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a b s t r a c t 

Real world data (RWD) is increasingly used to investigate health outcomes and treatment efficacy in the field of 

integrative medicine. Due to the fact that the majority of RWDs are not intended for research, their secondary 

use in research necessitates complex study designs to account for bias and confounding. To conduct a robust 

analysis of RWD in integrative medicine, a comprehensive study design process that reflects the characteristics of 

integrative therapies is necessary. In this paper, we present a guide for designing comparative effectiveness RWE 

research in integrative medicine. We discuss key factors to consider when selecting RWDs for research on integra- 

tive medicine. We provide practical steps for developing a research question, formulating the PICOT objectives 

(population, intervention, comparator, outcome, and time horizon), and selecting and defining covariates with 

a summary table. Specific study designs are depicted with corresponding diagrams. Finally, data analysis proce- 

dures are introduced. We hope this article clarifies the importance of RWE research design and related processes 

in order to improve the rigor of RWD studies in the field of integrative medicine research. 
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. Introduction 

In the field of integrative medicine, real world data (RWD) is increas-

ngly used as a source to investigate health outcomes and treatment ef-

ectiveness. 1-3 The area of integrative medicine encompasses a form of

edical practice that integrates conventional healthcare with comple-

entary and alternative medicine, 4 , 5 with a focus on the integration

f evidence-based methods 6 to enhance overall well-being across phys-

cal, mental, and spiritual dimensions. 7 RWD in integrative medicine

efers to data collected as part of routine healthcare processes of such

ractice, e.g., administrative claims, electronic health records, and dis-

ase registries, that have exposure to integrative therapies and clini-

al outcomes. 2 , 8 Frequently employed RWD in integrative medicine re-

earch include national health insurance claims data from Korea, 2 , 9 , 10 

aiwan, 3 , 11 , 12 and Japan, 13-15 where integrative medicine is practiced

n various formats. Application of principled database epidemiology to

WD can synthesize real world evidence (RWE) and help make decisions

n healthcare policy. 16 

RWDs can provide timely and practice-based information includ-

ng long-term outcomes in areas in which primary data collection may

ot be feasible or cost-effective through conventional randomized con-

rolled trials (RCTs). For rare conditions which leaves little feasibility of

onducting RCTs, RWD and RWE plays a pivotal role in understanding

he disease progress and to support regulatory decisions. 17 In integra-
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ive medicine, RWD enables collection of data from integrative medicine

roviders with limited ability to engage in research. Previous studies

n integrative medicine based on RWD provide information on health-

are utilization, 18-20 comparative effectiveness, 21 and long-term follow

p. 22-24 

As most RWDs are not designed for research, their secondary use in

esearch necessitates complex study designs to account for bias and con-

ounding. Previous literature illustrates various study designs of RWE

esearch, including the most commonly used designs such as cohort de-

ign, nested case-control design, and self-controlled case series. 25 , 26 Still

ersisting quality gaps and suspected overestimation of treatment effects

n RWD studies have been attributed to variability in research question,

tudy design, parameters, and analyses. 27 , 28 Appropriate research ques-

ion, corresponding study design that avoids biases, rigorous statistical

nalysis, the quality of the data, and the fit and validity of the mod-

ls are some examples of the factors that influence the quality of the

vidence produced from RWD studies. 29 , 30 

To capture the complexity of epidemiological methods and study de-

igns, the United States Agency for Healthcare Research and Quality

ublished a detailed user’s guide on developing a protocol for observa-

ional comparative effective research. 25 Furthermore, to ensure that the

ecessary components of study designs are reflected in the study and

roperly reported, templates for planning and reporting RWE research

uch as RECORD-PE, 31 STaRT-RWE, 32 and HARPER, 33 and guides for
cal Foundation, Seoul, Korea. 
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p  
raphical depiction of longitudinal study designs 34 were developed. A

ecent review assessed the use of the above template in RWE studies

nd found low utilization of such templates, 35 implying a need for im-

rovement of robustness of RWE studies. The observed phenomenon is

ot an exception within the field of integrative medicine, in which the

tilization of real-world data (RWD) is increasing in research investi-

ations. The use of these templates and instructions has the potential

o enhance the reproducibility of research findings and promote more

ffective communication between researchers and decision makers. 

