005; Dal Negro et 
al., 2007). Participants were instructed to measure their PEF twice daily (morning and 
evening) over a 30-day period every 3 months, resulting in a total of 73,503 recorded PEF 
values. The initial two months of the study were designated as a practice period to ensure 
participants accurately performed the PEF measurement technique. Data were 
electronically processed and analyzed after each 30-day session, and outlier identification 
was conducted independently by three physicians. Data were excluded if judged as 
outliers by at least two physicians. The PEF trajectories and asthma exacerbation periods 
were documented. In Hi-CARAT, asthma exacerbation was defined as the use of systemic 
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corticosteroids for more than three days and/or severe exacerbations necessitating 
hospitalization (Kimura et al., 2018). A total of 467 exacerbations were recorded. For 
example, Figure 1 depicts a portion of the PEF trajectory of patient number 98, shown in 
a time-series format. 

 
Figure 1. Example of data and exclusion criteria 
A segment of PEF measurements from participant number 98, recorded between 
September 2011 and April 2012, is shown. The vertical axis represents PEF values 
(L/min), while the horizontal axis indicates the recording dates. Pink-shaded regions 
correspond to periods of exacerbation. 
 
The vertical axis represents PEF values (L/min), while the horizontal axis corresponds to 
the calendar date. Measurements were typically taken every 3 months, with an average 2-
month gap between sessions. Pink-shaded areas indicate exacerbation periods during 
which symptom relief medication was administered. Light blue points denote daytime 
measurements, whereas black points indicate nighttime readings. To minimize 
interference from medication-induced PEF improvement, data collected during or 
immediately after exacerbation periods were excluded from the analysis for each 
measurement cycle. 
Statistical analyses 
Key metrics derived from PEF trajectories were calculated for each calendar date, 
including the PEF slope, standard deviation (SD), maximum and minimum PEF values, 
as well as mean PEF values over 3-, 7-, and 14-day intervals. The PEF slope, representing 
the time coefficient in a univariate linear regression model, was calculated by setting PEF 
as the dependent variable and time as the independent variable. This metric reflects the 
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evolving trend of PEF over time, where a positive slope indicates an increase in PEF, and 
a zero or negative slope indicates stability or decline. Given the twice-daily PEF 
measurement rule, time was expressed in half-day units. The CV was computed as: 

CV =
SD

Mean
, 

that is, SD divided by the means within a specified period. It illustrates the variability of 
the PEF trajectory regardless of the mean PEF value. The Min/Max was calculated using 
the following equation: 

Min
Max

=
Period minimum PEF
Period maximum PEF

, 

serving as another indicator of PEF variability. 

%predPEF =
PEF

PEF ref
. 

The %predPEF was determined by dividing the measured PEF by a reference PEF value 
calculated using sex, height, and age, based on a recently developed equation for East 
Asian populations: 
For males: 

PEF ref =  𝑒𝑒𝑒𝑒𝑒𝑒[−7.0972 + 1.6544 × 𝑙𝑙𝑙𝑙(ℎ) + 0.2314 × 𝑙𝑙𝑙𝑙(𝑦𝑦) + spline], 
For females 

PEF ref =  𝑒𝑒𝑒𝑒𝑒𝑒[−6.63189 + 1.61459 × 𝑙𝑙𝑙𝑙(ℎ) + 0.08976 × 𝑙𝑙𝑙𝑙(𝑦𝑦) + spline], 
where h denotes the participant’s height in cm, and the y represents the age in years. The 
spline is the age-specific contribution of the spline function (Jian et al., 2017). For 
participants over 81 years old (n=2), where spline values were unavailable, the spline 
value for 81 years was applied. 

%bestPEF =
PEF

personal best PEF
. 

Other than setting the PEF reference as the denominator, we also calculated the 
percentage best PEF (%bestPEF) dividing PEF by the patients best recorded PEF. In 
addition to these indicators introduced in previous studies, a novel predictor, ΔMA, was 
introduced to capture both the trend and variability of smoothed PEF values. It was 
calculated as: 

ΔMA =  14 day PEF average −  3 day PEF average. 
This simple calculation, requiring only the mean and difference in PEF, makes it suitable 
for self-monitoring. The percentage change in ΔMA (%ΔMA) was computed to assess 
whether using %predPEF instead of PEF improved predictive performance: 

%ΔMA =  14 day %predPEF average −  3 day %predPEF average. 
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To evaluate the predictive power of PEF slope, CV, Min/Max, %predPEF, %bestPEF, 
ΔMA, and %ΔMA, receiver operating characteristic (ROC) curves were generated, with 
sensitivity plotted against 1 − specificity. The area under the curve (AUC) was used to 
compare the discriminative performance of each predictor. Prediction curves with 
confidence intervals were also created to illustrate how exacerbation risk changes with 
ΔMA or %ΔMA. 
Logistic regression was employed to predict real-time asthma exacerbations with a 
dichotomous outcome (whether an exacerbation would occur the following day). Two 
univariate logistic models were constructed, using ΔMA and %ΔMA as independent 
variables, respectively. Model calibration was assessed via the Hosmer–Lemeshow test, 
and subgroup analyses were performed based on age, sex, atopy status, and smoking 
status (Hosmer and Lemeshow, 2013). Multivariate logistic models were developed by 
incorporating covariates: sex, body mass index, waist circumference, serum IgE levels, 
peripheral blood eosinophils (PBE), FeNO, atopy status, smoking status, and exposure to 
air pollutants (nitrogen dioxide, sulfur dioxide, and suspended particulate matter). To 
account for individual variations not captured by these covariates, To account for 
individual variations beyond these covariates, mixed-effects models were constructed for 
both ΔMA and %ΔMA. All statistical analyses were conducted using R software (R 
Development Core Team, 2019). 
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Results 
Table 1. Patient characteristics (N = 127) 
Characteristics N (%) / Mean ± standard deviation 
  Male 51 (40.2%) 
  Age, y 58.0 ± 13.1 
  Age at onset of asthma, year 38.2 ± 17.7 
  Body mass index, kg/m2 25.6 ± 5.5 
  Atopy positivity 81 (63.8%) 
Smoking status N (%) / Median (interquartile range) 
  Current 13 (10.2%) 
  Previous 62 (48.8%) 
  Never 52 (40.9%) 
  Pack-years 5.0 (0, 22.7) 
Peripheral blood/serum Geometric mean (log10 standard deviation) 
  Eosinophils, cells/µl 203.4 (0.5) 
  Neutrophils, cells/µl 4,554.4 (0.17) 
Corticosteroid use N (%) / Mean ± standard deviation 
  Inhaled corticosteroid dose, µg 1649 ± 574 
  Oral corticosteroid use 45 (35.4%) 
Pulmonary function Mean ± standard deviation /  

median (interquartile range) 
  FEV1 % predicted 
 (prebronchodilator) 

82.8 ± 19.4 

  FEV1/FVC 67.1 ± 13.0 
  PEF, L/min 307.0 (247.0, 397.0) 
  %prePEF 78.6% (61.7%, 96.4%) 
  Number of exacerbation 
onsets 

1 (0, 4) 

Overall, 127 patients with severe asthma were included. FEV1 measurements were 
obtained during hospital stays at Hokkaido University Hospital, while PEF data were 
collected through longitudinal self-monitoring by the participants. 
 
Table 1 summarizes the baseline characteristics of the study participants. Categorical 
variables, such as the number of male participants, those with a positive atopy test result, 
participants with a history of smoking, and individuals receiving oral corticosteroids, are 
presented as counts and percentages. Eosinophil and neutrophil counts are reported as 
geometric means with log10 SD, while continuous variables are expressed as mean ± SD 
or median (interquartile range). The participants were all adults, with an average age of 
58 years. Among the 127 individuals, 51 were male, and 76 were female. A “never-smoker” 
was defined as someone with a Brinkman Index of 0, indicating no history of smoking. 
By the end of the study, 75 participants had a history of smoking, and 45 had been treated 
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with oral corticosteroids. Blood eosinophil counts in this cohort were relatively low, with 
a geometric mean of 203.4 cells/μl. The median rare PEF value and %predPEF were 307.0 
L/min and 78.6%, respectively. 
To evaluate the real-time predictive power of asthma exacerbations, ROC curves were 
generated for several previously proposed indicators, including PEF 
slope, %predPEF, %bestPEF, Min/Max, and CV. 

