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Suicidal ideation, suicide attempt, and death by suicide have far-reaching personal, societal, and economic impacts.1 Suicidal ideation, also referred to as suicidal thoughts, describes a broad array of behaviors including contemplating, wishing, or being otherwise preoccupied with death and suicide.2 Suicide attempt is a self-harming action with the intent to die, that results in survival.1 Suicide is death caused by injuring oneself with the intent to die.1 In 2020, 12.2 million people seriously thought about suicide, 3.2 million made a suicide plan, 1.2 million attempted suicide, and almost 46,000 died by suicide.3 Beyond the mental and emotional toll, the financial toll of suicide is estimated at nearly $490 billion in quality of life, value of statistical life, work loss costs, and medical costs.4 Effective suicide prevention and intervention strategies exist, however, identifying at-risk individuals remains challenging.5

Healthcare visits pose unique opportunities for both identifying individuals at-risk of suicide and implementing preventative measures. In the U.S., around half of people who died by suicide had a healthcare visit in the 30 days prior.6–8 Universal screening for suicide can be an effective tool to identify those at-risk.9,10 However, not all health systems have the time, money, training capacity, or specialized staff to successfully implement universal screening.11 To address this gap, researchers leveraged electronic health record (EHR) data to produce machine learning algorithms capable of predicting suicide risk.12

One such model, native to the Vanderbilt University Medical Center (VUMC), is the published and deployed Vanderbilt Suicide Attempt and Ideation Likelihood (VSAIL) model.13 VSAIL is a random forest machine learning model that predicts risk of suicide attempt and suicidal ideation.13,14 For every patient visit to VUMC, VSAIL generates a probability that the patient will have a suicide event (attempt or ideation) within 30 days post-visit.14 The generated probability is referred to as a VSAIL score. VSAIL uses a number of predictors, including: (1) demographic data (age, sex, race/ethnicity); (2) diagnostic codes mapped to Centers for Medicare and Medicaid Services Hierarchical Condition Categories; (3) past healthcare utilization (number of outpatient, inpatient, and emergency department visits in previous 5 years); (4) diagnostic codes relating to past suicide attempts; (5) body mass index; (6) socioeconomic status via Area Deprivation Index (Singh); and (7) medication data gathered using natural language processing (NLP) in clinical notes and grouped to the Anatomic Therapies Classification, level IV.13,14 Recently, VSAIL underwent a medical center-wide prospective validation for VUMC’s adult hospital.14 It was also validated in the behavioral health and emergency departments.14

The prospective validation found that “one model does not fit all.”14 VSAIL performed worse in behavioral health settings compared to other sites.14 Performance decrease could be due to the increased prevalence of mental health-related risk factors present in behavioral health, small cohort size within behavioral health with a rare outcome, and differences in care practices between medical settings.14 To address these challenges, Walsh et al. (2021) recommended the development and validation of site specific VSAIL models. In theory, site-aware training data would reflect patients frequenting those settings more accurately, leading to improved VSAIL performance and a decrease in health inequities for patients visiting these sites. A potential limitation, however, is that patient demographics within each site may not be equally distributed.

For example, transgender and gender diverse (TGD) people, those whose sex assigned at birth does not align with their gender15, are at increased risk of suicide events.16,17 They are also a historically underrepresented community18–20 with potentially small prevalence outside VUMC’s Clinic for Transgender Health. This means that, if we develop site aware VSAIL models, VSAIL may accurately predict risk of a suicide event for a TGD person when they visit the TGD clinic, but not when they visit behavioral health or the emergency department; because TGD prevalence in other clinics may be too small for VSAIL to recognize patterns. Additionally, a study investigating sex/gender slippage, postulated that VSAIL may lack the capability to recognize gender or TGD-related suicide patterns because gender is not one of the predictors.21 VSAIL does not use gender as an input because it lacks reliable documentation in the EHR.14 To promote health equity and ensure resources are not inadvertently diverted from patients in need, we propose that VSAIL be prospectively validated in a cohort of confirmed TGD patients. 






[bookmark: _Toc120803789][bookmark: _Toc120804045][bookmark: _Toc120833893]Specific Aims

The purpose of this work was to evaluate an existing suicide risk prediction tool in a cohort of verified transgender and gender diverse (TGD) patients. Ascertainment of TGD status at VUMC was last completed in 2019, leveraging data from VUMC’s homegrown EHR system, StarPanel. The patients were identified from medical records between 2001 and 2016 using ICD-9-CM diagnostic codes and keywords.22 This cohort cannot be leveraged for the proposed study because no information about the cohort can be found. Additionally, new methods, including sexual orientation and gender identity (SOGI) data collection efforts in eStar, have the potential to vastly improve ascertainment performance. 

To achieve our goal of evaluating VSAIL performance in a cohort of verified TGD patients, we must first understand current methodologies, identifiers, and procedures for ascertaining TGD status from EHRs then apply these methods at VUMC. Thus, we completed (1) the first, to our knowledge, systematic review of methods intended to identify TGD patients from EHR systems. Then, we (2) ascertained TGD status of patients using EHR data to compile a cohort of confirmed TGD patients. Finally, we leverage this cohort to (3) evaluate of the performance of VSAIL in this patient cohort.

Aim 1: A systematic review of methods to identify transgender patients in electronic health records. Following the 2020 PRISMA guidelines, we identified and screened studies for inclusion, then categorized, and catalogued background information, TGD identifiers and search strategies, verification methods, and performance metrics employed by each study. We analyzed study results based on identifiers, assessed risk of bias, cited limitations, identified literature gaps, and provided guidance for future work.

Aim 2: Ascertaining and verifying transgender status using novel identifiers in electronic health records. We identified potential TGD patients using ICD-10-CM diagnostic codes indicative of TGD status (F64, F64.0, F64.1, F64.2, F64.8, F64.9), self-reported gender, self-reported pronouns, Current Procedural Terminology (CPT) codes, referrals to the adult or pediatric TGD clinic, and discrepancies between documented gender and documented sex assigned at birth. Patients were identified in Clarity, then matched in the RD to report demographic descriptors and verify TGD status. We verified TGD status of identified patients by performing a manual review of patient notes that contained the words “transgender”, “non-binary”, “trans”, and “intersex”. We reported the performance metrics of the method and the demographics of the identified and verified cohort.

Aim 3: Prospective validation of a suicide event risk model in transgender patients. 
Using patients with documented TGD identity and those identified and verified in Aim 2, we evaluated VSAIL model discrimination performance via area under the receiving operating characteristic curve (AUROC), area under the precision-recall curve (AUPRC), sensitivity, specificity, positive predictive value, false positive rate, false negative rate, and number needed to screen. We evaluated calibration via Brier score, Spiegelhalter’s z-statistic and p-value, as well as the calibration slope and intercept. 

In this thesis, Chapter 1 described the systematic review for identifying TGD patients using EHR data. Chapter 2 detailed the development and validation of a novel algorithm to identify TGD patients using EHR data. Chapter 3 discussed the evaluation of VSAIL performance in the cohort of verified TGD patients. Finally, the conclusion discusses learnings from this work.
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A Systematic Review of Methods to Identify Transgender Patients in Electronic Medical Records
Robert A. Becker, Jhansi Kolli, Colin G. Walsh

[bookmark: _Toc120833895]Introduction
Transgender and gender diverse (TGD) people are those whose gender does not align with the sex assigned to them at birth.15 People whose gender does align with the sex assigned to them at birth are termed cisgender.23,24 While sex assigned at birth is typically determined by external genitalia, gender is an inner concept of self. Under the TGD umbrella are trans men (assigned female at birth and identify as men), trans women (assigned male at birth and identify as women), and non-binary people (those that do not subscribe to the idea of the gender binary).23,24

Over one million TGD people are estimated to live in the United States.25,26 Due to stigma and discrimination, TGD people experience numerous health and social inequities, including a disproportionate prevalence of HIV infection, lifetime suicide events, and severe psychological distress.16,17 These inequities are more pronounced for TGD people of racial and ethnic minority groups, living with disabilities, and/or struggling against economic marginalization.16 The TGD community also faces barriers to accessing care due to discrimination, lack of TGD-specific medical education, and lack of direct evidence for TGD health and gender-affirming care.16,27,28

To acquire the rich, diverse data necessary to redress health inequities faced by the TGD community, researchers must first identify this community. Four approaches to identify TGD people for research include population-based, health systems-based, clinic-based, and venue-based methods.29 This study focuses on health systems-based techniques due to the increase of electronic health record (EHR)-based methods to identify TGD patients. Advantages of using a health systems-based approach include ease of access to granular and longitudinal patient data, an available pool of patient-matched controls, and the ability to combine data across sites.29,30 Limitations of this method include potentially excluding TGD patients not interacting with healthcare, patients not seeking gender-affirming care, or those receiving gender-affirming care at non-affiliated medical center.29,30 EHRs may also be incomplete and fail to document health-influencing factors (i.e., experiencing discrimination, dietary intake, etc.).

Version two of the U.S. Core Data for Interoperability includes sexual orientation and gender identity as constituent data elements for interoperable health information exchange.31 While this means that the collection and storage of sexual orientation and gender are standardized, providers are not currently required to collect this information; thus, providers may rarely utilize this feature. Additionally, most EHR systems collect this gender via a one-step method, giving patients the following options: Male, Female, Transgender Male / Female-to-Male, Transgender Female / Male-to-Female, Non-binary, Other, Choose not to disclose. This method does not always ensure accurate distinctions between sex assigned at birth and gender are recorded.19 For example, someone assigned female at birth and identifies as a man may not choose Transgender Man because that does not match how they view themselves. 

Studies have leveraged several types of EHR data to identify TGD patients, including different combinations of ICD-9/10-CM diagnostic codes, Current Procedural Terminology (CPT) and ICD-10-PCS procedure codes, RxNorm and medication data, natural language processing of keywords/phrases, self-reported TGD status, discrepancies between sex assigned at birth and gender, and discrepancies between two or data types, among others. These methods, however, have not been systematically reviewed or evaluated. Hence, a gap exists in knowing what strategies work best, given the data types available in EHR systems.

To address this gap, we performed the first, to our knowledge, systematic review of EHR-based methods used to identify TGD patients. We sought to (1) outline previous methods developed using structured data, unstructured data, or a combination of the two; (2) report performance metrics of identified methods; (3) detail how TGD status was verified; (4) identify gaps and limitations; and (5) make recommendations for future work.

[bookmark: _Toc120803792][bookmark: _Toc120804048][bookmark: _Toc120833896]Methods
Information Sources and Search Strategy
We searched PubMed, Embase, Web of Science, and CINAHL. We last consulted each source on January 13, 2022. Filters used for PubMed and Embase included “Abstract,” “Human,” and “English.” Limits used for Web of Science included “English” and “Document Type = Articles or Review Articles.” Filters for CINAHL included “Peer-Reviewed,” “Abstract,” “English,” “Human,” and “Exclude MEDLINE records.” Search strategies for all data repositories are shown in Appendix Figure 1.