In order to conduct a robust analysis of RWD in integrative medicine,

 thorough process of study design reflecting the characteristics of inte-

rative therapies and the relationships between interventions and out-

omesare required. For example, the initiation date of treatment (often

nown as index date in observational studies), 36 the number of acupunc-

ure sessions, 37 as well as exposure of acupuncture prior to disease di-

gnosis 38 are some of the factors which influence the study design and,

ltimately, the results of the analysis. If acupuncture is practiced as an

djuvant treatment to conventional treatment regimen, possible differ-

nces in the characteristics of treatment and control groups have to be

ddressed in the study design. With little or no effort to address the

bove issues in RWE research in integrative medicine, possibly due to

he relatively small number of studies, issues remain to be resolved. 

In this paper, we present a practical guide for designing a RWE re-

earch in integrative medicine focusing on comparative effectiveness,

ith examples study designs using administrative data and medical

ecords. Based on the previously reported guidelines on RWE stud-

es, 31-34 we provide steps with graphical examples for designing an

WD-based study using the example of breast cancer. 

. Real-World Database (RWDs) in integrative medicine research 

A prerequisite of study design involves selection of the source

atabase, 31-33 from which all variables are defined. Based on the avail-

ble variables in the database, operational definitions are built for each

omponent of the study design to provide a clear and measurable cri-

eria that researchers can apply to the database. The importance and

etails of operational definitions by databases, e.g., diagnosis codes,

reatment codes, and hospitalization codes are also found in previous

iterature. 39-42 

Sources of RWD include claims database 9 , 11 , 13-15 and electronic

ealth records which are collected during routine clinical practice. 8 , 26 

n overview of RWDs with information on integrative therapies is pro-

ided in previous studies, 1 , 2 , 8 including the types of RWDs and their

ccessibility. Major advantage of RWDs such as health insurance claims

ata is that it is readily available and allow observation across a long-

erm period. However, the following issues should be discussed thor-

ughly among the researchers prior to and during conducting the study.

First, the information included in the database may vary by

roviders. The database from the two agencies in Korea, National Health

nsurance Service (NHIS) 9 and Health Insurance Reassessment Agency

HIRA), 43 cover Korean population, with slight differences in the vari-

bles. Both databases contain patient’s diagnosis, medical procedures,

reatments, and cost; however, death records and income are only avail-

ble in the NHIS database. On the other hand, HIRA provides full records

f prescribed medications, while NHIS in the recent years provide lim-

ted information on brand name and exact dosage of prescribed medi-

ations. 

Furthermore, information regarding integrative medicine included

n the claims database is likely to be different by countries. One pre-

ious study comparing the healthcare utilization between Taiwan and

orea using health insurance claims data 19 showed that the utilization

f traditional medicine in Taiwan is focused in herbal formulae, while

tilization of traditional medicine in Korea is focused on acupuncture

nd moxibustion. Utilization of integrative therapies not covered by the

ational health insurance, i.e., herbal decoction in Korea, remain un-

nown in the administrative claims database. 
2 
Lastly, incomplete or inaccurate details of integrative therapy pro-

edures are often found in RWDs such as administrative claims data

nd medical records. For example, detailed information on acupuncture

reatment such as the number of needles used, exact location, duration

f acupuncture treatment, and patient compliance are likely to be miss-

ng in the claims database and, in some cases of medical records as well.

ack of reported outcomes such as level of pain or discomfort is another

arrier. Furthermore, inaccurate coding is often found in RWDs which

imits its usability. 

Nonetheless, administrative claims data and EHRs are valuable

ources, and it is important to carefully consider the limitations of data

ource to ensure the validity and reliability of the results. 

. Practical guide to RWE research in integrative medicine 

.1. Develop a research question 

As with clinical trials, the first step of conducting an RWE research

nvolves developing a research question. The importance of a causal

uestion in an observational study has been emphasized for more than

 decade, 29 and integrative medicine should not be an exception. An

ppropriately designed causal question should allow an RCT design, in-

luding a randomizable intervention. 30 Randomizable intervention in

ntegrative medicine include, but are not limited to, acupuncture, herbal

edicine, and manual therapies, the goal of which may be pain control,

ymptom management, prevention of pathological events, and survival.

bjectives and the main measure must align to a theoretical RCT de-

igned to address the identical research question, i.e., a target trial. 44 

The following is an example of a simple research question: "is postop-

rative acupuncture effective in the prevention of lymphedema among breast

ancer patients?" 