 
Figure 2. ROCs for slope, %predPEF, %bestPEF, Min/Max, and CV 
Panel A, C, and D depict the ROC curves for variables calculated over 3, 7, and 14 days, 
represented by green, blue and red lines, respectively. The discriminative performance, 
expressed as the AUC, is provided in the graph legends. Among these, the 14-day PEF 
slope demonstrated the highest discriminative ability, with an AUC of 0.645.  
 
Figure 2 displays the results, with sensitivity plotted on the y-axis and 1 − specificity on 
the x-axis across all panels. Panel A illustrates the ROC curves for the PEF slope 
calculated over 3, 7, and 14 days, differentiated by colors. The 14-day slope demonstrated 
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the highest discriminative performance, with its AUC exceeding those for shorter time 
periods. Panel B shows the ROC curves for %predPEF (AUC = 0.566) and %bestPEF 
(AUC = 0.537). Panel C presents the ROC curves for Min/Max across the same time 
intervals, with poor performance regardless of the interval. Similarly, Panel D shows the 
ROC curves for CV over 3, 7, and 14 days, with low AUC values of 0.479, 0.561, and 
0.563, respectively. These findings highlight those indicators reflecting the trend, such as 
slope, generally achieved higher AUCs compared to variability-based metrics like CV.

 
Figure 3. ROC for ∆MA and %∆MA 
ΔMA and %ΔMA demonstrated the highest discriminative performance among all 
predictors. This superior performance remained consistent in the context of multivariate 
regression. When random intercepts were incorporated, the AUC values for ΔMA 
and %ΔMA increased significantly to 0.907 and 0.919, respectively. 
 
Figure 3 presents the ROC curves for the novel indicators, ΔMA and %ΔMA. Among all 
metrics, %ΔMA exhibited the best performance with an AUC of 0.665, slightly higher 
than the AUC of ΔMA at 0.659. Importantly, the Youden index was not used to optimize 
cutoff values, as its assumption of equal sensitivity and specificity is not appropriate for 
exacerbation prediction (Ruopp et al., 2008). Treating a well-controlled patient 
unnecessarily is not equivalent to overlooking a severe asthma patient at risk of 
exacerbation. Instead, five reference cutoff values were proposed for ΔMA and %ΔMA, 
marked on the ROC curves in Figure 3A. These cutoffs aim to guide the timing of medical 
interventions for patients with severe asthma. Table 2 presents the sensitivity and 
specificity for each cutoff, showing that as the cutoff value increases, sensitivity declines, 
while specificity improves. 
Table 2. Discriminant performance of potential cutoff value 
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 Cutoff Sensitivity Specificity 

∆MA 

1.250 0.692  0.529  
2.500 0.673  0.577  
3.750 0.673  0.621  
5.000 0.615  0.662  
6.250 0.577  0.700  

%∆MA 

0.010 0.654  0.630  
0.014 0.615  0.680  
0.018 0.596  0.724  
0.022 0.519  0.762  
0.026 0.481  0.796  

Serial potential cutoff values of PEF ∆MA and %∆MA along with their corresponding 
discriminative performance metrics, including sensitivity and specificity are listed. As the 
cutoff value increases, sensitivity decreases, while specificity correspondingly increases. 
 
In multivariate models incorporating demographic, clinical, and environmental factors—
such as sex, BMI, waist circumference, serum IgE levels, PBE, FeNO, atopy status, 
smoking history, and air pollutants (NO2, SO2, and SPM)—the AUCs for ΔMA 
and %ΔMA improved to 0.710 and 0.707, respectively. A baseline AUC of 0.632 was 
calculated using only these covariates without ΔMA or %ΔMA, indicating that ΔMA 
and %ΔMA provided additional discriminative power of 0.078 and 0.075, respectively. 
By substituting ΔMA or %ΔMA with other PEF indicators (e.g., the 14-day slope or 3-
day Min/Max), lower AUC values were observed, such as 0.641 for the 14-day slope and 
0.666 for 3-day Min/Max. When these multivariate models were advanced to mixed-
effect models, accounting for individual variability as random effects, the AUCs for ΔMA 
and %ΔMA increased significantly to 0.907 and 0.919, respectively. 
Table 3. Model calibration and subgroup analysis 
 Participants  AUC  Hosmer–Lemeshow p-value 
 N %  ∆MA %∆MA  ∆MA %∆MA 
All 127 100%  0.659 0.665  0.654  0.483  
Age (y)         
  ≥65 47 0.370  0.632 0.643  0.696 0.566 
  < 65  80 0.630  0.670 0.674  0.419 0.518 
Sex         
  Male 51 0.402  0.599 0.597  0.391 0.445 
  Female 76 0.598  0.686 0.687  0.134 0.125 
Atopy         
  Positive 81 0.638  0.663 0.664  0.737 0.630 
  Negative 46 0.362  0.657 0.666  0.026* 0.017* 

Smoking         
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  Yes 75 0.591  0.604 0.611  0.542 0.501 
  No 52 0.409  0.757 0.754  0.034* 0.049* 

A significance threshold of 0.05 was applied. Subgroup analyses based on atopy and 
smoking status revealed statistical significance, suggesting that more comprehensive 
models may offer improved performance compared to univariate logistic models when 
accounting for these factors. 
 
The Hosmer–Lemeshow goodness-of-fit test was applied to assess calibration in 
univariate models (Table 3). While slight miscalibration was noted in subgroups defined 
by allergy and smoking status, the models were well-calibrated overall. 

 

Figure 4. Prediction curves for ∆MA and %∆MA 
The vertical axis represents the risk of exacerbation occurring the following day, while 
the horizontal axis displays the independent variables ΔMA or %ΔMA. The dashed line 
indicates the 95% prediction interval for exacerbation risk. 
 
Predicted risk curves based on ΔMA and %ΔMA (Figure 4) revealed a steady increase in 
exacerbation risk as the values of ΔMA and %ΔMA rose, confirming their reliability in 
predicting asthma exacerbation risk.  
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Discussion 
In chapter 1 of this study, we analyzed PEF data from the Hi-CARAT cohort of patients 
with severe asthma to identify optimal predictors for asthma exacerbation. We evaluated 
the discriminative power of several previously proposed indicators, including the PEF 
slope, %predPEF, Min/Max, and CV. Additionally, we introduced two novel predictors, 
ΔMA and %ΔMA, which are simple to compute and demonstrated superior predictive 
performance compared to the existing indicators. 
The key findings from this part of the study are as follows. First, both %ΔMA and ΔMA 
consistently outperformed other indicators in predicting real-time asthma exacerbations, 
as evidenced by higher AUC values, regardless of whether univariate or multivariate 
models were used. Furthermore, these predictors require minimal computational effort 
compared to the PEF slope, which relies on linear regression analysis. This simplicity 
makes %ΔMA and ΔMA strong candidates for future exacerbation prediction models. 
Second, when predicting real-time asthma exacerbations, the trend in PEF trajectories 
appeared to be a more reliable predictor than variability-focused indicators, such as CV. 
While variability-based predictors showed weaker discriminative performance, 
conflicting with earlier findings (Thamrin et al., 2010) , this discrepancy may stem from 
differences in study populations. Our study exclusively involved Asian patients with 
severe asthma residing in Hokkaido Prefecture, Japan. Third, relying solely on a single 
predictor from PEF data, whether it be %ΔMA, ΔMA, or the 14-day slope, is insufficient 
for optimal discriminative performance. This underscores the need for multivariate 
approaches to enhance prediction accuracy. Fourth, due to the complexity of asthma 
exacerbation onset, univariate models based on single predictors from PEF data fall short 
in accurately forecasting exacerbations. This limitation was evident in subgroup analyses, 
as the Hosmer–Lemeshow test revealed weak calibration in atopy-negative and never-
smoker subgroups. Multivariate regression models further reinforced this finding, with 
the inclusion of covariates such as atopy and smoking status raising the AUC to 0.716. 
Both multivariate and mixed models demonstrated superior discriminative performance 
compared to univariate models. However, the complexity of these models necessitates 
computer use, which compromises simplicity. Moreover, establishing random effects in 
mixed models requires prior knowledge of a patient’s exacerbation history. 
Our earlier work has shown associations between asthma exacerbations and biomarkers 
like PBE and FeNO (Kimura et al., 2018; Kimura et al., 2021). However, these 
biomarkers are more suited for identifying clinical phenotypes rather than predicting the 
timing of exacerbations, as they lack time-dependent variables. In contrast, daily 
measurable indices such as PEF provide a practical means of predicting exacerbation 
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timing. Focusing PEF monitoring efforts on patients with clinical phenotypes prone to 
exacerbations may facilitate the development of prevention strategies. 
There are, however, several limitations to this study. PEF data were recorded twice 
daily—once in the morning and once in the evening—with raw values used in the analysis. 
These measurements may be subject to operational errors, potentially affecting data 
quality. Accurate prediction of exacerbations relies on patients consistently and correctly 
recording their PEF values. However, adherence rates in real-world settings are often low, 
with studies reporting rates below 50% (Verschelden et al., 1996). Additionally, the 
computational demands of multivariate models limit their clinical applicability. The 
increasing adoption of smartphone-based portable PEF meters offers a potential solution 
to these issues (Natarajan et al., 2016). These devices can automate PEF data recording 
and validation, calculate exacerbation risks, and reduce the impact of operational errors 
and non-adherence. Future efforts should focus on developing predictive models tailored 
to such technologies to improve asthma management. Another limitation of the Hi-
CARAT study is the lack of detailed data on the timing of fast-acting bronchodilator use. 
Exacerbations were defined based on systemic corticosteroid use for more than three days 
and/or hospitalization due to severe exacerbations, which restricted our ability to explore 
additional predictors, such as post-bronchodilator PEF response percentages. 
Furthermore, the absence of daily symptom diaries in the Hi-CARAT study prevented 
direct comparisons between our proposed model and symptom diary-based asthma 
control tools, such as the Asthma Symptom Utility Index. Developing a model that 
integrates both subjective and objective indicators remains a goal for future research.   
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Chapter 2 Patients’ Categorization and Vulnerability Prediction Model 
Introduction 