Eligibility Criteria
Peer-reviewed studies published in English before January 2022 that were performed on human subjects and included an abstract were eligible for initial inclusion. To be included after article screening, studies must have (1) had a goal to identify TGD individuals; (2) used a computationally based and scalable method; (3) utilized data available in EHRs; (4) validated that identified individuals were transgender; (5) provided a performance metric or other indication of method success; and (6) published a complete list of the identifiers used. We excluded studies using population-based, clinic-based, or venue-based recruitment methods. We also excluded studies that manually reviewed patient charts to identify TGD people (not as a validation strategy). In addition, we excluded studies that used previously published methods unless they modified, expanded, or validated the method.

Selection Process
We uploaded all identified studies into the collaboration-friendly, web-based review screening software Rayyan32 and deduplicated articles using native Rayyan features based on ISN, title, and author. The first two authors independently performed the title and abstract screening and the full-text review. We calculated the inter-rater reliability (IRR)33 via Cohen’s kappa (κ)34 after both the title and abstract screening and the full-text review. The Landis and Koch guidelines35 informed Cohen’s κ interpretation, where “substantial” agreement was deemed adequate. The third author determined study eligibility if the first two authors could not reach a consensus. Using Rayyan’s built-in “Reason” features, the first two authors added a reason for exclusion during the full-text review only. 

Data Collection Process
The first two authors independently reviewed and collected data items using REDCap electronic data capture tools hosted at Vanderbilt University.36,37 REDCap (Research Electronic Data Capture) is a secure, web-based software platform designed to support data capture for research studies, providing (1) an intuitive interface for validated data capture, (2) audit trails for tracking data manipulation and export procedures, (3) automated export procedures for seamless data downloads to common statistical packages, and (4) procedures for data integration and interoperability with external sources.38 If we needed confirmation or clarification from the study authors, the first author reached out via email or ResearchGate.

Data Items
We organized the data items into five sections: (1) Identifying and Contextual Information, (2) Study Purposes and Objectives, (3) Methods, (4) Results and Performance, and (5) Author-disclosed Limitations. Table 1-1 illustrates the data items collected under each category. The performance metric of interest, positive predictive value (PPV) is calculated by diving the number of true positive by the sum of the true positives and false positives. We chose this metric because it was the only performance metric that the majority of included studies provided, or provided the means to calculate. A full list of all identifiers used by each included study is available upon request by contacting the first author.

[bookmark: _Toc120831861]Table 1‑1: Data items extracted from included studies.
[image: ]
Study Risk of Bias Assessment
We did not identify an applicable framework to assess the risk of bias because we could not find a study design that described the methods of the reviewed studies. We based our risk of bias assessment methodology on guidelines from the National Health and Medical Research Council39. First, we discussed potential sources of bias. This list included: Use of a disease-specific cohort/data source, the method used to verify TGD status, funding/conflict of interest, the type of data used to identify potential TGD patients, how authors determined lists of data used as identifiers, reasons for excluding potentially TGD people during the verification method, and the number of confirmed TGD people in an identified cohort. 

We removed funding and conflict of interest because no consensus exists on how these should be addressed.39 We decided against including disease-specific cohort/data source because it relates to generalizability, not necessarily bias.39 Also, regarding generalizability over bias, we removed the type of data used to identify TGD patients.39 We eventually pulled reasons for excluding identified TGD people during the verification process because most exclusion criteria were for inconclusive data—a limitation of data sources that hampers generalizability but does not necessarily impart bias. We examined the following sources of bias in included studies: (1) The method used to verify TGD status; (2) the number of confirmed TGD people in an identified cohort; and (3) how authors determined what data to use as identifiers. The first two authors independently categorized each study in these three areas as having a low, moderate, high, or unknown risk of bias. We resolved disagreements through discussion.

[bookmark: _Toc120803793][bookmark: _Toc120804049][bookmark: _Toc120833897]Results
Study Selection
[bookmark: _Int_ZmPRY8Z5]The search yielded n=196 articles across all sources. We removed n=96 duplicates and excluded n=81 studies following the title and abstract screening. We retrieved all n=19 remaining articles. We excluded n=2 for not providing sufficient detail to reproduce the method, n=3 for not providing a performance metric or the ability to calculate one, n=1 for using a previously identified cohort, n=1 for not being TGD-specific, and n=1 for using a non-scalable method. We extracted data from the remaining n=11 studies. Figure 2-5 illustrates this flow. Cohen’s κ=0.98 following the title and abstract screening, indicating “almost perfect or perfect” agreement.35 Cohen’s κ=0.74 following the full-text review, indicating “substantial” agreement.35 

[image: ]
[bookmark: _Toc120831928]Figure 1‑1: Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flow diagram.
[bookmark: _Toc120831862]Table 1‑2: Study characteristics including author and year, study timeframe, data source, # patients tested and # verified TGD patients, # methods described, the type of data used, and the verification method
	Author
(Year)
	Study
Timeframe
	Data 
Source
	Sample Size /
# Verif. TGD
	# Methods
	Type of Data
	Verif. 
Method

	Alpert et al.
(2021)40
	2014-
2019
	CancerLinQ
	1.3m / 37
	3 S
	ICD-9/10 Dx†
ICD-9/10 Dx
Gender
	MR

	Blosnich et al.
(2018)41
	2000-
2016
	VA CDW
	- / 6,753
	1 S
	ICD-9/10 Dx†
	RB

	Chyten-Brennan et al. 
(2020)42
	1997-
2017
	CFAR
	18086 / 188
	7 (5 S, 2 B)
	ICD-9/10 Dx†
Gender†
Gender, Sex
Medication
Keywords*
	MR

	Ehrenfeld et al. 
(2019)22
	2001-
2016
	StarPanel
	- / -
	1 B
	ICD-9 Dx†
Keywords*
	MR

	Guo et al. 
(2021)43
	2012-
2019
	UF Health 
IDR
	300 or 100 / 
68 or 5
	8 (4S, 4B)
	Gender†
ICD-9/10 Dx†
ICD-10-PCS or CPT
Keywords*
	MR

	Proctor et al. 
(2016)44
	2013
	CMS 
CCW
	- / 3658
	1 S
	ICD-9 Dx†
	RB

	Quinn et al. 
(2017)30
	2006-
2014
	KPGA
KPNC
KPSC
	- / 6456
	3 (1S, 1U, 1B)
	ICD-9 Dx†
ICD-9 V-code,
KPGA code
Keywords*
	RB

	Rich et al. 
(2021)45
	1996-
2013
	HIV+ 
COAST 
Study 
Cohort
	528859 / -
	4 S
	ICD-9/10 Dx† 
Medication 
	CR

	Roblin et al. 
(2016)46
	2006-
2014
	KPGA
KPNC
KPSC
	813737 / 185
	3 (1S, 1U, 1B)
	ICD-9 Dx†
ICD-9 V-code,
KPGA code
Keywords*
	RB

	Wolfe et al. 
(2021)47
	2006-
2018
	VA CDW
	13m / 129
	2 S
	ICD-9/10 Dx†
ICD 9/10 Dx
Medication
Sex
	MR

	Xie et al. 
(2020)48
	2015-
2018
	KPSC
	300 / 141
	1 U
	Keyword*
Phrase*
ICD-9/10 Dx*†
	MR

	*Unstructured data
†Indicative of TGD identity may include the following:
ICD-9-CM: 302.3, 302.5, 302.50, 302.51, 302.52, 302.53, 302.6, 302.85
ICD-10-CM: F64, F64.0, F64.1, F64.2, F64.8, F64.9, F65.1, Z87.890
Gender: Trans Man, Trans Woman, Non-binary, Other
S: Structured, U: Unstructured, B: Structured & Unstructured
	VA CDW: Veterans Affairs Clinical Data Warehouse
CFAR: 
IDR: 
CMS CCW: 
KP: Kaiser Permanente
NC: Northern California
SC: Southern California



Study Characteristics
Table 1-2 outlines the study characteristics. Most studies were US-based (n=10), while one was in Canada. Data sources for studies included positive serostatus for HIV (n=2), a cancer registry (n=1), Medicare and Medicaid claims data (n=1), the Kaiser Permanente integrated managed care consortium (n=3), the U.S. Department of Veterans Affairs (n=2), and academic medical centers (n=2). Studies use varying strategies for verifying TGD status, including manual review (n=6), rule-based approaches (n=4), and clinician-reported TGD identity (n=1). 

We identified 34 unique methods to report. Of these methods, 22 used only structured data, 4 used only unstructured data, and n=8 used both structured and unstructured data. For methods using only structured data, n=8 used ICD-9/10-CM diagnostic codes indicative of TGD status (ICD-9/10 TGD Dx) only; n=6 used ICD-9/10 TGD and other structured data, and n=8 used structured data other than ICD-9/10 TGD Dx. Studies used varying strategies to verify TGD status, including manual review (n=6), rule-based systems (n=4), and clinician-reported TGD identity (n=1).

Performance by Data Used: ICD-9/10 TGD Dx Only (n=8)
Methods using ICD-9/10 TGD Dx had a PPV range of ~49% (40.4% to 89.3%). Excluding the lowest performing method dropped the range to ~15% (74.4% to 89.3%). Most methods (n=7) utilized ICD-9-CM and ICD-10-CM codes, while one used only ICD-9-CM codes. Rich et al. (2021)45 demonstrated that using more recent EHR data instead of all-time could improve performance. Identifying patients using the entire history of the EHR (Ri-1) achieved a PPV of 40.4% (26.7% to 55.7%), while using EHR data within the past year of the study yielded a PPV of 85.7% (42% to 99.4%).45 Table 1-3 outlines methods using these identifiers.

[bookmark: _Toc120831863]Table 1‑3: Performance metrics for methods that utilized only structured ICD-9/10 TGD Dx
	First Author
(Year)
	Method
Identifier
	Inclusion 
Criteria
	# Identified
	# Confirmed
	Performance

	
	
	
	
	
	Metric
	(%)

	Alpert et al.
(2021)40
	A-1
	1+ ICD-9/10 TGD Dx
	42
	32
	PPV
	76.2*

	Blosnich et al.
(2018)41
	B-1
	1+ ICD-9/10 TGD Dx
	7643
	6753
	PPV
	89.3*

	Chyten-Brennan et al.
(2020)42
	CB-1
	1+ ICD-9/10 TGD Dx
	31
	24
	PPV
	77.4

	Guo et al.
(2021)43
	G-6
	2+ ICD-9/10 TGD Dx
	Missing
	68
	PPV
	74.4

	Proctor et al.
(2016)44
	P-1
	1+ ICD-9 TGD Dx
	4098
	3658
	PPV
	89.26

	Rich et al.
(2021)45
	Ri-1
	1+ ICD-9/10 TGD Dx (ever)
	237
	Missing
	PPV
	40.4
(26.7, 55.7)

	
	Ri-2
	1+ ICD-9/10 TGD Dx (recent)
	46
	
	PPV
	85.7
(42, 99.4)

	Wolfe et al.
(2021)47
	W-1
	1+ ICD-9/10 TGD Dx
	9608
	124
	PPV
	83
(77, 89)

	*Indicates that we calculated the PPV based on values provided in study 




Performance by Data Used: ICD-9/10 TGD Dx & Other Structured Data (n=6)
Methods using ICD-9/10-CM codes TGD Dx combined with other structured data had a PPV range of ~70% (11.1% to 83.3%). Excluding the lowest-performing method, the range dropped to ~40% (43.2% to 83.3%). G-1 and G-2 demonstrated how the same method applied to different samples produces different results (54.5% vs. 11.1%, respectively).43 Ri-3 and Ri-4 indicated, like Ri-1 and Ri-2, that using more recent EHR data may improve performance.45 Older EHR data produced a PPV of 43.2% (28.7% to 58.9%) while more recent EHR data yielded a PPV of 83.3% (36.5% to 99.1%).45 Table 1-4 outlines methods using these identifiers. 