.2. The PICOT objectives and covariates 

Once the causal question is defined, the primary and secondary PI-

OT objectives (population, intervention, comparator, outcome, and

ime horizon) 32 as well as the main measure of effect must be defined to

eflect the research question. The PICOT framework helps ensure that

he research question is specific, focused and feasible. PICOT objectives

n an RWD study can be defined as follows: 

1 Population: The target patient population is defined in terms of age,

gender, disease, underlying health conditions, past history, and rel-

evant clinical criteria. If the measure of effect is considered to be

different by subgroups, this is also taken into consideration in the

population definition and in the study design. 

2 Interventions: The intervention of interest is defined by a specific

drug, device, diagnostic test, or procedure. 

3 Comparison: The alternative of the intervention is specified. 

4 Outcome: The outcome and endpoints of interest is specified. 

5 Time window: The time frame of washout period, exposure, and out-

come assessment or follow up period is specified. 

The rationale and context behind the study design should be con-

eyed through operational definitions of PICOT objectives to increase

recision of the model and minimize potential bias. Similar to clinical

rial designs, specific measures for each objective must be provided, but

ll criteria must be found within the source data. Codes for each disease,

ntervention, medication, and outcome during a prespecified period are

sed to define PICO objectives from RWD. 

Reporting guidelines such as STaRT-RWE and HARPER recommends

roviding a table per each of the operational definitions (32, 33). This

rticle provides a summary of each objectives with examples based on

he research question drafted in the previous section ( Table 1 ). 

.2.1. Time horizon 

The first step of PICOT framework in an RWD study is defining the

rimary and secondary time anchors. Similar to clinical trials where re-
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Table 1 

Summary of exposure (treatment), outcome, and covariates. 

Diagnosis ICD-10-CM code and definition Diagnostic definition 

Inclusion criteria 

Breast cancer surgery Mastectomy, lumpectomy, axillary dissections Record of surgery in 01/01/2011 - 12/31/2013 

[cohort entry date or Day 0] 

Breast cancer C50 Initial diagnosis during the 180-day period before 

cohort entry [ − 180, − 1] 

Exclusion criteria 

Cancer C50 Diagnosis during the 10-year period prior to cohort 

entry [ − 3650, − 181] 

C00 - C26, C30 - C34, C37 - C41, C43, C45 - C49, C51 

- C58, C60 - C85, C88, C90 - C97 

Diagnosis during the 10-year period prior to cohort 

entry date [ − 3650, -1] 

Surgeries (Intervention codes from the source data) Breast cancer-related surgery (mastectomy, 

lumpectomy, axillary dissection) during one year 

before diagnosis of breast cancer [-3650, -1] 

Lymphedema I89.0, I97.2 Diagnosis prior to cohort entry date [-3650, -1] 

Death Reports of death before follow up window [0, +180] 

Exposure 

Acupuncture (Intervention codes from the source data) A minimum of 5 sessions of outpatient acupuncture 

treatment during the 180-day period after Day 0 [+1, 

+180] 

Baseline covariates 

Neoadjuvant therapies 

Neoadjuvant radiotherapy (Intervention codes from the source data) Radiotherapies between breast cancer diagnosis and 

cohort entry date [-180, -1] 

Neoadjuvant chemotherapy (Intervention codes from the source data) 

(Prescription codes from the source data) 

Chemotherapies between breast cancer diagnosis and 

cohort entry date [-180, -1] 

Comorbid conditions within one-year period 

before cohort entry 

One year prior to breast cancer surgery [-365, -1] 

Diabetes mellitus (both with and without 

complications) 

E10, E11, E12, E13, E14 

Chronic back pain M51, M53, M54 

Osteoarthritis M15, M16, M17, M18, M19 

Rheumatoid M05, M06 

Osteoporosis M80, M81, M82 

Hyperlipidemia E78 

Hypertension I10, I11, I12, I13, I15 

Cardiovascular diseases I05, I06, I07, I08, I09, I20, I21, I22, I23, I24, I25, I26, I27, I30, I31, I32, I33, I34, I35, I36, I37, I38, I39, I40, I41, 

I42, I43, I44, I45, I46, I47, I48, I49, I50, I51, I52 

Renal failure N17, N18, N19 

Chronic liver diseases K72, K73, K74, K75, K76, K77 

Cerebrovascular disease I60, I61, I62, I63, I64, I65, I66, I67, I68, I69 

Anemia D50, D51, D52, D53, D55, D56, D57, D58, D59, D60, D61, D62, D63, D64 

Demographic variables On the day of surgery [Day 0] 