The methodologies for assessing patients' vulnerability have advanced significantly in 
recent years, evolving to better address the complexities of survival data. The Cox 
proportional hazards model, introduced by Cox in 1972, has been a cornerstone of 
survival analysis (Cox, 1972). However, its applicability is limited when dealing with 
time-dependent covariates. To address this, Andersen and Gill extended the Cox model, 
proposing the Andersen-Gill model, which allows for the inclusion of time-dependent 
covariates and the analysis of recurrent event data (Andersen and Gill, 1982). This model 
is particularly suitable for exogenous time-dependent covariates. When time-dependent 
covariates are endogenous, meaning their values may be influenced by unobserved factors 
and correlated with survival time, the joint modeling framework becomes necessary. Joint 
models simultaneously account for longitudinal and survival data, effectively addressing 
issues associated with endogenous covariates (Wulfsohn and Tsiatis, 1997). Building on 
this, Lin et al. introduced the latent class joint model, an advancement of the traditional 
joint modeling framework (Lin et al., 2002). By incorporating latent classes, this approach 
captures heterogeneity among study subjects and provides a more precise tool for 
analyzing endogenous time-dependent covariates and time-to-event data. A limited 
number of studies have implemented PEF trajectories to assess individual vulnerability 
to exacerbation, despite advancements in methodology. It may because analyzing both 
endogenous time-dependent covariate (e.g., PEF) and time-to-event data using above 
mentioned methods is complex. For example, previous research has used covariates 
derived from PEF monitoring with the Anderson–Gill model to evaluate how these 
covariates associated to the hazard of exacerbation happened (Leander et al., 2021). 
Despite these advancements, extracting actionable information from PEF data, predicting 
exacerbations in real-time, and assessing patient vulnerability remain challenging for 
researchers and healthcare workers. To address the current research gap, we modified the 
LCJM for patients categorization based on their PEF trajectory and access their 
vulnerability to exacerbation in this part.   
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Materials and Methods 
Statistical analyses 
We constructed a LCJM to categorize patients and predict their vulnerability to 
exacerbations. The LCJM framework was developed to accommodate both time-
dependent endogenous covariates and heterogeneity among study subjects (Lin et al., 
2002). However, since changes in slopes—specifically, decreasing trends—were 
observed in the PEF trajectories of some participants, the linear longitudinal submodel 
proposed by Lin et al. was not able to provide an adequate fit. To address this issue, we 
modified the LCJM to better analyze the PEF trajectories and evaluated its performance 
in simulation study. 
The observed dataset in our simulation setting 
The participant index is denoted by i, ranges from 1 to 𝑛𝑛. We use j to represent the index 
of the tracing period for participant i, where j ranges from 1 to 𝑛𝑛𝑖𝑖. In our simulation 
setting, the total number of participants was set to 100, with each participant being traced 
5 times, resulting in 500 time-to-event observations. The dataset observed for participant 
i during their j-th tracing period is represented as: 

�𝒚𝒚𝒊𝒊𝒊𝒊,𝑇𝑇𝑖𝑖𝑖𝑖 , 𝛿𝛿𝑖𝑖𝑖𝑖,𝒗𝒗𝒊𝒊,𝒁𝒁𝒊𝒊,𝑾𝑾𝒊𝒊𝒊𝒊(𝑘𝑘)�. 
𝒚𝒚𝒊𝒊𝒊𝒊 = [𝑦𝑦𝑖𝑖𝑖𝑖1 ⋯ 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 ⋯ 𝑦𝑦𝑖𝑖𝑖𝑖𝑛𝑛𝑖𝑖𝑖𝑖]T denotes the time-dependent PEF monitoring data. 
The unit of time was denoted by k. The range of k was setting as [0.1, 30] and the unit of 
k is 0.1. Thus, a maximum of 300 longitudinal observations were collected for each 
participant. The total number of PEF observations collected from participant i during their 
j-th tracing period is 𝑛𝑛𝑖𝑖𝑖𝑖. 
𝑇𝑇𝑖𝑖𝑖𝑖  represents the time-to-event data, recording the time when an exacerbation or 
censoring occurred. Setting the beginning of a tracing period j as 𝑘𝑘 = 1, 𝑇𝑇𝑖𝑖𝑖𝑖 ranges from 
1 to 𝑛𝑛𝑖𝑖𝑖𝑖. The variable 𝛿𝛿𝑖𝑖𝑖𝑖 serves as the censoring indicator, where 𝛿𝛿𝑖𝑖𝑖𝑖 = 1 indicates the 
occurrence of an event, while 𝛿𝛿𝑖𝑖𝑖𝑖 = 0  denotes censoring. 𝒗𝒗𝒊𝒊  and 𝒁𝒁𝒊𝒊  are design 
matrices that contain the independent variables, while the time-dependent covariates are 
denoted by 𝑾𝑾𝒊𝒊𝒊𝒊(𝑘𝑘). 
Model specification 
We specified the logistic submodel in the LCJM as follows: 

𝑐𝑐𝑖𝑖~𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝜋𝜋𝑖𝑖) 

𝜋𝜋𝑖𝑖 = 𝑃𝑃(𝑐𝑐𝑖𝑖 = 1) =
𝑒𝑒𝑒𝑒𝑒𝑒�𝒗𝒗𝒊𝒊𝑻𝑻𝜼𝜼�

1 + 𝑒𝑒𝑒𝑒𝑒𝑒(𝒗𝒗𝒊𝒊𝑻𝑻𝜼𝜼)
, 𝑃𝑃(𝑐𝑐𝑖𝑖 = 0) =

1
1 + 𝑒𝑒𝑒𝑒𝑒𝑒(𝒗𝒗𝒊𝒊𝑻𝑻𝜼𝜼)

. 