[bookmark: _Toc120831864]Table 1‑4: Performance metrics for methods that utilized ICD-9/10 TGD Dx and other forms of structured data
	First Author
(Year)
	Method
Identifier
	Inclusion 
Criteria
	# 
Identified
	# Confirmed
	Performance

	
	
	
	
	
	Metric
	(%)

	Guo et al.
(2021)43
	G-1
	(Gender = TM, TW, NB, Other) OR 
(2+ ICD-9/10 TGD Dx)
	Missing
	68
	PPV
	54.5

	
	G-2
	(Gender = TM, TW, NB, Other) OR 
(2+ ICD-9/10 TGD Dx)
	
	5
	PPV
	11.1

	Quinn et al.
(2017)30
	Q-1
	1+ ICD-9 Dx OR 
(ICD-9 V-code & KPGA code)
	1132
	612
	PPV
	54

	Rich et al.
(2021)45
	Ri-3
	1+ ICD-9/10 TGD Dx & 
1+ Medication (ever)
	188
	Missing
	PPV
	43.2 
(28.7, 58.9)

	
	Ri-4
	1+ ICD-9/10 TGD Dx† & 
1+ Medication (recent)
	110
	
	PPV
	83.3
(36.5, 99.1)

	Roblin et al.
(2016)46
	Ro-1
	1+ ICD-9 TGD Dx OR 
(ICD-9 V-code & KPGA code)
	25
	14
	PPV
	56
(35, 75)



Performance by Data Used: Unstructured Data (n=4)
Three methods, shown in Table 1-5, used only key terms to identify TGD patients. One (X-1) searched for keywords, phrases, or mentions of ICD-9/10 TGD Dx in clinical notes. The keyword-only methods had a PPV range of ~65% (26% to 91.7%), while X-1 achieved a PPV of 94.5%.48

[bookmark: _Toc120831865]Table 1‑5: Performance metrics for methods that utilized unstructured data only
	First Author
(Year)
	Method
Identifier
	Inclusion 
Criteria
	# 
Identified
	# Confirmed
	Performance

	
	
	
	
	
	Metric
	(%)

	Chyten-Brennan et al.
(2020)42
	CB-5
	1+ Keywords
	12
	11
	PPV
	91.7

	Quinn et al.
(2017)30
	Q-2
	1+ Keywords
	7272
	1876
	PPV
	26

	Roblin et al.
(2016)46
	Ro-2
	1+ Keywords
	137
	62
	PPV
	45 
(37, 54)

	Xie et al.
(2020)48
	X-1
	1+ Keyword OR 
1+ phrase OR 
1+  ICD-9/10 TGD Dx
	137
	141
	PPV
	94.5



Performance by Data Used: Non-ICD-9/10 TGD Dx Structured Data (n=8)
Using any structured data except for ICD-9/10 TGD Dx had a PPV range of 100% (0% to 100%). G-5 achieved a PPV of 100% by searching for patient-reported gender of trans man, trans woman, non-binary, or other.43 All other methods achieved a PPV lower than 63%, with several in the single digits. Table 1-6 outlines these methods and their PPVs. 
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	First Author
(Year)
	Method
Identifier
	Inclusion 
Criteria
	# 
Identified
	# Confirmed
	Performance

	
	
	
	
	
	Metric
	(%)

	Alpert et al.
(2021)40
	A-2
	Gender = M & 1+ ICD-9/10
	316
	2
	PPV
	2*

	
	A-3
	Gender = F & 1+ ICD-9/10
	199
	3
	PPV
	3*

	Chyten-Brennan et al.
(2020)42
	CB-2
	Gender = M & Medication
	15
	10
	PPV
	66.7

	
	CB-3
	Gender = F & Medication
	4
	0
	PPV
	0

	
	CB-4
	(Gender = M & Medication) OR 
(Gender = F & Medication)
	19
	10
	PPV
	52.6

	
	CB-6
	(TGD marker on HIV form) OR 
(Sex discrepency) OR 
(Sex/Gender discrepency)
	42
	26
	PPV
	61.9

	Guo et al.
(2021)43
	G-5
	Gender = TM, TW, NB, Other
	Missing
	68
	PPV
	100

	Wolfe et al.
(2021)47
	W-2
	1+ ICD-9/10 Dx & 
Medication
	4
	5
	PPV
	2 
(1, 11)

	
	
	1+ ICD-9/10 Dx & 
Medication
	3
	
	
	

	
	
	Medication & 
Change in Sex marker
	62
	
	
	

	
	
	Medication
	1092
	
	
	

	*Indicates that we calculated the PPV based on values provided in study




Performance by Data Used: Structured & Unstructured Data (n=8)
Methods that used both structured and unstructured data had the smallest PPV range of ~3.3% (96.7% to 100%). Only one study in this category reported sensitivity and specificity, so we could not draw comparisons.43 One study did not provide the PPV or give the values to calculate the PPV but stated a false positive rate of 3%.22 We believe this value is a false discovery rate (FP/(TP+FP)) because false positive rate requires the number of true negatives (FP/(FP+TN)), which was not calculable according to their study design.22 We could not confirm this with the authors.
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	First Author
(Year)
	Method
Identifier
	Inclusion 
Criteria
	# 
Identified
	# Confirmed
	Performance

	
	
	
	
	
	Metric
	(%)

	Chyten-Brennan et al.
(2020)42
	CB-7
	2+ conditions in CB-1-CB-6
	108
	107
	PPV
	99.1

	Ehrenfeld et al.
(2019)22
	E-1
	1+ Keyword & 
1+ ICD-9 TGD Dx
	234
	Missing
	FPR
	3

	Guo et al.
(2021)43
	G-3
	(Gender = TM, TW, NB, Other) OR 
(1+ ICD-9/10 TGD Dx & 
1+ Keywords)
	Missing
	68
	PPV
	98.4

	
	G-4
	(Gender = TM, TW, NB, Other) OR 
(1+ ICD-9/10 TGD Dx & 
1+ Keywords)
	
	5
	PPV
	1

	
	G-7
	2+ ICD-9/10 TGD Dx & 
(1+ ICD-10-PCS or CPT) &
1+ Keywords
	
	68
	PPV
	1

	
	G-8
	2+ ICD-9/10 TGD Dx & 
 1+ Keywords
	
	
	PPV
	96.7

	Quinn et al.
(2017)30
	Q-3
	[1+ ICD-9 TGD Dx or 
(ICD-9 V-code & KPGA code)] & 
1+ Keywords
	4053
	3968
	PPV
	98

	Roblin et al.
(2016)46
	Ro-3
	[1+ ICD-9 TGD Dx or 
(ICD-9 V-code & KPGA code)] & 
1+ Keywords
	109
	109
	PPV
	100
(96, 100)



Risk of Bias Assessment
Table 2-3 illustrates the results of the risk of bias assessment. For verification methods, we assigned low risk to patient- or clinician-reported gender as well as methods that utilized a manual review (or included manual review within the rule-based method) with at least two, independent reviewers. We assigned moderate risk for manual reviews with fewer than two abstractors and for rule-based systems that relied solely on structured data. 

For the number of confirmed TGD people, we assigned low risk to values above 100, moderate risk for values from 30 to 100, and high risk to values lower than 30. For identifier source, we assigned low risk to methods that involved providers or TGD patients and those whose literature search referenced studies that sought input from TGD patients and/or clinician experts in TGD care. We assigned moderate risk to studies that mentioned some type of literature review. We labeled studies with missing values as having an unknown risk of bias.
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	First Author
(Year)
	Verification Method
	Risk
	# Confirmed TGD people
	Risk
	Identifier Source
	Risk Level

	Alpert
(2021)40
	MR, 1 reviewer
	Moderate
	37
	Moderate
	Literature
	Moderate

	Blosnich
(2018)41
	RB, 1 reviewer
	Low
	6753
	Low
	Literature
	Moderate

	Chyten-Brennan
(2020)42
	MR, 1 reviewer
	Moderate
	178
	Low
	Literature & gender-affirming care providers
	Low

	Ehrenfeld
(2019)22
	MR, missing
	Unknown
	Missing (<234)
	Unknown
	Literature & self
	Low

	Guo
(2021)43
	MR, 2 reviewers
	Low
	68 → training set
 5 → testing set
	Moderate
	Literature
	Moderate

	
	
	
	
	High
	
	

	Proctor
(2016)44
	RB, no reviewers
	Moderate
	3658
	Low
	Literature
	Moderate

	Quinn
(2017)30
	RB, 2 reviewers
	Low
	6456
	Low
	Literature & Trans patient stakeholders
	Low

	Rich
(2021)45
	CR
	Low
	Missing, (<51)
	Unknown
	Literature
	Moderate

	Roblin
(2016)46
	RB, 5 reviewers
	Low
	185
	Low
	Literature & trans patient stakeholders
	Low

	Wolfe
(2021)47
	MR, 1 primary reviewer
	Moderate
	129
	Low
	Literature
	Moderate

	Xie
(2020)48
	MR, 1 primary reviewer, 1 secondary
	Moderate
	141
	Low
	Literature
	Low



Reported Demographics
There were three potential populations to report demographic information: (1) the data source; (2) the identified cohort of potential TGD patients; and (3) the cohort of identified and verified patients. For race and ethnicity, three studies22,30,44 provided race and ethnicity values for group 3, one study43 provided race and ethnicity values for groups 1 and 2, and one study42 provided race and ethnicity data for all three groups. Across all three groups, cohorts were minorly (~56%) to majorly (~75%) majority white. Chyten-Brennan et al. (2020)42 was the exception where the cohort was primarily non-Hispanic Black and Hispanic. 

For age, three22,30,44 provided age information for group 3, one study45 provided age information for group 1, one study43 provided age information for groups 1 and 2, and one study42 provided age information for all three groups. For geographic location, two studies30,44 provided location data for group 3, and one study45 provided location data for group 1.

Limitations Disclosed by Study Authors
Across 11 studies, authors disclosed 17 unique limitations. The most disclosed limitations were that: (1) gender in patient clinical notes could be misdocumented by providers (n=10); (2) ICD-9/10 TGD Dx may be stigmatizing, pathologizing, and may not be applicable for all TGD people (n=4); and (3) methods may not identify TGD people seeking gender-affirming care at other institutions (n=4). For methods using unstructured keywords, commonly disclosed limitations included that natural language processing techniques were not context-aware (n=4) and that some TGD patients might not be identified due to a lack of specific keywords (n=4). Some studies mentioned that patients might not feel comfortable coming out to their provider or not want their TGD identity documented (n=3). Similarly, (n=3) studies noted that verification methods relying on reading clinician notes can exclude TGD people if TGD identity is missing. Author-disclosed limitations for each study are shown in Appendix Table 3. 
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Summary of Findings
This systematic review analyzed 34 methods, across 11 different studies, for identifying TGD patients using data available in EHRs. Methods that utilized ICD-9/10 TGD Dx, recorded TGD gender, or a combination of structured and unstructured data had the highest PPVs. Authors used various data sources, including those living with HIV, a cancer registry, Medicare and Medicaid claims data, the Kaiser Permanente integrated managed care consortium, the U.S. Department of Veterans Affairs, and academic medical centers. TGD status verification methods utilized manual review, rule-based strategies, and clinician-reported TGD identity. Even with some shared characteristics, the identifiers used, identification methods, verification efforts, geographic locations served, and cohort populations provided a rich and diverse array for analysis and synthesis.