Age group < 35, 35–44, 45–54, 55–64, 65–74, 75–84, ≥ 85 

Sex 

Type of insurance NHIS, Medical Aid Classified based on annual health premiums 

proportional to household incomes 

Outcome 

Lymphedema I89.0, I97.2 Followed up for 4 years [+181, +1460] 

All-cause mortality Followed up for 4 years[+181, +1460] 
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earchers determine the duration of the treatment period and follow

p period to maximize treatment effects and efficiently observe treat-

ent effectiveness, the observation period in a retrospective RWD-based

tudy must be carefully defined. A description is provided for each ele-

ent of the time horizon that will be illustrated in the following section

ith figures. 

Cohort entry date or “day 0 ” is the primary time anchor that de-

nes the study population, i.e., initial diagnosis or beginning of treat-

ent depending on the study. Assessment windows for inclusion and

xclusion criteria, baseline characteristics, and/or follow ups are de-

ned from the cohort entry date. For example, the date of the first sur-

ical removal of tumor can be defined as “day 0 ” or cohort entry date

o address the research question above. The inclusion criteria of “ini-

ial breast cancer diagnosis prior to surgery within 180 days or less, ” is

efined based on “day 0. ” The exclusion criteria of “no history of diag-

osis of other types of cancer before cohort entry in the past 5 years, ”

nd “no history of lymphedema during the 5-year period prior to co-

ort entry date ” are also defined based on “day 0, ” creating a washout
indow. c  

3 
Depending on the study design, multiple primary time anchors are

ossible. In an RWD study in integrative medicine, the exposure win-

ow of integrative therapies may be defined from the definition of base

ohort entry date or “day 0 ” using separate anchors. In the example

bove, “a minimum of five acupuncture treatments within 180-day pe-

iod after the cohort entry date ” can be used as an exposure window,

ith possible variations depending on the researcher’s objectives such

s “a series of five consecutive acupuncture treatments with a maximum

f two-weeks interval between treatments after the cohort entry date,

hich starts within 30 days after the surgery. ”

Follow up window often starts from “day 0 ” until the time of cen-

oring date, although the starting point depends on the existence of a

eparate exposure window. The censoring date is the day of which the

arliest of the following occurs: outcome of interest, dropout from the

ohort, or death. To avoid immortal time bias, the exposure or treat-

ent window must be met prior to counting the outcomes in the follow

p window. 

Covariate windows should be created for baseline characteristics, ac-

ounting for the time period during which each covariates are measured.
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emographics such as age, gender, insurance type, and income are of-

en measured on the day of the cohort entry date or “day 0 ” in a cohort

esign. For a nested case-control design, demographics can be measured

n the day of the event date. Other covariates may require a longer pe-

iod to measure. For certain covariates, measurements throughout all

vailable time prior to the cohort entry date might be required, e.g.,

istory of cancer. For others, measurements within a predefined period

f time may be required, e.g., neoadjuvant chemotherapy after breast

ancer diagnosis and prior to surgery. 

.2.2. Population 

Detailed and specific operational definitions of population ensure ho-

ogeneity of the cohort and less bias. This encompasses demographic

haracteristics such as age, gender, underlying health conditions, and

ast history and exposures, and relevant clinical criteria, considered

hroughout sufficient length of time period. It is crucial to ascertain that

he selected data source provides sufficient information pertaining to the

opulation of interest. 

In clinical trials, the study population comprises patients who satisfy

he predetermined eligibility criteria; the target population comprises

atients to whom the conclusions of the study will be applicable, and

he study sample population comprises individuals who are currently

nlisted as participants in the trials. 45 Recent studies showed that the

arget population and the study population can be identified for poten-

ial clinical trials 46 , 47 and to emulate pragmatic clinical trials 48 using

WDs. Using a large health care database, target population and study

opulation can be defined in an effective and efficient approach. 