Here, 𝑐𝑐𝑖𝑖 denotes the unobserved category from which participant i is recruited, and 𝑐𝑐𝑖𝑖 
follows a Bernoulli distribution. The parameter 𝜼𝜼 is a vector of regression coefficients 
with a dimension of 𝑞𝑞𝜼𝜼. We assume that asthma patients exhibit two distinct patterns in 
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their PEF trajectories. Participants in unresponsive group (𝑐𝑐𝑖𝑖 = 0)  whose PEF 
trajectories are unresponsive to upcoming exacerbation show a flat line of PEF 
observations with measurement error, while participants in responsive group (𝑐𝑐𝑖𝑖 = 1) 
may display segmented lines of PEF values recorded during one or more tracing periods. 
Based on this assumption, the longitudinal submodel in the LCJM is specified as a 
segmented linear model: 

𝑦𝑦𝑖𝑖𝑖𝑖(𝑘𝑘) = 𝛽𝛽0𝑖𝑖 + 𝑐𝑐𝑖𝑖𝛽𝛽1𝑖𝑖�𝑘𝑘 − 𝜏𝜏𝑖𝑖𝑖𝑖�𝐼𝐼�𝑘𝑘 > 𝜏𝜏𝑖𝑖𝑖𝑖� + 𝜀𝜀𝑖𝑖𝑖𝑖(𝑘𝑘) 
Here, 𝜏𝜏𝑖𝑖𝑖𝑖 represents the change point in the slope, and I is the indicator function. Given 
that the variance of PEF measurements varies between individuals, we assume that 
𝜀𝜀𝑖𝑖𝑖𝑖(𝑘𝑘)~𝑁𝑁(0,𝜎𝜎𝑒𝑒𝑖𝑖2 ) . The longitudinal observations were generated using the segmented 
linear model. 
However, the parameter 𝛽𝛽1𝑖𝑖 is highly dependent on the parameter 𝜏𝜏𝑖𝑖𝑖𝑖 and cannot be 
estimated when 𝜏𝜏𝑖𝑖𝑖𝑖 > max (𝑘𝑘), which results in convergence issues during parameter 
estimation. Therefore, in addition to the segmented model, we opted for an additive model 
to fit the PEF trajectories: 

𝑦𝑦𝑖𝑖𝑖𝑖(𝑘𝑘) = � 𝑏𝑏𝑚𝑚(𝑘𝑘)𝛽𝛽𝑖𝑖𝑖𝑖𝑖𝑖

ℎ𝑖𝑖𝑗𝑗

𝑚𝑚=1

+ 𝜀𝜀𝑖𝑖𝑖𝑖(𝑘𝑘) 

𝜀𝜀𝑖𝑖𝑖𝑖(𝑘𝑘)~𝑁𝑁(0,𝜎𝜎𝑒𝑒𝑒𝑒2 ). 
Here, the knots are denoted by �𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖:𝑚𝑚 = 1, … ,ℎ𝑖𝑖𝑗𝑗�, where m is the index of the knots, 
and ℎ𝑖𝑖𝑗𝑗 is the total number of knots for participant i in their j-th tracing period. We set 
the knots such that there are four PEF observations per interval. The function 𝑏𝑏𝑚𝑚(𝑘𝑘) 
represents the tent basis function defined as: 

𝑏𝑏𝑚𝑚(𝑘𝑘) = �
(𝑘𝑘 − 𝑥𝑥𝑖𝑖𝑖𝑖(𝑚𝑚−1))/(𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑥𝑥𝑖𝑖𝑖𝑖(𝑚𝑚−1)),      𝑥𝑥𝑖𝑖𝑖𝑖(𝑚𝑚−1) < 𝑘𝑘 ≤ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
(𝑥𝑥𝑖𝑖𝑖𝑖(𝑚𝑚+1) − 𝑘𝑘)/(𝑥𝑥𝑖𝑖𝑖𝑖(𝑚𝑚+1) − 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖),      𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 < 𝑘𝑘 ≤ 𝑥𝑥𝑖𝑖𝑖𝑖(𝑚𝑚+1)

0,                                                𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
 

while 

𝑏𝑏1(𝑘𝑘) = �
(𝑥𝑥𝑖𝑖𝑖𝑖2 − 𝑘𝑘)/(𝑥𝑥𝑖𝑖𝑖𝑖2 − 𝑥𝑥𝑖𝑖𝑖𝑖1),      𝑘𝑘 < 𝑥𝑥𝑖𝑖𝑖𝑖2
0,                                          𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

 

and 

𝑏𝑏ℎ𝑖𝑖𝑖𝑖(𝑘𝑘) = �
(𝑘𝑘 − 𝑥𝑥𝑖𝑖𝑖𝑖(ℎ𝑖𝑖𝑖𝑖−1))/(𝑥𝑥𝑖𝑖𝑖𝑖ℎ𝑖𝑖𝑖𝑖 − 𝑥𝑥𝑖𝑖𝑖𝑖(ℎ𝑖𝑖𝑖𝑖−1)),      𝑘𝑘 > 𝑥𝑥𝑖𝑖𝑖𝑖(ℎ𝑖𝑖𝑖𝑖−1)

0,                                                                      𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒.
 

The parameters 𝜷𝜷 were estimated using the maximum likelihood approach. 
Similar to the conventional joint model, an association term (ASC) is shared between the 
longitudinal submodel and the time-to-event submodel (Wulfsohn and Tsiatis, 1997). We 
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defined the association term as the relative difference between the participant's personal 
PEF median and the predicted value 𝑦𝑦𝑖𝑖𝑖𝑖(𝑘𝑘) from the longitudinal model: 

𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖(𝑘𝑘) =
�∑ 𝑏𝑏𝑚𝑚(𝑘𝑘)𝛽𝛽𝑖𝑖𝑖𝑖𝑖𝑖

ℎ𝑖𝑖𝑗𝑗
𝑚𝑚=1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖�

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖
. 

Assuming that participants in category 0 and category 1 have different baseline hazards 
and covariates, the hazard function for the heterogeneous study population is defined as 
follows: 

�
ℎ0(𝑘𝑘)𝑒𝑒𝑒𝑒𝑒𝑒 �𝒁𝒁𝒊𝒊𝜸𝜸𝟎𝟎 + 𝜸𝜸𝒍𝒍𝒍𝒍𝑴𝑴𝒊𝒊𝒊𝒊(𝑘𝑘)� , 𝑤𝑤ℎ𝑒𝑒𝑒𝑒 𝑐𝑐𝑖𝑖 = 0,

ℎ1(𝑘𝑘)𝑒𝑒𝑒𝑒𝑒𝑒 �𝒁𝒁𝒊𝒊𝜸𝜸𝟏𝟏 + 𝜸𝜸𝒍𝒍𝒍𝒍𝑴𝑴𝒊𝒊𝒊𝒊(𝑘𝑘)� , 𝑤𝑤ℎ𝑒𝑒𝑒𝑒 𝑐𝑐𝑖𝑖 = 1.
 

Here, ℎ0(𝑘𝑘) and ℎ1(𝑘𝑘) are the baseline hazard functions for participants in category 0 
and category 1, respectively. 𝒁𝒁𝒊𝒊 represents the time-independent covariates, while 
𝑴𝑴𝒊𝒊𝒊𝒊(𝑘𝑘)  denotes the collection of time-dependent variables. The parameter 𝜸𝜸  are the 
regression coefficients. For participants in unresponsive group (𝑐𝑐𝑖𝑖 = 0) , we included 
pseudo baseline age and time-dependent temperature data as covariates. For participants 
in responsive group (𝑐𝑐𝑖𝑖 = 1) , the covariates included pseudo data whether a positive 
outcome was observed in the ATOPY test, as well as the association term (ASC).  
We assumed that the baseline hazard function in the time-to-event submodel follows a 
Weibull distribution, defined as: 

ℎ𝑐𝑐𝑖𝑖(𝑡𝑡) = 𝜆𝜆𝑐𝑐𝑖𝑖
2 𝜌𝜌𝑐𝑐𝑖𝑖𝑢𝑢

𝜌𝜌𝑐𝑐𝑖𝑖−1 
indicating that participants from different categories may have different baseline hazard 
functions. We used 𝜆𝜆𝑐𝑐𝑖𝑖

2  instead of 𝜆𝜆𝑐𝑐𝑖𝑖 to improve convergence performance. 
We adjusted the covariates and parameter scales to ensure that all events occurred before 
k=30 in our simulations. The simulation parameter settings are summarized in Table 4. 
Table 4. Simulation Parameter Settings 
Parameter Setting 
Parameters in the logistic submodel 

𝜂𝜂1 𝜂𝜂1 = 1 
𝜂𝜂2 𝜂𝜂2 = 1 

Parameters in the longitudinal submodel 
𝛽𝛽0𝑖𝑖 𝛽𝛽0𝑖𝑖~𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈(1,5) 
𝛽𝛽1𝑖𝑖 𝛽𝛽1𝑖𝑖~𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈(−1,−0.5) 
𝜏𝜏𝑖𝑖𝑖𝑖 𝜏𝜏𝑖𝑖𝑖𝑖~𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈(−0.5,18) 
𝜎𝜎𝑒𝑒𝑒𝑒 𝜎𝜎𝑒𝑒𝑒𝑒~𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈(0.1,0.3) 
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Parameters in the survival submodel 
𝜆𝜆0 𝜆𝜆0 = 0.2 
𝜌𝜌0 𝜌𝜌0 = 1 
𝛾𝛾01 𝛾𝛾01 = 1 
𝛾𝛾02 𝛾𝛾02 = 1 
𝜆𝜆1 𝜆𝜆1 = 0.1 
𝜌𝜌1 𝜌𝜌1 = 1.1 
𝛾𝛾11 𝛾𝛾11 = 1 
𝛾𝛾12 𝛾𝛾12 = 1 

This table outlines how the parameters in our model were set or generated. 
 