Identification & Verification Rely on the Definition of TGD
Identifiers and verification protocols are heavily reliant on definitions of TGD identity. Relying solely on medically coded indicators of gender nonconformance or gender-affirming care may not sufficiently identify all those within the TGD umbrella.49 By including TGD voices in the decision-making process, a wider variety of TGD journeys can be identified.30 This protects methods from inhereting previously encoded biases in medical literature. This also helps methods keep current with changing TGD terminology and clinical care procedures. Quinn et al. (2017)30 and Roblin et al. (2016)46 were the only studies that mentioned leveraging TGD patient stakeholder input. Chyten-Brennan et al. (2020)42 actively surveyed providers who specialized in TGD care. While Ehrenfeld et al. (2019) leveraged literature and their “own expertise.”22 All other studies based their identifiers and methods on prior, published research. The source of TGD identifiers is an important distinction because, as some studies mentioned in their limitations, terminology and diagnostic procedures for TGD care are ever-evolving. 

Risk of Biases and Limitations of TGD Identification
Baseline characteristics of the populations within data sources (e.g., race/ethnicity, insurance status, income, education level, location, number of TGD people, etc.) can introduce bias and limit the external generalizability of methods. Chyten-Brennan et al. (2020)42 found that identified but not verified patients were more likely to be Hispanic than confirmed TGD or confirmed not TGD patients. Additionally, 99.4% of confirmed TGD patients were assigned male at birth.42 Methods G-1 and G-2, from Guo et al. (2021), used the same identifiers on two different random samples (with 68 and 5 confirmed TGD people, respectively) and achieved PPVs of 54.5% and 11.1%, respectively43. This finding illustrates how small random samples can be skewed, leading to characteristically different sample characteristics and dissenting performance. These findings highlight the high risk of bias when a method is tested in a sample containing a small number of TGD people. 

In Wolfe et al. (2021), using endocrine disorder not otherwise specified (ENOS), in conjunction with specific hormones, to identify TGD patients did not perform well (PPV = 2%).47 However, the same method, applied to the Fenway Health system (unpublished, 2023), achieved PPVs around 89%. These results could indicate that ENOS was not the preferred reporting method at the VA but was for Fenway. Quinn et al. (2017) performed an external validation of methods piloted by Roblin et al. (2016). When comparing the performance of both studies using only keyword identifiers, Quinn et al. (2017) achieved a PPV of 26%, while Roblin et al. (2016) achieved a PPV of 45% using the same keywords.30,46 These instances highlight that location can heavily influence method performance and that a low-performing method at one institution may perform well in another.

External validation of methods is significant limitation for the included studies. Only one method was externally validated verbatim.30,46 Another study used indicators influenced by the externally validated study, but with significant expansion.43 Popular identifiers, like ICD-9/10 TG Dx, have been used in different data sources, but not systematically examined and are difficult to directly compare because not all studies used the same list.  

Risk of Bias and Limitations of Verification Methods
Methods to verify TGD status fell into three main categories: clinician-reported, manual review, or a rule-based system. While patient-reported TGD identity is the gold standard, patients cannot always update their gender in EHR systems without a clinician (thus, we refered to this as clinician-reported instead of patient-reported). Clinician- and patient-reported gender or TGD identity are considered low risk for bias. While documentation mistakes happen, the study that used clinician-reported identity45 did not mention any limitations. Of note, there may be limited ways for clinicians or patients to document their gender. EHR systems using a one-step method may not capture patient gender in a meaningful way.19 The reliability of clinician-reported TGD identity can depend on clinician familiarity and comfortability with TGD terminology and available documentation methods.

Most included studies utilized a manual review. Some performed chart reviews on a random sample of patients before applying their method; some reviewed all identified patients, and others reviewed a random sample from the identified patient pool. Like in a systematic review, having at least two independent reviewers significantly reduces the risk of bias in verifying TGD status. Some studies only reviewed clinical notes where or sentences containing keywords of interest. These methods cut down resource needs for performing a manual review, but only for those with access to clinical notes and if sufficiently diverse and effective keywords are used. 

Studies leveraged rule-based verification methods to ease the burden of manual chart review or when clinical notes were unavailable. However, rule-based systems relying solely on structured data must sometimes adopt narrow interpretations of TGD identity (e.g., verifying TGD status if a potential TGD patient has more than one ICD-9/10 TGD Dx). While this approach can improve specificity44, it risks alienating TGD people. Those at risk of alienation include people who do not seek gender-affirming care or seek it at other institutions; do not fit the diagnostic criteria for ICD-9/10 TGD Dx; have gender encoded in clinical notes, or are fearful of discrimination if an ICD-9/10 TGD Dx is listed in their EHR.

Limitations of Review
This systematic review has several limitations. Our initial inclusion criteria were that studies be peer-reviewed, published in English before January 2022, performed on human subjects, and include a published abstract. With these limitations, we would not capture studies published in other languages or studies without published abstracts—like concise research reports. There may be additional ways to identify TGD patients using EHR data. Because our inclusion criteria require a validation process, a performance metric, and a complete list of identifiers used, we would not capture those methods. 

As with all systematic reviews, we were limited by the volume and completeness of literature examining transgender identification methods. Due to the requirement for studies to utilize data in the EHR, we could only capture studies identifying TGD individuals who visited an academic medical center or a medical setting partnered with a research institution. 

We collected and evaluated our search terms based on guidance from clinicians familiar with TGD care, keywords from Guo et al. (2021)43, and the Vanderbilt University Library staff. We may not have included all relevant search terms and missed pertinent studies in the literature. We only reviewed citations that passed the full-text review. Additionally, we only examined studies that emphasized TGD people, not any study involving TGD people.

A significant limitation of the evaluation and analysis of these methods was the use of PPV as the sole indicator of performance. While this was the only performance metric able to be calculated due to the study design of most of the studies, a high PPV indicates that the method does not generate an increased number of false positives. Without data showing the number of TGD patients identified and the total number of TGD patients in the sample, it is impossible to gauge the effectiveness of a method. Thus, a method with a high PPV could indicate high specificity but cannot comment on sensitivity.

Implications for Practice, Policy, and Future Research
To our knowledge, we performed the first systematic review of its kind. The goal of this systematic review was to provide a resource for those looking to implement previous methods or create novel approaches to identify TGD individuals using EHR data. Development and implementation of validated identification algorithms could potentially help with data equity and close some health inequalities gaps.50 This study’s purpose was to outline previous methods, report their performance metrics, detail verification of TGD status, identify gaps and limitations, and make recommendations for future work. 

As of this review, gaps in the literature are (1) external validation of presented methods and verification procedures; (2) use of ICD-10-CM TGD Dx alone to identify TGD patients; and (3) a formalized chart abstraction process for identifying TGD patients in clinical notes (especially one informed by TGD patients and experts in TGD care). 

When possible, without jeopardizing patient privacy and anonymity, studies should report demographics for the overall sample, identified cohort, and verified cohort. This information would provide details on the generalizability of the method. Reporting the number of patients identified and the number of patients verified as TGD, non-TGD, and excluded would enable future reviews to compare methods more directly. Given the wide variety of TGD documentation practices, assessing and discussing clinician and institutional reporting preferences would also promote generalizability.

Due to the diversity of methods and data sources, it was impossible to recommend a single, specific, optimal strategy. However, a combination of structured and unstructured data relying on differing presentations of TGD status consistently performed better than structured or unstructured data alone. This finding was supported by other EHR phenotyping work.51–54 Ultimately, researchers should consider data source reporting practices, available data, and feasible verification methods for their team when deciding to perform an external validation of an existing method or develop a novel one. Additionally, we recommend consulting TGD patients and experts in TGD care for method refinement and testing. We would like to thank the studies’ authors for being available to answer questions and providing a rich and diverse set of methods to explore.
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Ascertaining & Verifying Transgender Status using Novel Identifiers in Electronic Health Records
Robert A. Becker, Allison B. McCoy, Colin G. Walsh

Introduction 
Transgender and gender diverse (TGD) people are those whose gender does not align with the sex assigned to them at birth.15 This term acts as an umbrella for many identities including trans men (assigned female at birth and identify as men), trans women (assigned male at birth and identify as women), and non-binary people (assigned any sex at birth and do not identify within the gender binary).23,24 People whose gender does align with their sex assigned at birth are referred to as cisgender.23,24 Due to discrimination and stigma, the TGD community faces numerous health inequities including increased prevalence of HIV, homelessness, and suicide.16,17,55 Despite over one million TGD people living in the US,25,26 this population is considered hard-to-reach.30 The primary modalities of TGD health studies have leveraged general population-based, health systems-based, clinic-based, and venue-based approaches.29 While all approaches have their strengths and limitations, interest in health systems-based approaches has been increasing.

TGD patients sometimes seek healthcare services for gender affirming care. While historically this has only been offered in LGBTQ+ or TGD-specific health clinics,30 larger medical centers are also performing these services. The electronic health record (EHR) of these institutions could provide the means to address health-based inequities and provide greater detail of the long-term health effects of gender affirming care.30 An issue with leveraging EHR data to create study cohorts of TGD patients, however, is that gender is often not meaningfully captured.19 This leaves researchers to identify TGD patients based on medical diagnostic codes (ICD-9/10-CM), procedure codes (current procedural terminology (CPT), ICD-10-PCS), medications (like hormones), and clinical notes, among other methods.

Using these methods to identify TGD people, however, comes with limitations and the potential to widen health inequities within the TGD community. Not all TGD people will seek gender affirming care, not all fit the diagnostic criteria for gender dysphoria or related diagnoses, not all will disclose their gender to their clinician,16,18,19 not all gender affirming care will be reported the same way due to insurance restrictions, and clinicians (depending on experience and education about TGD health) may misgender or fail to consistently document and update patient gender in clinical notes.22,43 It is important to ensure that multiple facets of TGD identities and journeys are represented in TGD research cohorts. 

Several studies have leveraged EHR data from various sources to identify TGD patients and verify their TGD status.22,30,40–48 These methods, however, relied heavily on ICD-9/10-CM codes related to TGD identity and clinical note keywords. Only one study included documented TGD gender, but the performance was mixed.43 No study done, to our knowledge, leveraged ICD-10-CM codes indicative of TGD status (ICD-10 TGD Dx: F64, F64.0, F64.1, F64.8, F64.9) or documented pronouns indicative of TGD gender (like they/them). We propose to develop and validate a novel method to identify TGD people at a large academic medical center in the mid-South using identifiers found in EHR data. Additionally, we sought to report more detailed results of identification methods and demographics of identified patients to facilitate comparisons between other methods and provide greater transparency.
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Data Source and Identifiers
We conducted this study at Vanderbilt University Medical Center (VUMC), a large academic medical center located in Nashville, TN. We obtained patient-level data from VUMC’s Clarity relational database. We matched patients with their chart in VUMC’s Research Derivative (RD).56 The RD provided patient demographics and provided clinical notes to use for TGD status verification. We analyzed patients of all ages between Nov 2, 2017, and February 26, 2022. We extracted patients if they met any of the criteria outlined in Table 2-1. This study was covered under IRB #151156 approved by the Institutional Review Board of Vanderbilt University Medical Center.