In the given example concerning breast cancer patients, specification

f the inclusion criteria such as neoadjuvant and adjuvant chemother-

py, chemotherapy regimen, and radiotherapy have implications about

he patient’s condition. Hospital admission types may imply differences

n the disease severity: for instance, stroke patients admitted through

n outpatient ward might imply lighter symptoms and unimpaired cog-

itive symptoms, compared to those admitted through an emergency

ard. 21 Similarly, time interval between disease onset and treatment

ay require additional attention. In the context of breast cancer, the

hoice to forego surgery as the primary treatment in favor of neoadju-

ant chemotherapy and radiotherapy could suggest an advanced stage

f the tumor. 

.2.3. Complementary and integrative therapies as intervention 

Operational definition for integrative therapies requires careful con-

ideration during the design of RWD study to convey the intended mean-

ng. Pharmaceutical interventions categorize codes by therapeutic effect

nd route of administration, and health interventions categorize codes

y the target, action, and means. In integrative medicine, however, pro-

essionals and decision-makers have yet to reach consensus on the clas-

ification of interventions. Due to these issues and administrative limita-

ions, it is possible the disease codes and intervention codes contained in

he claims record may not completely describe the medical encounter.

n current RWDs containing data on integrative therapies, differences in

he identifiers and descriptions between sources are expected. 

First issue that needs to be discussed is the intervention’s scope and

omparability. Generalized terms such as "integrative medicine," "tradi-

ional medicine," or "complementary and alternative medicine" encom-

asses a vast array of therapies. The types of therapies covered by health

nsurance vary by country, and as a result the RWDs of each country in-

lude different details. Importantly, the relationship between integrative

herapies and target disease should be clear to address the association. 

Second, integrative therapy such as acupuncture refers to a general

rocedure, i.e., the application of acupuncture needles to treat various

ymptoms. The details involved in treating specific symptoms, e.g., the

ombination of various acupoints, locations, and needling techniques,

ay not be specified in the intervention codes. Furthermore, the same

odes may be used throughout diverse symptoms, and patient data with
4 
ultiple symptoms may not allow identification of the target symptom

hat acupuncture was addressing. 

To address these issues, operational definitions of treatment episodes

ay require multiple levels to increase specificity and precision. De-

ending on the research question, the definition can be specified

y using medical institutional codes (clinics/hospitals/nursing hospi-

als/public medical centers), type of admission (inpatient/outpatient),

r the main disease code for which the intervention was prescribed. Co-

ccurrence of other treatments may need to be assessed. Consulting a

linical expert in the field is crucial to build an operational definition

hat can also be interpreted into clinical practices. 

The duration and frequency of the treatment must also be consid-

red when defining a treatment episode in a RWD study of integrative

edicine. Most integrative therapies are continuous, in contrast to surg-

ries or other one-off treatments; in addition, interval between treat-

ents vary by patients and providers, in contrast to medications which

hould be repetitively taken. In the absence of a consensus regarding the

inimum required number of sessions and intervals for the treatment

o demonstrate clinically meaningful effect, the operational definition of

he treatment episode, including the duration and number of sessions,

hould be carefully considered based on clinical consultations and pre-

ious literature. 

Based on clinical consultations and expert consensus, the final op-

rational definition of integrative therapies should encompass various

spects to ensure homogeneity and their causal relationship with the tar-

et disease. These include specifying the minimum number of treatment

essions within a given period, the maximum interval between consec-

tive treatments, permitting combinations of therapies such as physio-

herapy, and adjuvant medications. Grace periods may be adopted to

ccount for variability of treatment intervals within one episode. De-

ails regarding the treatment regimen, including its location, duration,

nd specific formulations, should be included whenever feasible. 

New user design was recently suggested in pharmacoepidemiology

o minimize bias in estimating the association between intervention and

utcomes. 49 This design involves a washout window of the exposure,

hich in this case is the experience of integrative therapies, prior to

ohort entry date. Previous studies indicated that prevalent user designs

ield a larger effect than new user designs. 50 While new user design

f integrative therapies may be feasible in some countries, however, it

ay be extremely difficult in others, i.e., Asian nations where traditional

edicine treatments are commonly practiced. Not only the users group

f integrative therapies during the exposure window, but also the non-

sers or control group may include patients who have experience with

cupuncture prior to cohort entry date. To minimize biased estimates

f association, it is necessary to assess integrative therapy users prior

o cohort entry. Determining the average utilization and user count will

acilitate the formulation of operational definitions that mitigate this

ias. 