With the model specification finalized, we will next outline the strategy employed for 
estimating the parameters. Let 𝚯𝚯 denote the combination of parameters and 𝑿𝑿� denote 
the combination of observed independent variables respectively: 

𝚯𝚯 = {𝜼𝜼,𝜷𝜷,𝚺𝚺𝒆𝒆,𝜸𝜸𝟎𝟎,𝜸𝜸𝟏𝟏,𝜸𝜸𝒍𝒍𝒍𝒍,𝜸𝜸𝒍𝒍𝒍𝒍}, 𝑿𝑿� = {𝒗𝒗,𝒁𝒁,𝑾𝑾}. 
The complete-data likelihood function can then be expressed as: 

𝑓𝑓�𝒀𝒀,𝑻𝑻, 𝜹𝜹, 𝒄𝒄�𝚯𝚯;𝑿𝑿�� = 𝑓𝑓�𝒄𝒄�𝚯𝚯;𝑿𝑿�� 𝑓𝑓�𝒀𝒀,𝑻𝑻, 𝜹𝜹�𝚯𝚯;𝑿𝑿� , 𝒄𝒄�. 
Assuming conditional independence, we have: 

𝑓𝑓�𝒀𝒀,𝑻𝑻,𝜹𝜹�𝚯𝚯;𝑿𝑿� , 𝒄𝒄� = 𝑓𝑓�𝒀𝒀�𝚯𝚯;𝑿𝑿� , 𝒄𝒄�𝑓𝑓�𝑻𝑻,𝜹𝜹�𝚯𝚯;𝑿𝑿� , 𝒄𝒄� 
Thus, the complete-data likelihood function simplifies to: 

𝑓𝑓�𝒀𝒀,𝑻𝑻,𝜹𝜹, 𝒄𝒄�𝚯𝚯;𝑿𝑿�� = 𝑓𝑓�𝒄𝒄�𝚯𝚯;𝑿𝑿�� 𝑓𝑓�𝒀𝒀�𝚯𝚯;𝑿𝑿� , 𝒄𝒄�𝑓𝑓�𝑻𝑻,𝜹𝜹�𝚯𝚯;𝑿𝑿� , 𝒄𝒄� 
We further assume that observations from each participant are independent, and that 
observations from different tracing periods of the same participant are independent given 
𝚯𝚯, 𝑿𝑿� , and 𝒄𝒄. Thus, the complete-data likelihood function can be derived as: 

𝑓𝑓�𝒀𝒀,𝑻𝑻,𝜹𝜹, 𝒄𝒄�𝚯𝚯;𝑿𝑿�� =  �𝑓𝑓�𝑐𝑐𝑖𝑖�𝚯𝚯𝒊𝒊;𝑿𝑿�𝒊𝒊��𝑓𝑓�𝑇𝑇𝑖𝑖𝑖𝑖, 𝛿𝛿𝑖𝑖𝑖𝑖�𝚯𝚯𝒊𝒊𝒊𝒊;𝑿𝑿�𝒊𝒊𝒊𝒊, 𝑐𝑐𝑖𝑖��𝑓𝑓�𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖�𝚯𝚯𝒊𝒊𝒊𝒊;𝑿𝑿�𝒊𝒊𝒊𝒊, 𝑐𝑐𝑖𝑖�

𝑛𝑛𝑖𝑖𝑖𝑖

𝑘𝑘=0

𝑛𝑛𝑖𝑖

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1

 

The corresponding log-likelihood function is given by: 
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙�𝒀𝒀,𝑻𝑻,𝜹𝜹, 𝒄𝒄�𝚯𝚯;𝑿𝑿�� 

= �𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙�𝑐𝑐𝑖𝑖�𝚯𝚯𝒊𝒊;𝑿𝑿�𝒊𝒊�
𝑛𝑛

𝑖𝑖=1

+ ��𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙�𝑇𝑇𝑖𝑖𝑖𝑖, 𝛿𝛿𝑖𝑖𝑖𝑖�𝚯𝚯𝒊𝒊𝒊𝒊;𝑿𝑿�𝒊𝒊𝒊𝒊, 𝑐𝑐𝑖𝑖�
𝑛𝑛𝑖𝑖

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1

+ ���𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙�𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖�𝚯𝚯𝒊𝒊𝒊𝒊;𝑿𝑿�𝒊𝒊𝒊𝒊, 𝑐𝑐𝑖𝑖�

𝑛𝑛𝑖𝑖𝑖𝑖

𝑘𝑘=0

𝑛𝑛𝑖𝑖

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1

. 

By expanding each term, we derived the analytical forms for the logistic submodel and 
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the longitudinal submodel. For the logistic submodel: 

𝑙𝑙𝑙𝑙𝑙𝑙{𝑓𝑓(𝒄𝒄|𝜼𝜼;𝒗𝒗)} = ��𝑐𝑐𝑖𝑖𝒗𝒗𝒊𝒊𝑻𝑻𝜼𝜼 − 𝑙𝑙𝑙𝑙𝑙𝑙�1 + 𝑒𝑒𝑒𝑒𝑒𝑒�𝒗𝒗𝒊𝒊𝑻𝑻𝜼𝜼���
𝑛𝑛

𝑖𝑖=1

. 

For the longitudinal submodel: 
𝑙𝑙𝑙𝑙𝑙𝑙{𝑓𝑓(𝒀𝒀|𝚺𝚺𝒆𝒆,𝜷𝜷; 𝒄𝒄)} 

= −
1
2
���𝑛𝑛𝑖𝑖𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙(2𝜋𝜋) + 𝑙𝑙𝑙𝑙𝑙𝑙(𝜎𝜎𝑒𝑒𝑒𝑒2 )�

𝑛𝑛𝑖𝑖

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1

+ ���
�𝑦𝑦𝑖𝑖𝑖𝑖(𝑘𝑘) − ∑ 𝑏𝑏𝑚𝑚(𝑘𝑘)𝛽𝛽𝑚𝑚

ℎ𝑖𝑖𝑗𝑗
𝑚𝑚=1 �

2

−2𝜎𝜎𝑒𝑒𝑒𝑒2

𝑛𝑛𝑖𝑖𝑖𝑖

𝑘𝑘=0

𝑛𝑛𝑖𝑖

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1

. 

For the time-to-event submodel, the survival function is defined as: 

𝑆𝑆𝑐𝑐𝑖𝑖 �𝑘𝑘|𝒁𝒁𝒊𝒊,𝑴𝑴𝒊𝒊𝒊𝒊(𝑘𝑘)� = 𝑒𝑒𝑒𝑒𝑒𝑒 �−� ℎ𝑐𝑐𝑖𝑖(𝑢𝑢)𝑒𝑒𝑒𝑒𝑒𝑒 �𝒁𝒁𝒊𝒊𝜸𝜸𝑐𝑐𝑖𝑖 + 𝜸𝜸𝒍𝒍𝑐𝑐𝑖𝑖𝑴𝑴𝒊𝒊𝒊𝒊(𝑢𝑢)�𝑑𝑑𝑑𝑑
𝑘𝑘

0
�. 