[bookmark: _Toc120831869]Table 2‑1: Criteria and identifiers used to extract patients from Clarity
	
	Identifier Type
	Identifier

	1a
	Self-reported Gender as
	“Transgender Male / Female-to-Male”, “Transgender Female / Male-to-Female”, “Non-binary”

	1b
	Self-reported Gender as
	“Other”, “Choose not to disclose”

	2
	Self-reported pronouns
	They/Them/Their

	3
	ICD-10 TGD Dx
	F64, F64.0, F64.1, F64.2, F64.8, F64.9

	4
	CPT
	See Appendix Table 4

	5
	Referral to TGD Clinic
	Adult or Pediatric (Appendix Table 4)

	6
	Sex at birth, Gender
	Sex at birth = “Male”, Gender = “Female”

	7
	Sex at birth, Gender
	Sex at birth = “Female”, Gender = “Male”



Verification of TGD Status
To verify that an identified patient was TGD, we implemented a rule-based verification system and manual review screening procedure. Self-reported gender is the gold standard for TGD patient identification. Because patients are unable to update their gender without visiting VUMC, and sometimes patient gender is misdocumented, we wanted to verify that our gold standard was accurate. Thus, a 10% simple random sample of patients meeting only criterion 1a and all patients meeting other criteria underwent a manual review of clinical notes. 

One reviewer abstracted all clinical notes that matched a regular expression which contained variations of the words: “transgender”, “trans”, “non-binary” and “intersex”. We considered a patient as verified TGD if there was an explicit statement of TGD status in (1) a patient message, (2) note from the Clinic for Transgender Health, (3) note from behavioral health, or (4) note from plastic surgery. Patients that were detransitioning, were intersex, or were cisgender were labelled as false positives. Patients without an explicit statement of TGD identity, who had inconclusive clinical notes, or whose only note was a referral to the Clinic for Transgender Health were labelled as unsure. Upon finding an explicit statement confirming TGD identity status among the 10% random sample of criterion 1a-identified patients, the other 90% were considered verified.



Specific Gender Ascertainment
When possible, we collected the specific gender of all verified TGD people. We used the documented gender of a patient (from Clarity) if they were identified by criterion 1a. Else, we relied on explicit mention of gender in reviewed clinical notes. If two notes, for the same patient, explicitly mentioned two different genders (e.g., one note said patient identified as non-binary while another said trans man), we used the most recent note. If several notes conflicted in a short timespan (<2 months), we labelled the gender as unknown. Pronouns documented in clinical notes (“patient goes by he/them pronouns”) and type of gender affirming care (“masculinizing chest surgery”, “patient started estrogen”) were not considered strong enough evidence for ascertainment of specific gender. 

Some genders (e.g., demiMale, demiFemale, bigender flux, etc.) were documented during this process. To protect patient anonymity and privacy, however, we grouped these with larger samples for reporting. Masculine-leaning genders were grouped with trans men; feminine-leaning genders were grouped with trans women; gender neutral, gender non-conforming, dual-gender identities, and those that did not fit the gender modality framework15 were grouped with non-binary individuals.

Ethical Considerations
Identifying TGD people comes with inherent risks. To protect identified individuals, we limited patient chart review to one reviewer and only extracted relevant protected health information from the RD; including patient unique identifier, ICD-10-CM diagnostic codes listed in Table 2-1, CPT codes listed in the Appendix Table 4, gender, sex, pronouns, race/ethnicity, age, and zip code. Data entry and storage was done via an encrypted and secure VUMC-owned server and machine. 

Data Analyses
We labeled identified patients as true positives (TP) if we could verify their TGD status. If we verified that they were not TGD, they were labeled false positives (FP). We labeled patients whose TGD status could not be determined as unknown; they were excluded from the performance metric calculations. Due to this study design, the only performance metric that can be calculated is positive predictive value (PPV). In this context, the PPV determines the probability that a person identified by the proposed method is TGD. PPV is calculated by dividing the number of true positives by the sum of the true and false positives: TP/(TP+FP). 
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Identification & Verification
Figure 2-1 shows the flow of the identification method as well as the number of patients involved at each step. The method identified 2528 patients in Clarity. We successfully identified 2523 of these patients in the RD. 811 patients were identified via criterion 1a. Of these, 10% (n=82) were manually reviewed along with patients who were identified via any other methods (n=1712). One reviewer abstracted clinical notes from 1794 patients. The reviewer excluded 349 patients for inconclusive clinical notes. Of the original 2523 patients identified and retrieved in the RD, 2174 were successfully verified. Of these, 2163 were TGD and 11 were either intersex, cisgender, or detransitioning.




[image: ]

[bookmark: _Toc120831929]Figure 2‑1: Identification & verification flowchart and number of patients involved

Identification by Method
Figure 2-2(a), (b), and (c) show the UpSet plots57 for the verified TGD patients, excluded patients, and verified not TGD patients, respectively. In Figure 2-2(b), GI = TM, TW, NB was removed because no patients were excluded from that method. In Figure 2-2(c), GI = TM, TW, NB; Woman & AMAB; Man & AFAB; and CPT were removed because all patients identified by these means were TGD. 

Figure 2-2(a) highlights that ICD-10 TGD Dx identified the highest number of verified TGD patients, both as a standalone identifier (n=544) and when combined with at least one other identifier (n=995). This means that around 71.2% of verified TGD patients in this cohort had at least one ICD-10 TGD Dx. Patients that self-reported a gender of trans man (TM), trans woman (TW), or non-binary (NB) comprised the second highest number of identified and verified TGD patients used alone (n=241) or in combination with at least one other method (n=570). Combined, around 45% of verified TGD patients in this cohort self-reported their gender as TM, TW, or NB. The most notable intersecting sets are ICD-10 TGD Dx and Gender = TM, TW, NB (n=278) as well as ICD-10 TGD Dx and CPT (n=197). Other methods, used alone, accounted for 159 patients that would not have been identified via ICD-10 TGD Dx, CPT, or gender as TM, TW, or NB.

Figure 2-2(b) illustrates identifiers from excluded patients (i.e., those whose TGD status could not be verified). As seen, ICD-10 TGD Dx, referral to the TGD clinic, Gender = Other or Choose not to disclose, and they/them pronouns were the most common identifiers among patients with insufficient chart details to validate TGD status. Figure 2-2(c) illustrates identifiers from patients who were verified as detransitioning, cisgender, or intersex. Only those with gender documented as other or choose not to disclose (criterion 1b); ICD-10 TGD Dx (criterion 3); referral to the TGD clinic (criterion 5); or those with they/them pronouns and gender listed as other or choose not to disclose (patients meeting both criteria 1b and 2) were verified as not TGD.

A feature of Figures 2-2(b) and (c) was that not all the excluded or verified not TGD patients, respectively, were shown. This is due to patients identified through Clarity with no discernable reason for why they were included as their only identifier was that their legal sex was female. All other identifiers were null. The reason for these errant inclusions is still under investigation.
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	AMAB: Assigned Male at Birth
AFAB: Assigned Female at Birth
Oth.: Other
	TM: Trans man
TW: Trans woman
NB: Non-binary


[bookmark: _Toc120831930]Figure 2‑2: UpSet57 plots for (a) verified TGD patients, (b) unverified patients, and (c) verified non-TGD patients

Performance
Table 2-2 lists the number of patients identified, number of unverified (i.e., excluded) patients, the number of verified TGD patients (TP), the number of verified non-TGD patients (FP) and the PPV for the overall method and each sub-method. PPV values are listed for the overall method (all criteria combined with “OR”), for patients meeting only the listed criterion, and for patients meeting a given criterion and any other criteria.

Overall, the method achieved a PPV of 99.49%, indicating that if a patient was identified using this method, there would be a 99.49% probability of that person being TGD. Patients meeting only one of the criterion had between 88.89% and 100% probability of being TGD. If a patient was identified by meeting one or more criterion, the probability of being TGD varied between 99.18% and 100%. Outside of method 1a (which is the gold standard), achieving 100% PPV only occurred in methods that identified under 100 people, with four of seven identifying 20 people or less. 

[bookmark: _Toc120831870]Table 2‑2: Performance of the overall method, each identifier, and different combinations of identifiers.
	Method
	# Identified
	# Unverified
	# TGD
	# Non-TGD
	PPV (%)

	Overall
	2523
	348
	2164
	11
	99.49

	
	Each Method Only
	

	1a only
	241
	0
	241
	0
	100

	1b only
	46
	28
	16
	2
	88.89

	2 only
	26
	14
	12
	0
	100

	3 only
	621
	74
	544
	3
	99.45

	4 only
	6
	1
	5
	0
	100

	5 only
	157
	70
	86
	1
	99.85

	6 only
	25
	5
	20
	0
	100

	7 only
	23
	3
	20
	0
	100

	
	Method Alone OR Method AND (1+ other Method(s))
	

	1a+
	811
	0
	811
	0
	100

	1b+
	218
	52
	162
	4
	97.59

	2+
	281
	36
	243
	2
	99.18

	3+
	1637
	95
	1539
	3
	99.81

	4+
	473
	7
	466
	0
	100

	5+
	338
	78
	259
	1
	99.62

	6+
	79
	7
	72
	0
	100

	7+
	55
	5
	50
	0
	100

	
	Selected Method Combinations
	

	1a ∩ 3
	507
	0
	507
	507
	100

	1a ∪ 3
	1941
	95
	1846
	3
	99.84



Leveraging multiple methods can impact method performance. As seen in the intersection between criterion 1a (gender = TM, TW, NB) and criterion 3 (ICD-10 TGD Dx), we achieve a PPV of 100% and identify 507 patients (23.4% of entire cohort). Using the union between the two methods, however, yields a PPV of 99.84% and identifies 1846 patients (85.3% of entire cohort). 

