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1. natural language processing (NLP)
To identify phenotypic characteristics relevant to chronic respiratory disease, we implemented a rule-based natural language processing (NLP) algorithm to extract key clinical indicators from unstructured medical records. Information was grouped into three categories: symptom history, diagnostic history, and CT imaging evidence. Entries explicitly containing negations were excluded. We used regular expressions to detect linguistic negations co-located with target keywords within sentence boundaries. Common negation terms included “无”, “未见”, “未发现”, “否认”, and “未提示”.
For cough duration, the maximum reported time span was extracted using matched patterns and converted into standardized units (days). Cough lasting more than 180 days (≥ 6 months) was defined as chronic.

1.1 Symptom History: Chronic Cough and Dyspnea
	Target Symptom
	Chinese Keywords
	Data Sources
	Post-processing

	Chronic Cough
	咳, 咳嗽, 咳痰, 干咳, 慢性咳嗽
	Chief complaints, symptom descriptions, and medical history from primary care clinics, hospital outpatient visits, and inpatient records.
	Exclude negated expressions; 


	Dyspnea
	呼吸困难
	
	

	Duration Extraction of Cough
	天, 周, 星期, 礼拜, 月, 年
	
	Parse max duration in numerical form, normalize to days. 



1.2 Diagnostic History: COPD and Related Conditions
	Target Condition
	Chinese Keywords
	Data Sources
	Post-processing

	Chronic bronchitis
	慢性支气管炎, 慢支
	Medical history and chief complaint  across all clinical sources.
	Exclude negated expressions

	Emphysema
	肺气肿, 气肿
	
	

	COPD
	COPD, 慢阻肺, 慢性阻塞性肺
	
	



1.3 CT Imaging Findings
	Target Finding
	Chinese Keywords
	Data Sources
	Post-processing

	Emphysema
	肺气肿, 气肿
	Textual descriptions from physical examinations, auxiliary tests, and specialist examinations across all sources.
	Exclude negated expressions; retain uncertain terms (e.g., “考虑COPD”);

	Chronic bronchitis
	慢性支气管炎, 慢支, 
	
	

	COPD-related terms
	COPD, 慢阻肺, 慢性阻塞性肺
	
	



NLP accuracy
The NLP outputs were manually validated by an engineer. After each round of algorithm-generated extraction, 400 unique raw text entries were reviewed to assess concordance between the original description and the extracted results. If any inconsistency caused by the NLP was identified, the algorithm was immediately corrected, and an additional 200 previously unreviewed entries were examined. This iterative process continued until no errors were detected.
For CT reports and medical history text fields, word segmentation was used to tag and match disease names with typos, which accounted for 0.08% of all descriptions. Medical history descriptions that could not be judged positive or negative were identified by NLP—for example, phrases such as “有慢性支气管炎病史无”, which include both affirmative and negative modifiers—accounted for 0.02% of all history records. Because this variable was primarily used for defining the control group, participants with ambiguous medical-history entries were excluded to maintain a high true-negative rate in the control group.
For cough and sputum-related symptoms, some records lacked information on symptom duration; in such cases, these episodes were classified as short-term symptoms and assigned a duration of 1 days.

2. Power calculation
2.1 Theoretical Exposure Distribution in Cases and Controls
To motivate the derivation, we first need to calculate the theoretical genetic exposure in patient and nonpatient populations under a standard additive logistic model. We consider a genetic variant with an additive effect, where the effect size per allele is denoted by ​, and  represents the baseline log-odds of disease when the allele number of the specific SNP is zero (i.e., individuals carrying 0 risk alleles). The disease risk for individuals carrying 0, 1, or 2 copies of the risk allele is given by: 

Assuming the allele frequency (AF) in the target population is P, the allele number X distribution follows Hardy-Weinberg equilibrium:

The theoretical population disease prevalence is:


The expected allele number and variance conditional on case status are:




Let N denote the total sample size from the general population. When sampling directly from the general population, the expected number of cases and controls is:

According to the Central Limit Theorem, when the sample sizes are sufficiently large, the sample mean allele number in cases (​) and controls () approximately follow normal distributions:

In practice, due to differences in inclusion criteria between cases and controls, the proportion of cases in the sample may not reflect the true disease prevalence in the population. Nevertheless, assuming that the included cases and controls are representative of the underlying subpopulations defined by  and , the sample means  and ​ retain the same expectations as their respective conditional population means, with variances determined by the specific sample sizes  and ​.
2.2 Formula for Approximating the Effect Size Under the Small-Effect Assumption
Having derived the expected mean allele counts for cases and controls, we next require an expression to calculate the effect size. However, unlike linear regression, logistic regression does not yield a closed-form solution for the regression coefficient when the outcome variable is binary. However, when the effect size is small (), the logistic function is approximately linear. The effect size estimated by linear regression is given by:

