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<H1>Introduction
Many research questions can be answered quickly and efficiently using pre-collected research data or specimens. An investigator may access such data to do a secondary data analysis or combine existing data with new measurements in an ancillary study. An existing data source that is continuing to follow participants can be used to collect outcome data for a new prospective cohort study or randomized trial.
Data are also collected for reasons other than research. Healthcare delivery, for example, generates massive amounts of health-related data; and all our interactions with the internet or internet-connected devices like smartphones are tracked and recorded.
While studies using existing data have major advantages, such as speed and economy, they also have disadvantages. The target population, sample, and measurements are all predetermined. The sample may be narrower than desired (e.g., only women ages 50 to 64 years old), the measurement approach may not be what the investigator would prefer (a history of hypertension in place of actual blood pressure), and the quality of the data may be poor (with many missing or incorrect values). Important confounders and outcomes may not have been measured adequately. All these factors contribute to the main disadvantage of using existing data: The lack of control over what is available. Nonetheless, making creative use of existing data and specimens is a fast and effective way for new investigators with limited resources to address important research questions, and it is the primary method for some types of research, such as studying healthcare delivery and “real-world” use of medical products(1).
In this chapter, we first discuss studies that involve the analysis of existing data, including their advantages and pitfalls (Table 13.1). We then review creative ways to use and enhance existing data, including meta-analysis, ancillary studies, combining difference sources of data, and using an existing data collection mechanism for prospective studies including randomized trials.
<H1>Existing Data Sources
Studies that rely on existing data depend heavily on where, when, how, and in whom those data were assembled. Such data sources have distinct advantages and disadvantages.

<< Table 13.1 (at the end of this document) >>
<H2>Data Collected for Research Purposes
Collecting data for research requires substantial resources and time. Use of existing research data helps investigators and funders maximize the value of their investments, and honors the donation of time and energy from research participants.

<H3>National Surveys
All investigators should be aware of national surveys and other data collected by the government and made available for research. These surveys are either conducted in all available persons (e.g., a census or registry) or use sampling schemes designed to yield results that are nationally representative. As such, they have high potential value for research. Notable examples are below.
· The National Health and Nutrition Examination Survey (NHANES) employs population-based cluster random selection to identify a representative sample of the U.S. population, and collects data from self-report (e.g., demographic, socioeconomic, dietary, and health-related behaviors), physical examinations, laboratory tests, and other measurements. NHANES data can provide population-based estimates of disease prevalence, risk factors, and other variables. Data and documentation from NHANES are maintained by the National Center for Health Statistics (NCHS, cdc.gov/nchs), which also conducts other population-based surveys such as the National Health Interview Survey (NHIS).
· The National Ambulatory Medical Care Survey (NAMCS) is a nationally representative study of outpatient visits to office-based practices in the U.S. NAMCS abstracts and codes information from medical records, including reasons for the visit, vital signs, presence and severity of pain, medications prescribed, and diagnoses. NAMCS and the National Hospital Ambulatory Medical Care Survey (NHAMCS, which includes nearly identical surveys of outpatient visits to hospital emergency departments and clinics) are coordinated and maintained by NCHS.
· The Medical Expenditure Panel Survey (MEPS) is designed to measure utilization of healthcare services, their costs, how they are paid for, and availability and costs of health insurance in the U.S. The survey is maintained by the Agency for Healthcare Research and Quality, which also supports the Healthcare Cost and Utilization Project (hcup-us.ahrq.gov) to provide access to healthcare databases such as the National Inpatient Sample (NIS) and the National Ambulatory Surgery Sample (NASS), as well as some state-level data.
· The U.S. Census Bureau (census.gov) attempts to collect survey data every 10 years from every person residing in the U.S., and makes much of it available along with more detailed survey information collected on a rolling sample of the U.S. population via the American Community Survey(2). 
· NCHS also maintains vital statistics for the U.S. population, including records of all births and deaths. The National Death Index (NDI) is a centralized database that includes dates and cause of death from death certificates. Deaths occurring during follow-up in a research study can be ascertained by submitting social security numbers, names and/or dates of birth to the NDI when a participant has been lost to follow-up. 
· The Centers for Disease Control and Prevention’s Wide-ranging Online Data for Epidemiologic Research (CDC WONDER) is a web-based system for accessing vital statistics and other public health data, including cancer and reportable infectious diseases (wonder.cdc.gov).
National survey data can be used for many purposes. For example, investigators used NHANES to describe normal values of bone mineral density of the hip in the U.S. and helped define “osteoporosis” as 2.5 standard deviations below the young adult average(3); used NHAMCS to demonstrate disparities in opioid prescribing for pain in U.S. emergency departments(4); and used the NDI to complete follow-up for vital status in a randomized trial of a wearable defibrillator for prevention of sudden cardiac death(5). 
New investigators are encouraged to consider whether an analysis of national survey data in their area of interest might be worthwhile. One challenge of using national survey data is using the correct statistical methods to account for any cluster sampling methods, but this is overcome easily with statistical support. It is also possible to get “scooped” by another investigator because the data are so accessible.