Thus, the log-likelihood function for the time-to-event submodel is given by: 
𝑙𝑙𝑙𝑙𝑙𝑙�𝑓𝑓�𝑻𝑻,𝜹𝜹�𝚯𝚯;𝒁𝒁𝒊𝒊,𝑴𝑴𝒊𝒊𝒊𝒊(𝑘𝑘), 𝑐𝑐𝑖𝑖�� 

= ���𝛿𝛿𝑖𝑖𝑖𝑖 �𝑙𝑙𝑙𝑙𝑙𝑙 �ℎ𝑐𝑐𝑖𝑖�𝑇𝑇𝑖𝑖𝑖𝑖�� + 𝒁𝒁𝒊𝒊𝜸𝜸𝑐𝑐𝑖𝑖 + 𝜸𝜸𝒍𝒍𝑐𝑐𝑖𝑖𝑴𝑴𝒊𝒊𝒊𝒊�𝑇𝑇𝑖𝑖𝑖𝑖��
𝑛𝑛𝑖𝑖

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1

− � ℎ𝑐𝑐𝑖𝑖(𝑢𝑢)𝑒𝑒𝑒𝑒𝑒𝑒 �𝒁𝒁𝒊𝒊𝜸𝜸𝑐𝑐𝑖𝑖 + 𝜸𝜸𝒍𝒍𝑐𝑐𝑖𝑖𝑴𝑴𝒊𝒊𝒊𝒊(𝑢𝑢)�𝑑𝑑𝑑𝑑
𝑇𝑇𝑖𝑖𝑖𝑖

0
� 

We adopted a two-step parameter estimation approach. First, we estimated 𝜷𝜷 and 𝚺𝚺𝒆𝒆 by 
maximizing the likelihood function of the longitudinal submodel, obtaining their 
estimates 𝜷𝜷�  and 𝚺𝚺�𝒆𝒆. After that, the association term shared between the longitudinal 
submodel and the time-to-event submodel was predicted as follows: 

𝐴𝐴𝐴𝐴𝐴𝐴_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖𝑖𝑖(𝑘𝑘) =
�∑ 𝑏𝑏𝑚𝑚(𝑘𝑘)𝛽̂𝛽𝑖𝑖𝑖𝑖𝑖𝑖

ℎ𝑖𝑖𝑗𝑗
𝑚𝑚=1 − 𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑖𝑖�

𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑖𝑖
 

By incorporating the association term prediction into the time-to-event submodel, we then 
simultaneously estimate the parameters of both the logistic submodel and the survival 
submodel. 
Expectation–maximization algorithm 
However, the likelihood functions of the logistic submodel and time-to-event submodel 
cannot be directly maximized because the latent category 𝒄𝒄 is unobserved. To address 
this issue, we implemented the Expectation-Maximization (EM) algorithm (Dempster et 
al., 1977). Assuming that observations from each individual are independent, the marginal 
log-likelihood function can be obtained by integrating the joint likelihood function over 
𝒄𝒄: 
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log�𝑓𝑓�𝑻𝑻,𝜹𝜹�𝚯𝚯;𝑿𝑿��� = � log��𝑓𝑓�𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊, 𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿��
𝑐𝑐𝑖𝑖

�
𝑛𝑛

𝑖𝑖=1

 

Applying the conditional expectation, we can express it as: 

log�𝑓𝑓�𝑻𝑻,𝜹𝜹�𝚯𝚯;𝑿𝑿��� = � log �𝐸𝐸𝑐𝑐𝑖𝑖|𝚯𝚯;𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊 �
𝑓𝑓�𝑻𝑻𝒊𝒊, 𝜹𝜹𝒊𝒊, 𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿��
𝑓𝑓�𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�

��
𝑛𝑛

𝑖𝑖=1

 

where 𝐸𝐸 denotes the expectation function. To simplify the computation, we apply Jensen's 
Inequality (Jensen, 1906) to obtain a lower bound, which we then maximize: 

𝑙𝑙𝑙𝑙𝑙𝑙 �𝐸𝐸𝑐𝑐𝑖𝑖|𝚯𝚯;𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊 �
𝑓𝑓�𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊, 𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿��
𝑓𝑓�𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�

�� ≥ 𝐸𝐸𝑐𝑐𝑖𝑖|𝚯𝚯;𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊 �𝑙𝑙𝑙𝑙𝑙𝑙 �
𝑓𝑓�𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊, 𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿��
𝑓𝑓�𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�

��  

Thus, the objective function for the E-step of the EM algorithm is: 

��𝐸𝐸𝑐𝑐𝑖𝑖|𝚯𝚯(𝒔𝒔);𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�𝑙𝑙𝑙𝑙𝑙𝑙�𝑓𝑓�𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊, 𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿���� − 𝐸𝐸𝑐𝑐𝑖𝑖|𝚯𝚯(𝒔𝒔);𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�𝑙𝑙𝑙𝑙𝑙𝑙�𝑓𝑓�𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊����
𝑛𝑛

𝑖𝑖=1

 

Since 𝐸𝐸𝑐𝑐𝑖𝑖|𝚯𝚯(𝒔𝒔);𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�𝑙𝑙𝑙𝑙𝑙𝑙�𝑓𝑓�𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿� ,𝑻𝑻𝒊𝒊, 𝜹𝜹𝒊𝒊���  is fixed given 𝚯𝚯𝒊𝒊 = 𝚯𝚯𝒊𝒊
(𝒔𝒔) , the function 

simplifies to: 

𝑄𝑄�𝚯𝚯|𝚯𝚯(𝑠𝑠)� = ��𝐸𝐸𝑐𝑐𝑖𝑖|𝚯𝚯𝑖𝑖(𝒔𝒔);𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊
�𝑙𝑙𝑙𝑙𝑙𝑙�𝑓𝑓�𝑻𝑻𝒊𝒊, 𝜹𝜹𝒊𝒊, 𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿�����

𝑛𝑛

𝑖𝑖=1

 

This can be expressed as: 

= ��𝑓𝑓�𝑐𝑐𝑖𝑖|𝚯𝚯𝑖𝑖
(𝒔𝒔);𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙�𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊, 𝑐𝑐𝑖𝑖�𝚯𝚯;𝑿𝑿��

𝑐𝑐𝑖𝑖

𝑛𝑛

𝑖𝑖=1

 

where the posterior distribution of 𝑐𝑐𝑖𝑖  given 𝚯𝚯𝑖𝑖
(𝒔𝒔),𝑿𝑿� ,𝑻𝑻𝒊𝒊, 𝜹𝜹𝒊𝒊 , can be computed using 

Bayes' Theorem: 

𝑓𝑓�𝑐𝑐𝑖𝑖|𝚯𝚯𝑖𝑖
(𝒔𝒔);𝑿𝑿� ,𝑻𝑻𝒊𝒊, 𝜹𝜹𝒊𝒊� =

 𝑓𝑓�𝑐𝑐𝑖𝑖�𝚯𝚯𝑖𝑖
(𝒔𝒔);𝑿𝑿�� 𝑓𝑓�𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�𝚯𝚯𝑖𝑖

(𝒔𝒔);𝑿𝑿� , 𝑐𝑐𝑖𝑖�

∑ 𝑓𝑓�𝑐𝑐𝑖𝑖�𝚯𝚯𝑖𝑖
(𝒔𝒔);𝑿𝑿�� 𝑓𝑓�𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�𝚯𝚯𝑖𝑖

(𝒔𝒔);𝑿𝑿� , 𝑐𝑐𝑖𝑖�1
𝑐𝑐𝑖𝑖=0

 

We used the gradient-based optimization method, Limited-memory Broyden–Fletcher–
Goldfarb–Shanno with Box constraints (L-BFGS-B), to maximize the function 𝑄𝑄 and 
estimate the model parameters (Liu and Nocedal, 1989). The gradients of each parameter 
were calculated to accelerate convergence: 
Gradient with respect to 𝜂𝜂𝑞𝑞𝜼𝜼: 
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𝜕𝜕𝑸𝑸�𝚯𝚯|𝚯𝚯(𝑠𝑠)�
𝜕𝜕𝜂𝜂𝑞𝑞𝜼𝜼

= ���𝑓𝑓�𝑐𝑐𝑖𝑖|𝚯𝚯𝑖𝑖
(𝒔𝒔);𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊� �𝑐𝑐𝑖𝑖𝑣𝑣𝑖𝑖𝑞𝑞𝜂𝜂 −

𝑣𝑣𝑖𝑖𝑞𝑞𝜼𝜼
1 + 𝑒𝑒𝑒𝑒𝑒𝑒(−𝒗𝒗𝒊𝒊𝑻𝑻𝜼𝜼)

�
𝑐𝑐𝑖𝑖

�
𝑛𝑛

𝑖𝑖=1

. 