Here, the estimated  reflects the change in the probability of Y occurring in response to changes in X. However, in logistic regression, the regression coefficient reflects the effect of X on the odds of Y. The relationship between the two is approximated by:


Hence, the logistic regression coefficient can be approximated as:

Because  represents allele count and takes values in , the per-allele logistic regression coefficient can be approximated by the difference in mean allele counts between cases and controls:

Accordingly, the sampling distribution of  is approximately:


where  and  denote the numbers of cases and controls, respectively.
Since the allele number  takes values in , this condition corresponds to a per-allele effect size of approximately .
2.3 Power Calculation
Based on the distribution of  derived above (7), The corresponding z-test statistic is:

The power at two-sided significance level α (e.g., 0.05) is:


2.4 Impact of Imperfect Case Definition (PPV < 100%) on Statistical Power
In general, standard power calculations under outcome misclassification are formulated in terms of both sensitivity and specificity. However, the rationale for our PPV-based correction arises from the specific structure of our study design and validation framework. 
First, the classical attenuation factor formulation assumes a single classification mechanism applied uniformly to the entire population, where both cases and controls may be misclassified. In contrast, our study uses a case-control design with asymmetric misclassification: COPD cases are identified using an EHR-based algorithm that may introduce false positives, whereas controls are defined conservatively to minimize false negatives. Under this design, misclassification occurs predominantly in the case group, and the standard attenuation factor formula based on joint sensitivity and specificity is not directly applicable.
Accordingly, we adopted a correction strategy based on a previously published method designed specifically for scenarios where only the case group may contain false positives[1]. This approach assumes that the control group contains no false-negative cases. Let Se and Sp denote the sensitivity and specificity of the case-identification algorithm, C the number of candidate individuals, and Pt the proportion of true cases among these candidates. Under these assumptions, the expected numbers of true positives () and false positives () are:


The positive predictive value (PPV) is therefore:

Thus, PPV is itself a function of sensitivity, specificity, and disease prevalence. Correcting the effect estimate using PPV implicitly incorporates both sensitivity and specificity , but in a more concise and transparent manner.
Second, while the conceptual framework of this prior work is applicable, its original correction formula assumes a binary exposure. In our study, the exposure of interest is a genetic variant (allele count) modeled under an additive genetic framework, which is continuous. To accommodate this, we derived a PPV-based correction under the assumption of small effect sizes, leveraging the near-linearity of the logistic model in this regime.
Let and denote the mean allele counts among true cases and true controls, respectively. The observed mean allele count in the misclassified case group, , is:

The observed case–control difference becomes:

where is the true underlying difference.
Given the approximate linearity of the logistic model under small effects (Supplementary Materials, p.3, ), the estimated effect size satisfies:

Therefore, weighting by PPV provides a direct and theoretically justified correction for effect-size attenuation induced by outcome misclassification in our case-control genetic association setting.
Finally, because PPV is directly estimated from clinician chart review, whereas sensitivity cannot be reliably estimated without reviewing algorithm-negative individuals, a PPV-based correction is not only theoretically appropriate but also practically implementable in our data context. 
And the variance of  is:

where
· 
· 
Thus, the distribution of the estimated logistic regression coefficient under misclassification is:

Consequently, the z-statistic and power become:


2.5 Sample Size Calculation Under Imperfect PPV
[bookmark: _Hlk203140085]To achieve a pre-specified power  at significance level α, Let



Then the required number of cases is:

Where:
· 
· 
· 
· 
When the control group size is fixed as a multiple of the case group size (i.e., ), the required number of cases simplifies to:

2.6 Conclusion
This theoretical framework shows that the observed effect size and statistical power in case-control GWAS depend not only on allele frequency (P), true effect size (), and sample sizes (, ), but also on the positive predictive value (PPV) of case definition. Power attenuation due to misclassified cases can be analytically quantified and used to inform minimum required sample sizes for adequate power. Under the parameter settings of this study, the required sample sizes across different allele frequencies and effect sizes are shown in Supplementary Figure 1. The farther the allele frequency deviates from 0.5 or the smaller the effect size, the larger the required sample size.