<H3>Registries
Registries identify persons belonging to a specific population (e.g., women with newly diagnosed breast cancer) and collect information designed to facilitate future research analyses(6). Registry data can be analyzed to answer a specific research question, linked with other data sources, or used for participant recruitment. Unlike national survey data, registries do not use random sampling methodology, but instead are constructed through participation of willing health systems or other institutions, or through direct engagement of the target population.
Cancer registries have collected population-based data on cancer incidence, treatment, and outcomes since 1973 via the Surveillance, Epidemiology, and End Results (SEER) Program. SEER registries cover many states and regions and three Native American populations (seer.cancer.gov/registries); the National Program of Cancer Registries helps collect data for other parts of the U.S. (cdc.gov/cancer/npcr). Investigators used the SEER registry to show that the incidence of estrogen-receptor positive breast cancer declined in postmenopausal women between 2001 and 2003, a trend that paralleled the reduction in the use of hormone replacement therapy, suggesting a causal association(7). The Greater Bay Area and Los Angeles SEER registries were used to recruit and interview a sample of women with breast cancer who had completed primary treatment within 5 years. The investigators found that low-acculturated Chinese women had worse physical functioning but better emotional functioning and lower anxiety than White women(8).
Cardiovascular disease registries are also well-developed in the U.S. The American College of Cardiology supports the National Cardiovascular Data Registry (cvquality.acc.org/NCDR-Home) program, which maintains registries for patients with various conditions (such as chest pain or myocardial infarction, and atrial fibrillation) or who have received certain treatments (such as percutaneous coronary interventions, implanted cardioverter-defibrillators, and outpatient prevention). These data have been used by investigators to show that although appropriate treatment of patients with atrial fibrillation with oral anticoagulant therapy has been increasing, only half of high risk patients receive a prescription(9). 
The National Institutes of Health (NIH) maintains a list of registries with links to web materials and study contact information(10), but these represent only a subset of what enterprising investigators may find in their fields. The Patient-Centered Outcomes Research Institute funded a large set of “patient-powered” registries that include patient-reported information and outcomes with engagement through online portals(11). For example, the Health eHeart Study (health-eheartstudy.org) is a large online registry of persons interested in heart health and technology, many donating data from their smartphones and wearable devices; and the Pride Study (pridestudy.org) is a registry of self-identified LGBTQ+ persons interested in contributing their data for research and participating in ancillary studies. Health eHeart Study data collected from use of a smartphone app designed to measure pulse via placing a finger on the camera lens were used to develop a “digital biomarker” associated with self-reported diabetes status that was then validated in several external populations(12). 
The United Kingdom Biobank enrolled 500,000 volunteers with linked data from questionnaires and electronic health records, and has developed an extensive set of measurements including whole genome sequencing, metabolomics and brain, heart, and body magnetic resonance imaging (ukbiobank.ac.uk). Using these data, investigators estimated that overall physical activity levels are about 20% heritable in a genome-wide association study of device-measured physical activity(13). The NIH’s All of Us Research Program supports a registry (allofus.nih.gov) that will collect data from self-report, electronic health records, devices and biospecimens including genetic materials from a large cohort of participants.
Registries depending on active participant engagement typically recruit samples that are more White and more highly educated than the underlying population(14), and resulting analyses must be interpreted accordingly.

<H3>Other Research Studies
Most research studies store data for future use. The NIH and other major funders require data management and sharing plans for funded projects, and journals often require authors to provide access to data for secondary analyses. For some NIH-funded studies, a key project goal is to support secondary data analyses. For example, the Coronary Artery Disease In Young Adults (CARDIA) Study (cardia.dopm.uab.edu), a multicenter cohort study funded by NIH to investigate the development and determinants of coronary artery disease, has well-documented procedures for requesting data and proposing ancillary studies, a publications committee to approve requests and resulting manuscripts, and analysts that verify study results before publication. The rich, unique, and repeated measurements collected by CARDIA over decades have been used for over 700 publications including many unrelated to coronary artery disease, such as a study that used pulmonary function test measurements and survey data to demonstrate that smoking marijuana at usual levels does not impact pulmonary function, in contrast to smoking tobacco(15). The NIH-funded Osteoarthritis Initiative hosts an extensive online resource for learning about and accessing research data including images of osteoarthritic knees (nda.nih.gov/oai). The Alzheimer’s Disease Neuroimaging Initiative, which has data from patients with Alzheimer’s disease as well as others with mild or no cognitive impairment, includes radiologic images, genetics, cognitive tests, and cerebrospinal fluid and blood biomarkers (adni.loni.usc.edu). The NIH also hosts extensive indexed repositories for genomic and phenotypic data (dbGaP at ncbi.nlm.nih.gov/gap) and for data from research studies funded by the National Heart, Lung and Blood Institute (BioLINCC at biolincc.nhlbi.nih.gov/home). 
In addition, smaller research studies also usually collect more data than they can analyze; though they tend to have less formal mechanisms for requesting access to data, many investigators are open to reasonable requests for collaboration. 