Study Population Characteristics
Table 2-3 gives demographic information of the identified cohort and the verified TGD cohort including race, ethnicity, age, and gender. Both cohorts were majority white and non-Hispanic/Latinx/o/a. Trans men were identified more often than trans women or non-binary people. There was not much a difference between median or mean ages of the two cohorts. 
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	Identified Cohort 
N (%)
	Verified TGD Cohort 
N (%)

	Race
	
	

	White
	1833 (73%)
	1623 (75%)

	Black
	182 (7%)
	153 (7%)

	Other*
	140 (5%)
	121 (6%)

	Unknown/Declined
	368 (15%)
	267 (12%)

	
	
	

	Ethnicity
	
	

	Non-Hispanic/Latinx
	1976 (78%)
	1751 (81%)

	Hispanic/Latinx
	86 (3%)
	68 (3%)

	Unknown
	461 (18%)
	345 (16%)

	
	
	

	Gender
	
	

	(Trans) Man
	1152 (46%)
	1152 (53%)

	(Trans) Woman
	709 (28%)
	709 (33%)

	Non-binary
	257 (10%)
	257 (12%)

	Unknown
	395 (16%)
	46 (2%)

	
	
	

	Age
	
	

	Median (STD)
	25 (11.46)
	26 (11.18)

	*Asian, Alaskan/Native American, Other, Declined, and 2 or more



Figure 3-2(a) illustrates locations of the verified TGD cohort by TN region and quantifies the number that live out-of-state. Figure 3.2(b) provides a reference map for the TN regions. Most verified TGD patients live in the Mid-Cumberland region (n=1338), which houses Nashville and is home to VUMC’s main campus. 
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[bookmark: _Toc120831931]Figure 2‑3: (a) Bar chart showing the number of verified TGD patients living in regions of TN and the number that list an out-of-state address. (b) reference illustration of the 9 regions of TN58
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This study developed and validated a novel method of identifying TGD patients using EHR-based data. Patients identified via the criteria had a 99.49% probability of being TGD. The novelty of this method is the use of documented pronouns which achieved a PPV of 100% (n=12) and utilized only ICD-10-CM diagnostic codes indicative of TGD status. Previous studies used structured ICD-9/10-CM diagnostic codes indicative of TGD status alone with PPVs ranging from 40.4% to 89.3%.40–43,45,47 Studies that used ICD-9/10-CM diagnostic codes indicative of TGD status with other identifiers—using AND/OR—achieved PPVs ranging from 11.1% to 100%.22,43,45 For comparison, using ICD-10-CM diagnostic codes alone achieved a PPV of 99.45% and combining using “OR” with other identifiers achieved a PPV of 99.81%. The use of more recent data,45 using only ICD-10-CM codes, and/or clinician billing preference in the Clinic for Transgender Health may account for this high performance. 

Leveraging the intersection of multiple methods to identify TGD patients can increase specificity at the cost of sensitivity. Meanwhile, leveraging the union between multiple methods can increase sensitivity at the cost of specificity. While sensitivity and specificity for the methods could not be calculated due to our cross-sectional study design, this principle can be seen in the intersection and union of methods 1a and 3. This finding is consistent with previous literature.43 Determining an optimal method for identifying TGD cohorts is difficult due to differences in clinician reporting preference, data availability, clinic specialty, and potential geographic differences in TGD populations. Researchers must (1) identify data available; (2) consider realistic verification steps; (3) identify resources available to them for consulting TGD patients and clinical experts; and (4) critically analyze whether sensitivity or specificity is more crucial to their study design.

The strengths of this study included cohort size, chart validation of all identified patients (except those that self-reported a TGD identity), and leveraging common data/structures found in Clarity. The implications of this work show the effectiveness of multiple strategies to identify TGD patients. It is among the first research, to our knowledge, that critically analzyed ICD-10-CM diagnostic codes and the use of coded they/them/their pronouns. Additionally, by exploring the effectiveness of these identifiers together and separately, we’ve shown that these procedures can be implemented in most EHR-based medical institutions. 

The study was not without limitations, however. Our method did not include the use of natural language processing to identify patients in clinical notes; which has been shown to increase sensitivity.43,48 We did not utilize a cohort study design which would have allowed us to report other performance metrics to gain a better understanding of how our method worked. Using the variables sex assigned at birth and gender come with caveats like incorrect selections and sex/gender slippage.21 There are also temporal limitations for TGD identity. Gender can be fluid, especially for younger groups. While we used the most recent data available to us for each patient, it is possible that some identified patients no longer identify as TGD. We likely underreported the number of TGD patients visiting VUMC because TGD people face many barriers to care16,20 which could impact whether someone discloses their identity. Additionally,  if a TGD patient did not seek gender-affirming care or visit behavioral health, our method would likely not identify them. This study was informed by conferring with clinical experts in TGD care and performing a systematic review of methods, however, we did not have guidance from TGD patients. Generalizability may be hampered because the study was performed at a single site with a predominantly white, non-Hispanic, young, and regionally homogenous cohort. As previous literature has suggested, methods developed on one population may not be as effective on other racial/ethnic or age groups.42 Finally, utilizing only one reviewer for manual chart verification of TGD status poses risk of bias. While the methods outlined the screening protocol, using two or more independent screeners would significantly reduce risk of bias. 

In conclusion, we developed a novel method to identify TGD patients using EHR data and validated every patient chart that was not considered a gold standard. While the number of TGD patients is likely underreported our method achieved a very high PPV (99.49%) with only 11 false positives. In future work, we would like to incorporate natural language processing in the method to extract potential identifiers from clinical notes—consulting TGD community members for appropriate identifiers. We would also like to perform a cohort study to assess other performance metrics of our method. Finally, we look to leverage this verified cohort of TGD patients to critically evaluate the health and healthcare utilization trends of TGD patients at our medical center. 
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Prospective Validation of a Suicide Event Risk Model in Transgender Patients
Robert A. Becker, Colin G. Walsh
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People whose sex assigned at birth and gender align are considered cisgender.23,24 Transgender and gender diverse (TGD) people are those whose gender does not align with the sex assigned to them at birth.15 These identities can include but are not limited to, trans men (assigned female at birth with a masculine gender), trans women (assigned male at birth with a feminine gender), and non-binary people (those whose gender identity is masculine and feminine or neither).23,24 Over one million transgender people live in the US.25,26 Transgender people, especially those of color, experience high rates of mistreatment, discrimination, and disparities.16,20 Compared to cisgender peers, transgender people are almost nine times more likely to have a lifetime suicide attempt,16 almost four times more likely to have lifetime suicidal ideation, and almost nine times more likely to participate in self-harming behaviors during their lifetime.17

Identifying individuals at risk for suicide events—meaning suicidal ideation or a suicide attempt—in time for preventative interventions is difficult. The published and deployed Vanderbilt Suicide Attempt and Ideation Likelihood (VSAIL) model used structured electronic health record (EHR) data to predict suicide event risk.13 VSAIL was previously validated in the general hospital population.14 The model uses demographics (age, sex, etc.), diagnostic codes, medication data, area deprivation index (Singh), and visit utilization as predictors to generate risk scores. These risk scores are probabilities of a suicide event occurring within thirty days and are calculated enterprise-wide, real-time at visit check-in for adult patients.14 Performance, however, varied across clinics. A conclusion from a previous validation study of VSAIL found that “one model does not fit all.”14

Without a reliable marker in the EHR, gender was not used as a demographic input for VSAIL.14 A recent report on sex/gender slippage discussed the possibility that by excluding gender as a predictor, VSAIL may not detect gendered and transgender suicide event patterns.21 If VSAIL does not recognize TGD patterns of suicide behaviors, implementing the model could divert patients from needed resources. To assess model performance in the TGD community, we prospectively validated VSAIL using a cohort of verified TGD patients. 
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Data Source
We performed the work in the Vanderbilt University Medical Center’s Research Derivative (RD),56 a fully identified data repository. A cohort of patients with verified TGD status was compiled in previous work explained in Chapter 2. We extracted all visits accompanied by VSAIL scores from verified TGD patients for performance evaluation. Additional details about the implementation of VSAIL and the determination of suicide events can be found in Walsh et al. (2021)14. 

Inclusion/Exclusion
Based on previous work,14 we extracted whether a suicide event occurred between four and thirty days post-visit. We chose four days post-visit to ensure the score was generated before an event; in case the event was not entered into the patient chart on the day it occurred. The thirty-day limit is based on a previous validation study of VSAIL.14 Additionally, we excluded visits if they did not occur at least four months after the patient’s first-ever visit to VUMC. This limitation ensures VSAIL had adequate data to make a prediction.14

Evaluation
To measure the discriminability of VSAIL, we calculated the area under the receiver operating characteristic curve (AUROC), the area under the precision-recall curve (AUPRC), sensitivity, specificity, positive predictive value (PPV), false positive rate (FPR), false negative rate (FNR), and risk concentration. Table 3-1 outlines each performance metric, their equation, and an interpretation based on the context of this study. After an initial assessment at a score threshold based on the F1-score’s, the harmonic mean between PPV and sensitivity, absolute maximum, we reported the same metrics at a score threshold where FPR = FNR. We assessed calibration using the Brier score (a score of 0 indicates perfect calibration), Spiegelhalter’s z-test (p > 0.05 indicates good calibration),59 as well as the calibration plot’s intercept and slope. To demonstrate feasibility, we calculated the number needed to screen (NNS), the reciprocal of PPV.

[bookmark: _Toc120831872]Table 3‑1: Evaluated performance metrics, the equation used to calculate it, and a study-specific interpretation of the result of each metric
	Metric
	Equation
	Probability that…

	PPV/Precision
	TP/(TP+FP)
	If a visit is labeled a case, a suicide event will occur

	NPV
	TN/(TN+FN)
	If a visit is labeled a non-case, a suicide event will not occur

	FNR
	FN/(TP+FN)
	A visit is labeled a non-case when a suicide event will occur

	FPR
	FP/(TP+TN)
	A visit is labeled a case when a suicide event will not occur

	Sensitivity/Recall
	TP/(TP+FN)
	A visit is labeled a case, given that a suicide event will occur

	Specificity
	TN/(TN+FP)
	A visit is labeled a non-case when a suicide event will not occur

	NNS
	1/PPV
	The number of visits before a visit is labeled a case, and a suicide event will occur

	TP = True Positive, FP = False Positive, TN = True Negative, FN = False Negative
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VSAIL Predictions
Figure 3-1 illustrates the data workflow for this project. Approximately 65% of the verified TGD cohort in the RD had a valid VSAIL score. Of this group, ~4.8% of TGD patients had at least one visit to VUMC followed by a suicide event, and 99.8% of TGD patients did not. Of note, these percentages do not sum to 100% because a person with multiple visits can have some visits followed by a suicide event (called cases) and some visits not (called non-cases). For visits, we found 439 unique case visits and 17,939 unique non-case visits. The difference in the number of cases and non-cases (i.e., significant class imbalance) is common in suicide prediction studies.13,14,60–63 The oldest VSAIL timestamp was from February 2021, while the newest was from October 2022.
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[bookmark: _Toc120831932]Figure 3‑1: Workflow for the number of patients in the final cohort and number of case and non-case visits.

Demographics
Most patients with case visits and those without were White. Trans women accounted for a larger proportion of the patients with case visits, while trans men accounted for most patients without a case visit. Both sets skewed younger, with median ages of 26 and 28 for patients with and without case visits, respectively. To protect patient privacy, we censored the counts for some less well-represented groups. The temporal length of the EHR was calculated by visit, not by patient. Case visits had a longer median and mean temporal length (8.5 and 11 years, respectively) compared to non-case visits’ median and mean EHR length (4.8 and 8.2 years, respectively). Table 3-2 outlines the demographics.