[image: ]
Supplementary Figure 1. Required sample size of per-allele effect size and allele frequency. Sample sizes were calculated assuming β0 = −1.85, PPV of 85%, and target statistical power of 80%.
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Supplementary Table 1. Allelic odds ratio
	Gene
	CHR
	SNP
	POS
	EA
	OA
	EAF
in cases
	EAF
in controls
	Unadjusted model
	Adjusted model

	
	
	
	
	
	
	
	
	OR (95%CI)
	P
	OR (95%CI)
	P

	Final algorithm (multimodal)
N= 3965 cases and 59284 controls

	HHIP
	4
	rs13141641
	145506456
	T
	C
	0.709
	0.697
	1.060 (0.988, 1.138)
	0.106 
	1.055 (0.999, 1.114)
	0.056 

	FAM13A
	4
	rs2609260
	89836819
	T
	C
	0.616
	0.588
	1.125 (1.053, 1.202)
	4.77E-04
	1.143 (1.084, 1.204)
	6.53E-07

	DSP
	6
	rs2076295
	7563232
	T
	G
	0.531
	0.515
	1.067 (1.000, 1.138)
	0.049 
	1.066 (1.013, 1.122)
	0.014 

	AGER
	6
	rs2070600
	32151443
	C
	T
	0.796
	0.781
	1.095 (1.011, 1.186)
	0.025 
	1.130 (1.061, 1.202)
	1.24E-04

	TGFB2
	1
	rs796395
	218681971
	A
	G
	0.202
	0.199
	1.020 (0.941, 1.105)
	0.633 
	1.024 (0.961, 1.090)
	0.467 

	TGFB2
	1
	rs993925
	218860068
	C
	T
	0.489
	0.477
	1.051 (0.985, 1.120)
	0.132 
	1.052 (1.001, 1.106)
	0.046 

	Initial algorithm (J41-J44)
N= 24914 cases and 59284 controls

	HHIP
	4
	rs13141641
	145506456
	T
	C
	0.703
	0.697
	1.028 (0.995, 1.062)
	0.095 
	1.019 (0.994, 1.045)
	0.139 

	FAM13A
	4
	rs2609260
	89836819
	T
	C
	0.598
	0.588
	1.043 (1.012, 1.075)
	5.94E-03
	1.056 (1.031, 1.082)
	8.89E-06

	DSP
	6
	rs2076295
	7563232
	T
	G
	0.517
	0.515
	1.006 (0.976, 1.036)
	0.704 
	1.004 (0.981, 1.027)
	0.725 

	AGER
	6
	rs2070600
	32151443
	C
	T
	0.781
	0.781
	0.998 (0.963, 1.034)
	0.910 
	1.034 (1.004, 1.064)
	0.025 

	TGFB2
	1
	rs796395
	218681971
	A
	G
	0.200
	0.199
	1.009 (0.972, 1.047)
	0.649 
	1.000 (0.972, 1.029)
	0.992 

	TGFB2
	1
	rs993925
	218860068
	C
	T
	0.477
	0.477
	1.003 (0.973, 1.033)
	0.856 
	1.005 (0.983, 1.029)
	0.644 


Note: CHR, chromosome; EA, effect allele; EAF, effect allele frequency. Adjusted model were adjusted for age, sex, whether participants had ever smoked, years since smoking initiation, and the first five genetic principal components to control for population stratification.


[bookmark: OLE_LINK87]Supplementary Table 2. BMI-adjusted sensitivity analysis of COPD genetic associations
	Gene
	CHR
	SNP
	EA
	Adjusted Model 1
	Adjusted Model 2 (+ BMI)

	
	
	
	
	OR (95%CI)
	P
	OR (95%CI)
	P

	HHIP
	4
	rs13141641
	T
	1.055 (0.999, 1.114)
	0.056
	1.053 (0.996, 1.112)
	0.067 

	FAM13A
	4
	rs2609260
	T
	1.143 (1.084, 1.204)
	6.53E-07
	1.141 (1.082, 1.202)
	8.89E-07

	DSP
	6
	rs2076295
	T
	1.066 (1.013, 1.122)
	0.014
	1.066 (1.013, 1.122)
	0.014 

	AGER
	6
	rs2070600
	C
	1.130 (1.061, 1.202)
	1.24E-04
	1.129 (1.061, 1.202)
	1.32E-04

	TGFB2
	1
	rs796395
	A
	1.024 (0.961, 1.090)
	0.467
	1.025 (0.963, 1.092)
	0.434 

	TGFB2
	1
	rs993925
	C
	1.052 (1.001, 1.106)
	0.046
	1.052 (1.001, 1.107)
	0.046 


Note: CHR, chromosome; EA, effect allele; EAF, effect allele frequency. Model 1 were adjusted for age, sex, whether participants had ever smoked, years since smoking initiation, and the first five genetic principal components to control for population stratification. Model 2 additionally adjusts BMI on the basis of model 1. Both models were performed in samples (N= 3965 cases and 59284 controls).