Gradient with respect to 𝜆𝜆𝑐𝑐𝑖𝑖: 

𝜕𝜕𝑸𝑸�𝚯𝚯|𝚯𝚯(𝑠𝑠)�
𝜕𝜕𝜆𝜆𝑐𝑐𝑖𝑖

= �𝑓𝑓�𝑐𝑐𝑖𝑖|𝚯𝚯𝑖𝑖
(𝒔𝒔);𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�

𝑛𝑛

𝑖𝑖=1

× 

��
2𝛿𝛿𝑖𝑖𝑖𝑖
𝜆𝜆𝑐𝑐𝑖𝑖

− � 2𝜆𝜆𝑐𝑐𝑖𝑖𝜌𝜌𝑐𝑐𝑖𝑖𝑢𝑢
𝜌𝜌𝑐𝑐𝑖𝑖−1𝑒𝑒𝑒𝑒𝑒𝑒 �𝒁𝒁𝒊𝒊𝜸𝜸𝑐𝑐𝑖𝑖 + 𝜸𝜸𝒍𝒍𝑐𝑐𝑖𝑖𝑴𝑴𝒊𝒊𝒊𝒊(𝑢𝑢)�𝑑𝑑𝑑𝑑

𝑇𝑇𝑖𝑖𝑖𝑖

0
�

𝑛𝑛𝑖𝑖

𝑗𝑗=1

. 

Gradient with respect to 𝜌𝜌𝑐𝑐𝑖𝑖: 

𝜕𝜕𝑸𝑸�𝚯𝚯|𝚯𝚯(𝑠𝑠)�
𝜕𝜕𝜌𝜌𝑐𝑐𝑖𝑖

= �𝑓𝑓�𝑐𝑐𝑖𝑖|𝚯𝚯𝑖𝑖
(𝒔𝒔);𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�

𝑛𝑛

𝑖𝑖=1

× 

��
𝛿𝛿𝑖𝑖𝑖𝑖
𝜌𝜌𝑐𝑐𝑖𝑖

+ 𝛿𝛿𝑖𝑖𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙�𝑇𝑇𝑖𝑖𝑖𝑖�
𝑛𝑛𝑖𝑖

𝑗𝑗=1

− � 𝜆𝜆𝑐𝑐𝑖𝑖
2 �𝑢𝑢𝜌𝜌𝑐𝑐𝑖𝑖−1𝜌𝜌𝑐𝑐𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙(𝑢𝑢) + 𝑢𝑢𝜌𝜌𝑐𝑐𝑖𝑖−1�

𝑇𝑇𝑖𝑖𝑖𝑖

0
𝑒𝑒𝑒𝑒𝑒𝑒 �𝒁𝒁𝒊𝒊𝜸𝜸𝑐𝑐𝑖𝑖 + 𝜸𝜸𝒍𝒍𝑐𝑐𝑖𝑖𝑴𝑴𝒊𝒊𝒊𝒊(𝑢𝑢)�𝑑𝑑𝑢𝑢�. 

Gradient with respect to 𝛾𝛾𝑐𝑐𝑖𝑖𝑞𝑞𝛾𝛾: 

𝜕𝜕𝑸𝑸�𝚯𝚯|𝚯𝚯(𝑠𝑠)�
𝜕𝜕𝛾𝛾𝑐𝑐𝑖𝑖𝑞𝑞𝛾𝛾

= �𝑓𝑓�𝑐𝑐𝑖𝑖|𝚯𝚯𝑖𝑖
(𝒔𝒔);𝑿𝑿� ,𝑻𝑻𝒊𝒊,𝜹𝜹𝒊𝒊�

𝑛𝑛

𝑖𝑖=1

 × 

��𝑍𝑍𝑞𝑞𝛾𝛾𝛿𝛿𝑖𝑖𝑖𝑖 − � 𝜆𝜆𝑐𝑐𝑖𝑖
2 𝜌𝜌𝑐𝑐𝑖𝑖𝑢𝑢

𝜌𝜌𝑐𝑐𝑖𝑖−1𝑍𝑍𝑞𝑞𝛾𝛾𝑒𝑒𝑒𝑒𝑒𝑒 �𝒁𝒁𝒊𝒊𝜸𝜸𝒄𝒄𝒊𝒊 + 𝜸𝜸𝒍𝒍𝒄𝒄𝒊𝒊𝑴𝑴𝒊𝒊𝒊𝒊(𝑢𝑢)�𝑑𝑑𝑑𝑑
𝑇𝑇𝑖𝑖𝑖𝑖

0
�

𝑛𝑛𝑖𝑖

𝑗𝑗=1

. 

In the M-step, parameters are updated according to: 

𝚯𝚯(𝒔𝒔+𝟏𝟏) = argmax
Θ

𝑄𝑄�𝚯𝚯|𝚯𝚯(𝑠𝑠)�. 

as the EM algorithm iterates, the parameter estimates gradually converge to the maximum 
likelihood estimates. 
C-index and model evaluation 
Using the estimates of 𝜂𝜂, we first predicted 𝜋𝜋�𝑖𝑖, the probability that 𝑐𝑐𝑖𝑖 = 1 

𝜋𝜋�𝑖𝑖 = 𝑃𝑃(𝑐𝑐𝑖𝑖 = 1) =
𝑒𝑒𝑒𝑒𝑒𝑒�𝒗𝒗𝒊𝒊𝑻𝑻 𝜼𝜼��

1 + 𝑒𝑒𝑒𝑒𝑒𝑒(𝒗𝒗𝒊𝒊𝑻𝑻 𝜼𝜼�)
 

A higher 𝜋𝜋�𝑖𝑖 indicates that individual i is more likely to belong to latent category 1. Based 



30 
 

on the predicted 𝜋𝜋�𝑖𝑖  values, participants can be ranked from the highest to lowest 
probability of being in category 1. We then evaluated all possible cut-off values for 𝜋𝜋�𝑖𝑖 
and calculated the corresponding C-index for dividing participants into categories 0 and 
1, respectively. The C-index for each category (𝑐𝑐𝑖𝑖) is defined as: 
𝐶𝐶𝑐𝑐𝑖𝑖

=
∑ ∑ 𝛿𝛿𝑖𝑖𝑖𝑖𝐼𝐼�𝑇𝑇𝑖𝑖𝑖𝑖 < 𝑇𝑇𝑖𝑖′𝑗𝑗′�𝐼𝐼 �∫ 𝒁𝒁𝒊𝒊𝜸𝜸𝒄𝒄𝒊𝒊 + 𝜸𝜸𝒍𝒍𝒄𝒄𝒊𝒊𝑴𝑴𝒊𝒊𝒊𝒊(𝑢𝑢)𝑑𝑑𝑑𝑑𝑇𝑇𝑖𝑖𝑖𝑖

0 > ∫ 𝒁𝒁𝒊𝒊′𝜸𝜸𝒄𝒄𝒊𝒊′ + 𝜸𝜸𝒍𝒍𝒄𝒄𝒊𝒊′𝑴𝑴𝒊𝒊′𝒋𝒋′(𝑢𝑢)𝑑𝑑𝑑𝑑𝑇𝑇𝑖𝑖𝑖𝑖
0 �𝑖𝑖′𝑗𝑗′𝑖𝑖𝑖𝑖

∑ ∑ 𝛿𝛿𝑖𝑖𝑖𝑖𝐼𝐼�𝑇𝑇𝑖𝑖𝑖𝑖 < 𝑇𝑇𝑖𝑖′𝑗𝑗′�𝑖𝑖′𝑗𝑗′𝑖𝑖𝑖𝑖
. 

This C-index is a modified version of the Gönen and Heller C-index (Gönen and Heller, 
2005). We also defined an overall indicator, the integrated C-index, as follows: 

𝐶𝐶𝑖𝑖𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 =
𝐶𝐶0 × 𝑁𝑁𝑁𝑁𝑁𝑁 𝑇𝑇 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 0 + 𝐶𝐶1 × 𝑁𝑁𝑁𝑁𝑁𝑁 𝑇𝑇 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 1

𝑇𝑇ℎ𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  𝑁𝑁𝑁𝑁𝑁𝑁 𝑇𝑇 
. 