[bookmark: _Toc120831873]Table 3‑2: Demographics of patients with and without case visits
	
	Case (n=68)
N (%)
	Non-case (n=1402)
N (%)

	Race

	White
	56 (82.4%)
	1099 (78.4%)

	Black
	<10 (<14%)
	102 (7.3%)

	Non-White/Non-Black*
	<10 (<14%)
	78 (5.6%)

	Unknown/Declined
	<10 (<14%)
	123 (8.8%)

	Gender

	Trans Man
	< 30 (<44%)
	702 (50.1%)

	Trans Woman
	31 (45.6%)
	514 (36.7%)

	Non-binary
	< 30 (<44%)
	169 (12.1%)

	Unknown
	0 (0%)
	17 (1.1%)

	Age (y)

	Median (SD), Mean
	26 (8.6), 27
	28 (10.9), 30.5

	Length of EHR† (y)

	Median (SD), Mean
	8.5 (9), 11
	4.8 (7.8), 8.2

	*Includes Native Alaskan/Native American, Asian, Other, and two or more
†Calculated by visit, not by patient



Model Performance and Calibration
Figure 3-2(a) and (b) depict the Receiving Operator Characteristic (ROC) and Precision-Recall (PR) curves, respectively, as well as the area under each curve. VSAIL achieved an AUROC of 0.777 and an AUPRC of 0.115 for suicide events when tested in the TGD cohort. For comparison to the general hospital population, VSAIL achieved a PPV of 0.836 (0.836, 0.837) for suicidal ideation and a PPV of 0.797 (0.796, 0.798) for suicide attempts.14
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[bookmark: _Toc120831933]Figure 3‑2(a) and (b): ROC and PR Curves, respectively, and their respective areas
VSAIL was poorly calibrated for the TGD cohort. It achieved a Brier score of 0.023 (0 is perfect), a Spiegelhalter’s z-statistic and p-value of 31.9 and <0.001, respectively (>0.05 is considered well-calibrated), as well as a calibration slope of 0.574, and intercept of -0.442. For comparison, VSAIL was initially miscalibrated in the general hospital population (z=-3.1, p-value = 0.001) but was recalibrated using logistic recalibration (z=1.1, p-value = 0.26).14 

Model Performance by Risk Bin
Figure 3-3 depicts risk concentrations by outcome for two different binning schemes. Figure 3-3(a) binned risk so the highest risk group was above a threshold of 3.44%. We determined this threshold by the absolute maximum of VSAIL’s F1-score. Figure 3-3(b) binned risk so the highest risk group was above a threshold of 0.59%. We determined this threshold by finding a balance between the false negative and false positive rates. As seen in Figure 3-3(a), the highest concentration of risk occurs in bin 3, with a range of (0.0059-0.0259). In Figure 3-3(b), we see the highest concentration of risk was after the 0.59% threshold.
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	*Values above each bar are the Number Needed to Screen (NNS)


[bookmark: _Toc120831934]Figure 3‑3(a) and (b): Risk concentration by outcome via threshold = 3.44% and 0.59%, respectivdely
Table 3-3 outlines model performance based on the two binning schemes. VSAIL achieved maximum PPVs during the validation in the general hospital population of 0.1% for the lowest risk bin and 4.3% for the highest risk bin.14 In the TGD cohort, the lowest risk bins achieved a PPV of 0.6%, while the highest achieved was 19.3% and 6.1% for the 3.44% risk threshold and 0.59% risk threshold, respectively. Higher PPVs indicate lower NNS values. The NNS values for the lowest (167) and highest risk bins for the 3.44% and 0.59% risk thresholds (6 and 17, respectively) were lower than those achieved in the general hospital population.14 The false negative rate for the second-lowest risk bin in the TGD cohort was 10.3%, significantly higher than the 0.008% and 0.02% (without and with universal screening, respectively) achieved by VSAIL in the general hospital population.14 

[bookmark: _Toc120831874]Table 3‑3: Model performance by risk bin.
	Bin
	Range
	Bin size
	# cases
	PPV (%)
	NNS
	FNR (%)
	FPR (%)

	Highest risk bin at 3.44% risk threshold

	1
	(-.001-.0001]
	7507
	45
	0.6
	167
	10.25
	58.4

	2
	(.0001-.0032]
	3533
	47
	1.33
	76
	20.96
	38.97

	3
	(.0032 -.0092]
	3664
	78
	2.13
	47
	38.72
	18.98

	4
	(.0092-.0344]
	3156
	169
	5.35
	19
	77.22
	2.33

	5
	(.0344-.133]
	518
	100
	19.31
	6
	-
	-

	Highest risk bin at 0.59% risk threshold

	1
	(-.001-.0001]
	7507
	45
	0.6
	167
	10.25
	58.4

	2
	(.0001-.0059]
	5620
	74
	1.32
	76
	27.11
	27.49

	3
	(.0059-.133]
	5251
	320
	6.09
	17
	-
	-

	PPV: Positive Predictive Value/Precision
NNS: Number Needed to Screen
FNR: False Negative Rate
FPR: False Positive Rate
	Sens.: Sensitivity/Recall
Spec.: Specificity
NPV: Negative Predictive Value



Using the 3.44% risk threshold, VSAIL achieved a negative predictive value of 98.1%, sensitivity of 22.8%, and specificity of 97.6%. Using the 0.59% risk threshold, VSAIL achieved a negative predictive value of 99%, a sensitivity of 72.9%, and a specificity of 72.5%. Between the two binning schemes, using a risk threshold of 0.59% negatively impacted model performance in positive predictive value (-13.2%), specificity (-25.5%), false positive rate (+25.2%), and number needed to screen (+11). Using the 0.59% risk threshold, however, positively impacted model performance in false negative rate (-50.1%), sensitivity (+50.1%), and negative predictive value (+1%). These differences are illustrated in Figure 3-4. 
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[bookmark: _Toc120831935]Figure 3‑4: Change in performance between highest risk bins from 3.44% to 0.59%
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This project prospectively validated a published and deployed suicide risk prediction model in TGD patients. We found that VSAIL was not calibrated for the TGD cohort and that performance differed between the general hospital population and the TGD cohort. Initially, we found a risk score threshold through the absolute maximum F1 score. During performance analysis, however, the false negative rate was significantly higher than reported in the general hospital population. Following this discovery, we identified a new risk threshold where the false negative and false positive rates were equal. This shift negatively affected performance in some metrics while improving others.

Model calibration is essential for clinical predictive models as good calibration ensures that model predictions accurately reflect outcome prevalence.64 The miscalibration for VSAIL in the TGD cohort was expected because, when validated in the general hospital population, VSAIL was also initially miscalibrated.14 A recalibration of VSAIL may improve performance but could be limited by the number of case visits available.64

In a suicide risk prediction model, not all performance metrics matter equally. Examining Table 3-1, metrics important for cost and feasibility include PPV, FPR, NPV, and NNS. This is because poor performance from these metrics would primarily result in resources given to patients who did not need them. FNR is indicative of patient safety because, with poor performance, patients who need resources may not receive them (i.e., a patient who will have a suicide event is not flagged). Sensitivity and specificity provide a larger picture of model performance. Poor sensitivity implies that the model is not correctly labeling cases, while poor specificity suggests the model is not properly labeling non-cases.

From an implementation and feasibility standpoint, VSAIL performed well in the TGD population at both the 3.44% and 0.59% risk threshold. In the highest risk bins, VSAIL would correctly label a visit followed by a suicide event every 6 and 17 visits for the 3.44% and 0.59% thresholds, respectively. The NNS is 167 visits for the lowest risk bin, which is still considered feasible.14 NPV was very high across the board, owing to the significant class imbalance. In the high-risk bin for a 3.44% threshold, specificity (97.7%), PPV (19.3%), and sensitivity (22.8%) were sufficiently high to be considered cost-effective, if patients whose visit was labeled a case received active follow-up and treatment intervention.65 In summary, VSAIL performed well from a feasibility standpoint because higher-scoring visits are more likely to be followed by a suicide event. 

From a patient safety standpoint, VSAIL did not perform well in the TGD population at either risk threshold. In the second-lowest risk bin, 10.3% of visits followed by a suicide event were labeled as non-cases. This value increased to 77.2% and 27.1% for the high-risk bins (3.44% and 0.59% risk thresholds, respectively). Even though it would be slightly safer for patients if the 0.59% risk threshold were used, it did not meet the cost-effectiveness criteria. VSAIL did not perform well from a patient safety standpoint because visits with low scores were also likely to be followed by a suicide event.

The strengths of this study include that actual patient predictions and outcomes were retrieved from a published, deployed, and validated suicide risk prediction model. Additionally, TGD patients in the cohort were verified as TGD. The study does have limitations, however. The TGD cohort is likely underreported both in gender and suicide events. This is because the TGD status ascertainment and suicide event outcome labels rely solely on structured data. Additionally, if a suicide event occurs and a patient goes to a medical center outside VUMC, we would not capture that information. 

Future considerations for this work include attempting to recalibrate VSAIL in the TGD cohort to see if performance metrics improve. Also, gathering insights from clinician experts in TGD care and TGD patients on suicide risk prediction in the context of the TGD community could provide guidance and direction for integration efforts or additional VSAIL predictors. Overall, VSAIL performed well from a feasibility and cost-effective standpoint but not from a patient safety standpoint. While the model was miscalibrated, and recalibration may improve performance, other methods, including model updating, may be considered. 
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In chapter 1, we outlined the need to evaluate VSAIL, a validated and deployed suicide risk prediction tool, in the TGD community. In chapter 2, we discussed the rationale, methods, and results for a systematic review of methods identifying TGD patients via EHR data. In chapter 3, we described the development and validation of a novel algorithm that identified TGD patients in EHR data using structured data, then verified TGD status through manual chart review. And in chapter 4, we evaluated the performance of VSAIL in the newly ascertained cohort of TGD patients from chapter 3.

Findings from the systematic review showed that using structured and unstructured data together produced the most consistent performance across studies. Using structured data alone, especially ICD-9/10-CM and documented TGD gender, produced reliable results. Combining knowledge gained from the systematic review with some novel identifiers, we successfully identified and verified 2163 TGD patients, achieving a PPV of 99.49% across all identifiers. Leveraging this verified cohort, we evaluated performance of VSAIL. We identified 1404 TGD patients with valid VSAIL scores with 439 visits preceding and 17,939 visits not preceding a suicide event within 30 days. We found that VSAIL performed well by feasibility and cost-effectiveness standards but had too high of a false negative rate to be considered safe for TGD patients. 

This thesis contributed to scientific literature in several ways. First, by producing the first, to our knowledge, systematic review of methods used to identify TGD people using EHR data. Second, by developing and validating a novel method to identify TGD patients using only structured data. Finally, by producing the first, to our knowledge, evaluation of an EHR-based suicide risk prediction model in TGD patients. This thesis also contributed to research efforts at Vanderbilt University Medical Center. First by ascertaining TGD status of patients at VUMC which can support future health inequities and TGD health-related research. And second by illustrating that VSAIL may need recalibrated or updated to achieve a sufficiently reduced false negative rate when predicting risk of suicide event in TGD patient visits.