Supplementary Table 3. Previously studied COPD phenotypic algorithms and their application in KARE
	Authors, publication year, country
	Reference
	Algorithm
	PPV in the publication
	PPV in KARE
	The number of Identified COPD cases in KARE

	Chinese population

	1. Kurmi et al. (2016)
	[2]
	Hospitalized COPD diagnosis (ICD-10 codes: J41~J44)
	85.0%
	72.41%
	3829

	China Main Land
	　
	　
	
	
	

	Kwok et al. (2024)
	[3]
	Cases with a secondary diagnosis of ICD-9 code 493 (Asthma; indicating potential asthma-COPD overlap [ACO] or asthma) were excluded. 
	81.5%
	56.67%
	5149

	China Hongkong
	
	
	
	
	

	Ho et al. (2018)
	[4]
	ICD9-CM codes 491, 492, and 496
	63.5%
	32.25%
	32047

	China Taiwan
	　
	two or more outpatient codes in 1 year or one or more inpatient codes
	72.2%
	58.18%
	9027

	[bookmark: _Hlk215925619]European based population

	Su et al. (2021)
	[5]
	At least 1 COPD-specific code and at least 3 broad COPD codes
	60.2%
	63.23%
	6374

	United States 
	
	CRT PFT-: Model selected from literature-based and expert-curated feature inputs primarily derived from structured data, excluding measures of spirometric FEV1/FVC performance
	89.4%
	80.30%*
	1944

	　
	　
	
	
	85.11%*
	1284

	Jennifer et al. (2014)
	[6]
	1. Specific COPD code only;
	86.5%
	50.44%
	13027

	United Kingdom 
	　
	2. Specific COPD code and more than one prescription of a COPD medication 
	87.5%
	65.12%
	5359

	　
	　
	3. Specific COPD code and more than one prescription of a COPD medication and presence of spirometry;
	89.4%
	82.47%
	889

	Lee et al. (2017)
	[7]
	years ≥35
several electronic medical record algorithms; the one with best validation results included:
1. Three or more physician billing codes for COPD per year;
2. Documentation in the cumulative patient profile (CPP);
3. Tiotropium prescription; or ipratropium (or its formulations) prescription and
4. A COPD billing code
	93.6%
	67.62%
	3180

	Canada 
	
	
	
	
	

	　
	　
	
	
	
	

	　
	　
	
	
	
	

	　
	　
	
	
	
	

	Hansell et al. (2003)
	[8]
	COPD: ICD-9: 490–492, 494–496.
	(no validation of algorithm)
	46.33%
	16695

	United Kingdom 
	
	COPD symptoms: cough or phlegm for at least 3 months during the winter
	
	
	

	Wilchesky et al. (2004)
	[9]
	COPD: ICD-9: 490–490.9, 494–494.9, 496–496.9
Diagnostic criteria:
1. Years ≥66.
2. Two visits or more to the MOXXI physicians in the year.
	PPV not applicable (sensitivity 45.97%, specificity 88.42%)
	47.44%
	30733

	Canada 
	
	
	
	
	

	Lacasse et al. (2005)
	[10]
	Years ≥65.
COPD: IDC-9: 491, 492 and 496.
	
	32.25%
	32047

	Canada 
	　
	Possible COPD: Years ≥ 65 or older, always registereds COPD (never as asthmatics), appeared three times in the database and who field prescription for ipratropium bromide or beta2-agonist
	
	44.44%
	12081

	　
	　
	Probable COPD: all above plus internist or pulmonologist COPD diagnosis.
	
	80.49%
	1025

	Mapel et al. (2006)
	[11]
	Years ≥40.
Any patient with one or more claims records with COPD diagnosis (491, 492, 496).
Excluded: ICD-9140–208, 494, 405, 500–519, 173, 174, 185.
	PPV not applicable (sensitivity 60.5%, specificity 82.1%)
	18.54%
	17355

	United States 
	
	
	
	
	

	Dalal et al. (2012)
	[12]
	1. Years ≥40
2. Continuously enrolled
3. Received maintenance therapy: anticholinergic or fluticasone propionate/salmeterol combination within 1 month after an index event
COPD IDC-9 code: 491, 492 and 496
	(no validated algorithm)
	48.56%
	10823