.2.4. Comparison 

Comparison group for integrative therapy intervention can be de-

ned as non-users or users of alternative treatments. Non-users would

nvolve patients in the base cohort who never received integrative ther-

pies, or those who never visited medical clinics in which integrative

reatment is available during the exposure window. Alternative treat-

ents users or active comparators are patients who received other pre-

pecified treatment during the exposure window. When defining com-

arison for integrative therapy, their experiences with integrative ther-

pies prior to cohort entry and after the exposure window should be

aken into account to minimize bias. 

Comparison between target intervention with an active control is

ore recommended to non-users for two reasons. 25 First, comparison

f treatments for the same indication are likely to reduce potential con-

ounders and bias. Second, comparing a treatment to an active control

llows identifying patients in similar timelines of a disease, or when the

reatment decision is made. However, as there is often no standard com-
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arison for integrative therapies, studies using active controls may not

e feasible. In such scenarios where integrative therapies are compared

o usual care, the following issues has to be considered which may inflate

r reduce the association between exposure and outcome of interest. 

The first pitfall is the potential disparity between the intervention

nd control groups, due to different timepoints of the two groups in their

ourse of disease. This leads to potential heterogeneity in the severity

r progress of the disease between the two groups, leading to biased es-

imates. For example, patient in the acupuncture group may have been

iagnosed at an advanced stage of breast cancer than the control group,

hich may influence the outcome of lymphedema or survival. Further-

ore, different timepoints between the intervention and control groups

ay cause immortal time bias, which should be correctly addressed by

ligning the "day 0" as explained in the previous section. 

Another pitfall is the presence of an unmeasurable confounder that

onstitutes the decision to utilize integrative therapies. For example,

atients with higher level of pain may choose to receive acupuncture,

lthough the level of pain is often not described in RWDs and remain un-

nown. Unmeasurable confounders may significantly bias the estimated

esults. 

Examining the types of standard care in both groups and, under the

resence of any difference, appropriate inclusion and exclusion criteria

o remove bias can enhance the validity and reliability of the study’s

ndings. The control group should accurately represent standard care

hat the target intervention is being compared against, and there should

e no difference in the utilization status of care in both treatment and

ontrol groups other than the target intervention. 

.2.5. Outcomes 

Obtaining data from real-world settings often presents challenges in

apturing patient-reported outcomes, as the primary purpose of the data

ay not have been originally intended for research. Consequently, an

ffective approach in defining outcomes involves focusing on significant

vents recorded within the data source that is clearly associated to the

isease and the effect of the intervention. 

One such event could be mortality, a terminal state that is unambigu-

us and explicitly documented within a database. Some recent studies

uggest operational definitions for certain outcomes that manifest over

 specific period. For example, if the outcome of interest is ischemic

troke, the onset of the outcome can be defined as the date of the first

ospital admission for stroke. Alternatively, another definition could be

ased on the date when the initial brain MRI or CT scan was conducted

o rule out stroke. It is crucial to consult with clinical experts when

efining outcomes, as their expertise can help identify the most critical

spects and key indicators associated with the outcome of interest. 

In order to establish a causal association, it is imperative that the

echanism of the target therapy be unambiguously linked to the out-

ome of interest, given the expansive nature of integrative therapies.

y carefully specifying the outcomes and employing relevant events or

perational definitions, researchers can navigate the limitations of real-

orld data and effectively evaluate the impact of interventions in a va-

iety of healthcare contexts. Collaboration with clinical experts ensures

hat the chosen outcomes are clinically relevant. 

.2.6. Covariates 

Covariates are variables included in the study design that are neither

he exposure nor the outcome of interest. In the process of study design,

otential factors that may influence the outcome should be included

s covariates for measurement with prespecified operational definition

e.g., continuous, binary, categorical variable). In addition to baseline

emographic variables, covariates such as prespecified comorbidities,

harlson Comorbidity Index (CCI), 51 patient history, and medications

ay need to be measured. 

Previous studies emphasized the importance of including variables

o remove confounders, while avoiding inclusion of variables that may
5 
ncrease bias. 52 , 53 A directed acyclic graph (DAG) can be used to il-

ustrate the researcher’s hypothesis regarding baseline covariates that

nfluence the treatment and the outcome. A recent study emphasized

he importance of blocking all non-causal paths and none of the causal

aths between the treatment and outcome based on DAG. 54 From DAG

epicted in Fig. 1 which is based on the research question posed in the

revious section, breast cancer and lymph dissection are included in in-

lusion and exclusion criteria; demographic variables, comorbidity, and

djuvant anticancer treatment are included in the study design to be

djusted using epidemiological methods. 