In the equation above, 𝑁𝑁𝑁𝑁𝑁𝑁 𝑇𝑇 represents the number of time-to-event observations. The 
cut-off value for 𝜋𝜋 that maximizes 𝐶𝐶𝑖𝑖𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 was chosen for categorizing participants. 
We simulated two censoring scenarios: no censoring and right censoring at k=10. The no-
censoring scenario simulates the condition where asthma patients continuously perform 
long-term PEF monitoring, while the right-censoring scenario simulates a typical cohort 
study setting. Both scenarios were iterated 1000 times, and the performance of parameter 
estimation was evaluated. Since the true latent categories of participants were known in 
our simulation setting, we also assessed the model's performance in discriminating latent 
categories by calculating the c-index. Additionally, Kaplan-Meier curves were plotted 
based on both the true categories and the predicted categories (Kaplan and Meier, 1958). 
All statistical analyses in this section were conducted using R version 4.3.2 (R 
Development Core Team, 2019).  
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Results 
The Table 5 presents the parameter estimation results from the simulation study. 
Table 5. Parameter estimation in simulation study 

Par 
No censoring scenario Right censoring scenario 
True value Bias ASE ESE CP Bias ASE ESE CP 

𝜂𝜂1 1.000  0.082  0.438  0.358  0.916  0.201  0.674  0.395  0.995  
𝜂𝜂2 1.000  0.092  0.433  0.329   0.136  0.624  0.356   
𝜆𝜆0 0.200  -0.023  0.033  0.033   -0.038  0.035  0.030   
𝜆𝜆1 0.100  0.045  0.020  0.016   0.043  0.025  0.020   
𝜌𝜌0 1.000  0.191  0.145  0.148   0.256  0.155  0.157   
𝜌𝜌1 1.100  -0.112  0.084  0.066   -0.115  0.110  0.091   
𝛾𝛾01 1.000  -0.043  0.223  0.217   0.062  0.335  0.232   
𝛾𝛾02 1.000  -0.152  0.084  0.085   -0.192  0.097  0.096   
𝛾𝛾11 1.000  -0.184  0.171  0.135   -0.206  0.254  0.183   
𝛾𝛾12 1.000  -0.110  0.038  0.024   -0.087  0.048  0.030   

Average sample standard error (ASE) and coverage probability (CP) are based on 1000 
iterations. Empirical standard error (ESE) is the average of parameter standard error 
estimates. 
 
The proposed model demonstrated strong performance in parameter estimation, 
confirming its reliability. The stability of both average sample standard error (ASE) and 
empirical standard error (ESE) values indicates that the model consistently produces 
accurate parameter estimates across simulations. Furthermore, the consistency between 
ASE and ESE suggests that the model appropriately captures the uncertainty in parameter 
estimation. This result indicates that the model's performance remains robust even under 
different censoring scenarios.  
Additionally, we evaluated the modified Gönen and Heller C-index for assessing the 
model's effectiveness in identifying asthma exacerbation vulnerability. The results are 
summarized in the Table 6. 
Table 6. The Gönen and Heller c-index in simulation study 

 

No censoring scenario Right censoring scenario 
Mean Standard error Mean Standard error 

LCJM c-index 
(unresponsive group (𝑐𝑐𝑖𝑖 = 0)) 0.611  0.032  0.620  0.035  
LCJM c-index 0.663  0.027  0.674  0.030  
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(responsive group (𝑐𝑐𝑖𝑖 = 1)) 
LCJM integrated c-index 0.646  0.021  0.655  0.023  
Time-to-event model c-index 
(unresponsive group only) 0.544  0.022  0.550  0.024  
Joint model c-index 
(responsive group only) 0.654  0.026  0.652  0.025  

LCJM refers to the modified latent class joint model we proposed. The LCJM c-index 
(unresponsive group (𝑐𝑐𝑖𝑖 = 0) ) denotes the Gönen and Heller c-index for participants 
classified as unresponsive group (𝑐𝑐𝑖𝑖 = 0), while the LCJM c-index (responsive group 
(𝑐𝑐𝑖𝑖 = 1)) denotes the c-index for those classified as responsive group (𝑐𝑐𝑖𝑖 = 1). 
The LCJM integrated c-index is calculated by averaging the LCJM c-index for 
unresponsive group and responsive group, weighted by the corresponding number of 
time-to-event observations. The time-to-event model c-index (unresponsive group only) 
was calculated under the assumption that all participants belong to unresponsive group, 
whereas the joint model c-index (responsive group only) was calculated assuming all 
participants belong to responsive group. 
 
The modified LCJM model demonstrated superior discriminant performance in 
identifying patients' vulnerability to event compared to conventional time-to-event and 
joint models. For participants classified into unresponsive group (𝑐𝑐𝑖𝑖 = 0), the Gönen and 
Heller c-index was 0.611, while for those in responsive group (𝑐𝑐𝑖𝑖 = 1), it was 0.663 
under the no censoring scenario. When switch to the right censoring scenario, the c-index 
became 0.620 and 0.674 for unresponsive and unresponsive group respectively. The 
LCJM integrated c-index was 0.646 under the no censoring scenario and 0.655 under the 
right censoring scenario. In contrast, the conventional joint model, which assumes all 
participants belong to responsive group, yielded a c-index of 0.654. The time-to-event 
model, assuming all participants belong to unresponsive group and ignoring longitudinal 
covariates, showed an even lower c-index of 0.544. 
We also evaluated the model’s accuracy in category discrimination. In the no censoring 
scenario, the mean c-index for category discrimination was 0.956 with a standard error 
(SE) of 0.018. Under the right censoring scenario, the mean c-index slightly decreased to 
0.955 with an SE of 0.019. These results indicate that our model provides accurate and 
robust predictions for categorizing participants, even in the presence of censored data. 
Using simulation data generated in the first iteration, Kaplan-Meier survival curves were 
drawn based on both the true category and the predicted category. 
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Figure 5. Kaplan-Meier survival curve using data from the first simulation 
The left panel shows the strata Kaplan-Meier survival curve stratified by the true category 
of participants, while the right panel shows curves stratified by the predicted category. 
The shaded regions indicate the confidence intervals. 
 
In both panels, the green solid line represents the survival curve for participants in 
unresponsive group, and the red dashed line represents those in responsive group. The 
similarity between the patterns in the left and right panels suggests that the model 
accurately predicts category membership when correctly specified. The overlap in the 
survival curves indicates that the predicted categories closely match the true categories.  
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Discussion 
We developed a modified LCJM and evaluated its performance in terms of parameter 
estimation and discriminant ability. This model was used to assess individual 
vulnerability to asthma exacerbation while accounting for participant heterogeneity. 
Participants were classified into two groups, unresponsive group and responsive group, 
based on whether their PEF trajectories were responsive to impending exacerbations. In 
the simulation study, our model demonstrated high accuracy in parameter estimation, and 
participants categorization with c-index values of 0.956 and 0.955 in the non-censoring 
and right-censoring scenarios, respectively. Our model also achieving the best 
performance based on the Gönen and Heller c-index. 
Our study has several limitations. Firstly, although we accounted for population 
heterogeneity, the classification of participants may still be overly simplified. There may 
be additional latent categories within the study population, suggesting that extending our 
logistic submodel to a multinomial logistic framework is a direction for future research. 
Secondly, the current model specification has limitations. Since the pathology of asthma 
exacerbation is still debated, we must select predictors from numerous candidates when 
construct the LCJM. To avoid the model mis-specification, developing a covariate 
selection strategy, such as using the least absolute shrinkage and selection operator for 
the LCJM, is an important area for future exploration (Tibshirani, 1996). Additionally, 
our model did not account for individual frailty in the survival analysis. We assumed that 
time-to-event data from different tracing periods of the same participant were mutually 
independent, which contradicts evidence suggesting that patients with a history of asthma 
exacerbations are more likely to experience future exacerbations (Engelkes et al., 2020). 
Finally, rather than applying the model into real-world datasets such as the Hi-CARAT 
datasets, we evaluated our model based on simulation study only. 
Despite these limitations, we believe that our findings provide valuable insights for 
researchers and healthcare professionals interested in severe asthma PEF monitoring. We 
hope that our work will contribute to future analyses of PEF trajectories and help improve 
the management of asthma exacerbations. 
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Conclusion 
The following findings were obtained from this study. 
1) PEF monitoring data can be effectively used to perform the real-time exacerbation 

prediction in patients with severe asthma. 
2) Novel predictive factors, ΔMA and %ΔMA, yielded the best predictive capabilities 

comparing to conventional statistics calculated from PEF trajectory. 
3) By extending the LCJM framework to incorporate the heterogenous PEF 

trajectories, the vulnerability of patients with severe asthma to exacerbations can be 
assessed. 

4) The modified LCJM framework demonstrated superior discriminative performance 
compared to the conventional joint model framework in simulation study. 

We aim to further extend the LCJM by incorporating a multinomial logistic submodel and 
individual frailty effects, and applying the modified LCJM to real-world datasets such as 
the Hi-CARAT datasets in the next phase of our study. We hope the results of this study 
help in the construction of a clinically applicable exacerbation prediction model in the 
future. 
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