	United States 
	
	
	
	
	

	　
	　
	
	
	
	

	　
	　
	
	
	
	

	Gini et al. (2013)
	[13]
	Hospital discharge records (ICD codes: 490–492; 494, 496); drug dispensation records (ATC code); general physician data (ICD code: 490–492, 494, 496).
	(no validated algorithm)
	32.25%
	32047

	Italy 
	　
	
	
	
	

	Macaulay et al. (2013)
	[14]
	COPD ICD-9 codes: 491, 492 or 496.
Results from at least one spirometer test
Reference standard: COPD diagnosis (using ICD-9 codes) and electronic health record results from at least one spirometry test.
	67.0%
	69.06%
	1678

	United States 
	
	
	
	
	

	　
	　
	
	
	
	

	Erdem (2014)
	[15]
	COPD: ICD-9 code, CPT-4 code or the HCPCS code.
	(no validated algorithm)
	32.25%
	32047

	United States 
	
	
	
	
	

	Raymakers et al. (2017)
	[16]
	years ≥50
1. Three or more prescriptions (anticholinergic or a short-acting beta agonist) in a 12-month period
Index date: the date of receipt of the first prescription
	(no validated algorithm)
	63.72%
	4494

	Canada 
	
	
	
	
	

	　
	　
	
	
	
	

	Turner et al. (2018)
	[17]
	years ≥40
1. ≥2 COPD diagnoses (ICD-9 CM codes 491, 492, 496),
2. ≥2 COPD-related procedures,
3. ≥3 Generic Product Identifier (COPD medication prescription fills) and
4. ≥2 Current Procedural Terminology codes for spirometry tests
	(no validated algorithm)
	36.58%
	55238

	United States 
	
	
	
	
	

	　
	　
	
	
	
	

	　
	　
	
	
	
	

	　
	　
	
	
	
	

	Cooke et al. (2011)
	[18]
	Years ≥40
1. FEV1/FVC < 0.70
2. FEV1/FVC < lower limits than normal.
	71.2%
	69.06%
	3103

	United States 
	
	3. 
	
	
	

	[bookmark: _Hlk215924236]Gershon et al. (2009)
	[19]
	Years > 35. ICD-9491, 492, 496; ICD-10 J41-J44.
	57.5%
	32.25%
	32047

	Canada 
	
	One hospitalization or One ambulatory care visit / three or more ambulatory care visits in a 2 year period.
	81.3%
	66.67%
	4296

	　
	　
	One hospitalization or One ambulatory care visit / three or more ambulatory care visits in a 3 year period.
	81.7%
	66.91%
	4385

	McGuire et al. (2017)
	[20]
	ICD-9 codes 491, 492, 493.2, 496, or ICD-10 codes J43 or J44 in hospital/outpatient physician visit data.
	(no validated algorithm)
	50.44%
	13027

	Canada 
	　
	
	
	
	


Note: PPV: positive predictive value. *: In the logistic regression classifier, the decision threshold was adjusted to achieve the target PPV.


Supplementary Table 4. PPV of different Algorithm 
	[bookmark: OLE_LINK84]Algorithm 
	Reviewed cases
	Confirmed COPD cases
	PPV

	1. Initial definition (ICD-10: J41-J44)
	400
	129
	32.25%

	Stratified by ICD-10 code

	J44 diagnosis from any healthcare settings
	207
	111
	53.62%

	J43 diagnosis without any J44 diagnosis
	18
	4
	22.22%

	J41 or J42 diagnosis without any J43 or J44 diagnosis
	175
	14
	8.00%

	[bookmark: OLE_LINK83]J44 stratified by healthcare settings

	J44 diagnosis from disease registry
	61
	55
	90.16%

	J44 diagnosis from hospital inpatient
	87
	74
	85.06%

	J44 diagnosis from hospital outpatient
	141
	94
	66.67%

	J44 diagnosis from primary care
	65
	41
	63.08%

	J44 combined with spirometry, medication use, symptoms, and chest CT findings

	J44 diagnoses from hospital outpatient or primary care with ≥3 COPD risk indicators 
	130
	114
	87.69%

	2. Final algorithm (multimodal)
	400
	353
	88.25%

	with post-bronchodilator spirometry
	39
	37
	94.87%

	  without post-bronchodilator spirometry
	361
	316
	87.53%


COPD indicates chronic obstructive pulmonary disease; PPV: positive predictive value. J41: simple and mucopurulent chronic bronchitis; J42: unspecified chronic bronchitis; J43: emphysema; J44: other chronic obstructive pulmonary disease)
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