The covariate assessment window should precede exposure and fol-

ow up windows to eliminate causal intermediates between exposure

nd outcome. In some cases, however, time-varying exposures and co-

ariates during follow up may significantly influence the outcome. Pre-

ious literature suggested adopting time-varying Cox proportional haz-

rds model and marginal structural model to adjust for time-varying co-

ariates, e.g., HIV/AIDS medication, 55 chemotherapy, 56 , 57 and health

ehaviors such as smoking. 58 

.3. Specify the study design 

Based on the objectives and the measure of effect, several research

esigns can be employed to investigate the research question using

WD. Some examples of research designs are cohort design, nested case-

ontrol design, and self-controlled case series (SCCS) design. 25 Descrip-

ions, advantages, limitations, and important considerations of each de-

ign are explained in depth in previous literature with graphical depic-

ions and checklists. 25 , 26 , 59 

A cohort design allows the estimation of incidence and risk ratio

rom the temporal associations of treatment and outcome by calculating

erson-years and time-to-events, and allows causal inferences given that

onfounders and potential biases are appropriately addressed. In this de-

ign, exclusion of patients should only be applied at baseline, otherwise

he exclusion process is likely to introduce selection bias. 25 The losses

o follow up of the whole population enrolled must be reported in the

esults. In a study design investigating the effect integrative therapies,

he treatment period and the assessment of outcomes must not overlap.

Nested case-control design selects patients with outcomes and com-

ares the odds of patients who received treatment to those who did not.

his allows the estimation of odds ratio which is computationally more

fficient. It is important to note that the resultant odds ratio should not

e readily interpreted as relative risk measures, or as measures of treat-

ent effect. 60 , 61 If the outcome is rare, the odds ratio in the case-control

esign and the risk ratio and the incidence rate ratio in the underlying

ohort design may approximate each other, a situation known as the

rare disease assumption. ”62 However, such a scenario of uncommon

utcomes may not be feasible in the field of integrative medicine re-

earch, as exposure to integrative therapies among patients with out-

omes may be even rarer and, thus, not generalizable. Further issues

ave been raised regarding various case-control designs using sampling

r from open cohorts, and caution is required in reporting the resultant

arameters. 63 

SCCS design was suggested to estimate effect of treatment such as

accination and requires the observed person-time to be divided into

ashout period, treated, and untreated person time. 64 The assumption

f SCCS is that the effect of treatment is stable over time, and that the

utcome has no influence on the subsequent treatment, which are often

mplausible in integrative medicine. 

.4. Illustrate a study design diagram 

Since its introduction in 2019, study design diagrams are being ac-

ively adopted in RWD research and strongly recommended in report-

ng guidelines for RWE and pharmacoepidemiology studies. 31-34 De-

ailed guides with PowerPoint templates are provided in an article by
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Fig. 1. Sample directed acyclic graph (DAG) illustrating the rela- 

tionship between independent variable, dependent variable, and 

covariates. 
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chneeweiss et al. 34 and in HARPER checklist. 33 In this section, we pro-

ided samples of study design diagrams with a focus on acupuncture. 

Study design diagram provides an overview of how the cohort was

elected and assessed through each window. Horizontal bar indicates

ime, which include temporal range of the source data and study pe-

iod as base anchor. Vertical arrows mark the cohort entry date, and in

esigns where exposure and follow up are defined separately, the in-

ex date can be marked using vertical arrows. Windows are listed from

op to bottom and demonstrates the sequence of actions performed to
Fig. 2. Study design diagram for acupuncture 

6 
reate the cohort. Washout window, exclusion assessment window, co-

ariate assessment window, and follow up window are usually included

n the study diagram. The diagram may also include footnotes that pro-

ide detailed information regarding the definitions of each assessment

indow. 

Based on the research question posed in this article, a sample study

esign diagram is illustrated in Fig. 2 . A cohort design was built to com-

are the incidence of lymphedema between breast cancer patients who

eceived acupuncture for a minimum of five sessions and those who did
research using RWD using cohort design. 
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Fig. 3. Study design diagram for acupuncture research using RWD using nested case-control design. 
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ot receive any in the 180-day period after the lymph node dissection.

he cohort entry date was defined by the date of when surgical removal

f tumor and lymph node dissection was performed, after diagnosis of

reast cancer within 180 days prior to surgery. Index date was defined

y the end of the 180-day period during which acupuncture treatment

as defined. Index date in this design serves as the anchor to divide ex-

osure window and outcome window in order to avoid immortal bias.

ithout a specific index date, the initiation of the follow up can be de-

cribed as dependent of the exposure window, e.g., “third day of treat-

ent ” or using grace periods. 