Future work will expand the novel method for ascertaining patient TGD status by developing and implementing a natural language processing algorithm for clinical notes and will leverage this cohort to describe healthcare utilization and overall health of the TGD population at VUMC. On the VSAIL side, additional studies are needed to examine the feasibility and impact of recalibrating and/or updating the model to improve the false negative rate deficit without sacrificing feasibility or cost-effectiveness. 
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Appendix Table 1: Author-disclosed conflicts of interest and funding sources
	First Author
(Year)
	Conflict
	Funding

	Alpert
(2021)40
	AstraZeneca, Tempus, Concerto HealthAI, Genentech, Pfizer, Amgen, Lilly, Merck, Bristol-Myers Squibb, Novartis, Janssen Oncology, Abbvie, InfiniteMD, NeuHope, i-Mab, Clovis, Oncology, Regenaron, Tesaro, Merck Sharp & Dohme, Kaiza Therapeutics

	Blosnich
(2018)41
	No competing interests
	Career Development Award (CDA 14-408) from Department of Veterans Affairs, Health Service Research & Development to JRB

	Chyten-Brennan
(2020)42
	No competing interests
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	Ehrenfeld
(2019)22
	No competing interests
	National Institute on Minority Health and Health Disparities (NIMHD) Grant Number U54MD008173

	Guo
(2021)43
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	IH grantsUL1TR001427, 1R01CA246418, R21CA245858,U18DP006512,and PCORI grant ME-2018C3-14754

	Proctor
(2016)44
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	Quinn
(2017)30
	No competing interests
	Contract AD-12-11-4532 from the Patient Centered Outcome Research Institute and by the Grant R21HD076387 from the Eunice Kennedy Shriver National Institute of Child Health and Human Development

	Rich
(2021)45
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	Canadian Institutes of Health Research, through an Operation Grant (grant number 130419), a Foundation Award to RSH (grant number 143342) and a Doctoral Research Award to AJR (grant number 152382) and support from the British Columbia Centre for Excellence in HIV/AIDS. The DTP receives funding from the provincial government of British Columbia (PharmaCare)

	Roblin
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	Missing
	Contract AD-12-11-4532 from the Patient Centered Outcome Research Institute and by the Grant R21HD076387 from the Eunice Kennedy Shriver National Institute of Child Health and Human Development

	Wolfe
(2021)47
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	Health Services Research and Development Service of the Office of Research and Development, US Department of Veterans Affairs, under grant IIR 17-238 (“Understanding Hormone Therapy Care Received by Transgender Veterans in VHA”; Principal Investigator, G.K.J.). J.R.B. was supported by a Career Development Award (CDA 14-408) from the Health Services Research and Development Service, Office of Research and Development, US Department of Veterans Affairs

	Xie
(2020)48
	Missing
	Kaiser Permanente Direct Community Benefit Funds
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Appendix Table 2: Identification method number specifics & performance by included study
	First Author
(Year)
	Sample Size
	Identifier
	# Identified
	# Abstracted
	# Confirmed
	Verif. 
Method
	Performance

	
	
	
	
	
	
	
	Metric
	(%)

	Alpert
(2021)40
	1.3m
	A-1
	42
	32
	MR
	PPV
	76.2*

	
	
	A-2
	316
	100
	2
	
	PPV
	2*

	
	
	A-3
	199
	100
	3
	
	PPV
	3*

	Blosnich
(2018)41
	Missing
	B-1
	7643
	7643
	6753
	RB
	PPV
	89.3*

	Chyten-Brennan
(2020)42
	18086
	CB-1
	31
	24
	MR
	PPV
	77.4

	
	
	CB-2
	15
	10
	
	PPV
	66.7

	
	
	CB-3
	4
	0
	
	PPV
	0

	
	
	CB-4
	19
	10
	
	PPV
	52.6

	
	
	CB-5
	12
	11
	
	PPV
	91.7

	
	
	CB-6
	42
	26
	
	PPV
	61.9

	
	
	CB-7
	108
	107
	
	PPV
	99.1

	Ehrenfeld
(2019)22
	Missing
	E-1
	234
	Missing
	MR
	FPR
	3

	Guo
(2021)43
	300
	G-1
	Missing
	300
	68
	MR
	PPV
	54.5

	
	100
	G-2
	
	100
	5
	
	PPV
	11.1

	
	300
	G-3
	
	300
	68
	
	PPV
	98.4

	
	100
	G-4
	
	100
	5
	
	PPV
	1

	
	300
	G-5
	
	300
	68
	
	PPV
	1

	
	
	G-6
	
	
	
	
	PPV
	74.4

	
	
	G-7
	
	
	
	
	PPV
	1

	
	
	G-8
	
	
	
	
	PPV
	96.7

	Proctor
(2016)44
	Missing
	P-1
	4098
	3658
	RB
	PPV
	89.26

	Quinn
(2017)30
	Missing
	Q-1
	1132
	612
	RB
	PPV
	54

	
	
	Q-2
	7272
	1876
	
	PPV
	26

	
	
	Q-3
	4053
	3968
	
	PPV
	98

	Rich
(2021)45
	528,859
	Ri-1
	237
	Missing
	Missing
	CR
	PPV
	40.4
(26.7, 55.7)

	
	
	Ri-2
	46
	
	
	
	PPV
	85.7
(42, 99.4)

	
	
	Ri-3
	188
	
	
	
	PPV
	43.2 
(28.7, 58.9)

	
	
	Ri-4
	110
	
	
	
	PPV
	83.3
(36.5, 99.1)

	Roblin
(2016)46
	813,737
	Ro-1
	25
	14
	RB
	PPV
	56
(35, 75)

	
	
	Ro-2
	137
	62
	
	PPV
	45 
(37, 54)

	
	
	Ro-3
	109
	109
	
	PPV
	100
(96, 100)

	Wolfe
(2021)47
	13m
	W-1
	9608
	149
	124
	MR
	PPV
	83
(77, 89)

	
	
	W-2
	4
	85
	5
	
	PPV
	2 
(1, 11)

	
	
	
	3
	
	
	
	
	

	
	
	
	62
	
	
	
	
	

	
	
	
	1092
	
	
	
	
	

	Xie
(2020)48
	300
	X-1
	137
	300
	141
	MR
	PPV
	94.5
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Appendix Table 3: Author-disclosed Limitations by included study
	
	Alpert
	Blosnich
	Chyten-Brennan
	Ehrenfeld
	Guo
	Proctor
	Quinn
	Rich
	Roblin
	Wolfe
	Xie

	Diagnosis may be stigmatizing or pathologizing and may not be used for all TGD patients
	X
	X
	
	
	
	X
	
	
	
	X
	

	TGD people not out to clinicians/ Don't want TGD documented
	X
	
	
	X
	
	
	
	
	
	X
	

	Charts not reflective of true gender (misdocumentenation by provider)
	X
	X
	X
	X
	X
	X
	X
	X
	
	X
	X

	Only confirmed what was possible. Some excluded may have been TGD
	X
	X
	X
	
	
	
	
	
	
	
	

	Not true sensitivity/specificity b/c lacked gold standard
	
	X
	
	
	
	
	
	
	
	
	

	Single site
	
	
	X
	
	
	
	
	
	
	
	

	No gender affirming procedures
	
	
	X
	
	
	
	
	
	
	
	

	Keywords without context
	
	
	
	X
	X
	
	X
	
	X
	
	

	Only some keywords
	
	
	
	X
	X
	
	X
	
	X
	
	

	Regular refinement required
	
	
	
	X
	X
	
	
	
	
	
	X

	Method does not exclusively apply to TGD people (intersex)
	
	
	
	
	
	X
	
	
	
	
	

	Sex/gender slippage
	
	
	
	
	
	
	X
	
	
	
	

	May not identify TGD people seeking gender affirmation care elsewhere
	
	
	
	
	
	
	X
	X
	
	X
	X

	Only identify TGD people seeking care/having access to care/motivated to seek care
	
	
	
	
	
	
	
	X
	
	
	

	Only had gold standard for some of the cohort / Couldn't validate entire cohort
	
	
	
	
	
	
	
	X
	
	
	X

	Algorithm may perform differently in other populations (algorithm developed on HIV+ may work differently on HIV-)
	
	
	
	
	
	
	
	X
	
	
	

	Clinician reporting / documenting may differ from site to site
	
	
	
	
	
	
	
	
	
	
	X
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Appendix Table 4: CPT codes used as identifiers for TGD patients in Clarity
	CPT Code
	Procedure

	57295
	REVISION VAGINAL GRAFT    

	19325
	ENLARGE BREAST WITH IMPLANT      

	53430
	RECONSTRUC FEMALE URETHRA        

	54125
	REMOVAL PENIS,TOTAL         

	54520
	REMOVAL TESTIS,SIMPLE      

	54660
	INSERT TESTICULAR PROSTHESIS        

	54690
	LAP,ORCHIECTOMY 

	55175
	REVISION OF SCROTUM,SIMPLE         

	55180
	REVISION OF SCROTUM,COMPLICATED           

	55866
	LAP,PROSTATECTOMY,RADICAL,W/NERVE SPARE,INCL ROBOTIC          

	55970
	SEX TRANSFORMATION, M TO F         

	55980
	SEX TRANSFORMATION, F TO M         

	56625
	COMPLETE SIMPLE REMV VULVA       

	56800
	PLASTIC REPAIR INTROITUS  

	56805
	REPAIR CLITORIS       

	57106
	REMOVE VAGINA WALL, PARTIAL      

	57110
	COMPLETE REMOVAL OF VAGINA WALL         

	57292
	CONSTRUCT ARTIFIC VAGINA W GRAFT           

	57335
	REVISE VAGINA FOR INTERSEC STATE

	58150
	TOTAL ABDOM HYSTERECTOMY         

	58180
	SUPRACERV ABD HYSTERECTOMY      

	58260
	VAGINAL HYSTERECTOMY,UTERUS 250 GMS/<            

	58262
	VAG HYST,RMV TUBE/OVARY              

	58290
	VAG HYST,UTERUS >250 GMS              

	58291
	VAG HYST,UTERUS >250 GMS,REM TUBE/OVARY       

	58550
	LAP,VAG HYST,UTERUS 250GMS/<    

	58552
	LAP,VAG HYST,UTERUS 250GMS/<,SALP-OOPH           

	58553
	LAP,VAG HYST,UTERUS >250GMS      

	58554
	LAP,VAG HYST,UTERUS >250GMS,SALP-OOPH             

	58720
	REMOVAL OF OVARY/TUBE(S)            

	19303
	MASTECTOMY, SIMPLE, COMPLETE  

	57296
	REVISION VAGINAL GRAFT, ABD APPROACH 

	58541
	LAP, SUPRACERVIAL HYSTERECTOMY, <250G

	58542
	LAP, SUPRACERVIAL HYSTERECTOMY W/ TUBE&OV, <250G    

	58544
	LAP, SUPRACERVIAL HYSTERECTOMY W/ TUBE&OV, >250G    

	58570
	LAPAROSCOPY W TOT HYSTERECT UTERUS 250 GRAM OR LESS             

	58571
	LAPAROSCOPY W TOT HYSTERECTUTERUS <=250 GRAM  W TUBE/OVARY        

	58572
	LAPAROSCOPY TOTAL HYSTERECTOMY UTERUS > 250 GRAM 

	58573
	LAPAROSCOPY TOT HYSTERECTOMY UTERUS >250 GRAM W TUBE/OVARY      

	57426
	REVISION PROSTHETIC VAGINAL GRAFT LAPAROSCOPIC          

	REF404
	REFERRAL TO TRANSGENDER CLINIC            

	REF800
	REFERRAL TO PEDIATRIC TRANSGENDER    
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