Study design diagram in Fig. 3 illustrates a nested case-cohort de-

ign, in which a group of patients with lymphedema in the follow up

indow was identified from the source cohort, a process called risk-set

ampling. Exposure is assessed by the use of acupuncture in the postsur-

ical period of lymph dissection. Risk-set sampling of control patients

nvolves matching those who are at risk for the outcome on the date of

 given case patient’s event, allowing matching the person-time of the

ontrols and patients. 

Some studies might find DAGs, shown in Fig. 1 , more suitable to be

ncluded than the study design diagram, depending on the study design.

AGs are appropriate to illustrate conceptual hypothesis or assumption

f causal relationships. 54 , 65 

.5. Data analysis 

RWD analysis should yield reliable and clinically relevant results

ith minimal bias to provide basis for causal inference. The statistical
7 
nalysis plan should be complete and ready prior to data collection. In

his context, the data should be preprocessed including handling miss-

ng data through imputation or deletion. 66 Controlling for confounders

nd mitigating for potential imbalances in covariates between groups is

he next crucial step. The critical assumption underlying causal infer-

nce from RWD is that exposure or treatment is effectively randomized

cross all measured significant covariates of the patient cohort. 67-69 The

ssumption that patients were randomly assigned to treatment groups

ased on prespecified covariates necessitates that causal inferences for

WD studies be made after adjusting for covariates and measured con-

ounders. Propensity score-based methods 70 such as propensity score

atching (PSM) and the inverse probability of treatment weighting

IPTW) are frequently employed to achieve balance in the measured

ovariates across groups, thereby simulating the characteristics of an

CT. 71 Multivariable regression is an alternative method for adjusting

or assessed confounders; in some studies, it has yielded comparable re-

ults to propensity score-based methods. 72 

Analytic methods of primary and secondary analysis are often de-

ided from the study design. If the study design allows calculation of

ime to event from the population, i.e., cohort design, the estimation of

ncidence rate ratio and hazard ratio from survival analysis are possible.

n other study designs, i.e., nested case-control design, odds ratio can be

alculated. Sensitivity analyses are performed to assess the robustness

f the findings against potential sources of bias or variations in ana-

ytical approach. In study designs where covariates after the exposure

eed to be adjusted to reduce bias, time-dependent survival models and

arginal structural models can be employed. Current reporting guide-
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ines suggest that hypothesis, software, statistical models, confounder

djustment methods, and missing data methods are listed for all of the

rimary and secondary analyses of RWDs. 

. Conclusion 

Integrative medicine increasingly uses real-world data (RWD) such

s administrative database collected from routine healthcare processes

o study health outcomes and evaluate treatment efficacy. RWD pro-

ides valuable, practical information about long-term outcomes in areas

here undertaking traditional randomized controlled trials (RCTs) may

ot be feasible or cost-effective. Utilizing healthcare database to gen-

rate real-world evidence (RWE) plays a critical role for understanding

he progression of rare diseases and informing regulatory decisions. 

The application of RWD analysis in integrative medicine is not with-

ut obstacles. Since the majority of RWD is not intended for research,

areful study design is required to account for bias and confounding fac-

ors when repurposing this data. There is considerable variability in the

uality of RWD studies due to diverse research questions, study designs,

arameters, and analyses. In integrative medicine, the definition of PI-

OT objectives to precisely reflect the characteristics of the therapies

nvolved is crucial. 

This practical guide for RWE research design in integrative medicine

llustrates concrete steps with examples from a breast cancer study

sing diagrams and tables. This guide primarily examined healthcare

atabases, specifically administrative data. We anticipate the publica-

ion of further guides in the future that cover a more extensive range

f RWDs available in the field of integrative medicine. We hope that

rom this article, the significance of RWE research design and related

teps are clarified to enhance the rigor of RWD studies in the field of

ntegrative medicine research. Improved quality would allow evidence

ynthesis, regulatory decisions and policy development to be based on

WE research across a broad spectrum of integrative medicine practice.
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