<H3>Getting Started with Research Data
After choosing a research topic and becoming familiar with the literature in that area, new investigators should look into whether their research question can be addressed through secondary analysis of existing data, including data collected for unrelated reasons. Experienced research mentors can be invaluable in identifying – and gaining access to – an appropriate data set, whether at their own institution and elsewhere.
For example, the Osteoporotic Fractures in Men Study enrolled community-dwelling older men to study risk factors for osteoporotic fractures. A new investigator, with the help of mentors, accessed these data and demonstrated that frailty was more common in men with lower urinary tract symptoms(16). The Heart and Estrogen/Progestin Replacement Study (HERS), a clinical trial of hormone replacement to prevent additional coronary events in women with coronary heart disease(17), required participants to have a normal Pap test to enter the trial and annually thereafter. A new investigator used HERS data to document that although 110 Pap tests were abnormal among the 2,763 women screened, only one woman had abnormal follow-up histology (i.e., all but one of the abnormal Pap tests were falsely positive)(18). This study influenced the subsequent U.S. Preventive Services Task Force recommendation that Pap tests should not be performed in low-risk women over age 65 years with previous normal tests.
Sometimes an Internet search is all that is required to find an accessible source of existing data. NHANES and BioLINCC, for example, have websites that provide open access to study data. Other studies like CARDIA or the Framingham Heart Study (framinghamheartstudy.org), which launched the field of cardiovascular epidemiology, have procedures for requesting data that welcome new investigators. When the data are not available online, phone calls or email messages to the authors of previous studies or to government officials may be helpful. It is a good practice to use official titles and your institutional domain name on correspondence or e-mail, and to copy your mentor as someone who will be recognized in the field. New investigators should determine if their mentors are acquainted with the investigators who developed the database, as an introduction may be more effective than a cold contact. That said, most investigators are surprisingly cooperative when contacted by a younger colleague with an interesting research question, and will either provide the requested data themselves or suggest other places to try.
It is helpful to find an investigator on the original study team who is willing to become a collaborator. This investigator can facilitate access to the data and assure understanding of the study methods and how the variables were measured. It is wise to define collaborative relationships early on, including who will be first and last author of planned publications. Developing collaborative relationships with investigators at other institutions is gratifying and valuable for both parties, and helps new investigators develop opportunities and independence from mentors at their home institution.

<H2>Healthcare Delivery Data
An abundance of data is stored in electronic health records (EHRs), generated from billing and claims sent to healthcare payers, and exchanged within the complex network of hospitals, clinics, pharmacies, laboratories and other entities that comprise the U.S. healthcare delivery system. Healthcare delivery data, and other “real-world data” collected outside the context of a research study(1), have three major advantages: they are not limited to self-selected altruistic participants willing to donate their time and energy to science, the measurements collected are less subject to distortion from participants knowing they are being observed for a research study, and the number of observations tends to be large. On the other hand, healthcare delivery data are hard to access, challenging to analyze, incomplete, and reflect the complexity and fragmentation of medical care in the U.S. Below are some examples of how they can be used.
1. EHR data can be used to study how clinicians work, how they use EHR systems, and their impact on clinical care and clinician well-being. For example, investigators analyzed EHR audit logs and found that time spent working in the EHR after hours on clinical days was associated with burnout measured by a clinician survey(19).
1. Healthcare delivery data can be used to study time trends, disparities, and other patterns in how health services are delivered to a population. For example, investigators analyzed opioid prescribing orders in EHR data from a large network of community health centers and found higher rates of prescribing in non-Hispanic White patients than other racial/ethnic groups, and a substantial decrease in opioid prescriptions per capita from 2009-2018(20). 
1. Healthcare delivery data can be used to evaluate quality of care. For example, investigators used Medicare claims data to show that individual surgeons with a high volume of surgery had substantially lower operative mortality than low-volume surgeons for many high-risk procedures ranging from aortic valve replacement to pancreatic cancer resection(21).
1. Though it is fraught with potential for bias and misinterpretation(22), healthcare delivery data are also sometimes used to make inferences about the effectiveness and safety of medical products or other interventions. For example, investigators used EHR data from the Veterans  Affairs Health System to study elderly veterans who were new users of statins, compared them to non-users with propensity score weighting, and found that statin initiation was associated with reduced mortality(23). (However, the likelihood that the association represents a causal effect seems low, in part because the effect size was more than five times larger for noncardiovascular than for cardiovascular mortality (24)). Other investigators used a combined sample of claims and EHR data to compare monotherapy with different types of antihypertensive medications, and found lower rates of myocardial infarction, heart failure and stroke in new users of thiazide or thiazide-like diuretics when compared with new users of angiotensin-converting enzyme inhibitors(25).
[bookmark: _Hlk53837120]Making inferences about effectiveness of medical interventions using observational data is susceptible to confounding. In the real world (i.e., not in a randomized controlled trial), patients exposed to a medical product or other medical intervention differ from patients who are not exposed: They have access to care, a perceived medical indication for the intervention, and must start and then adhere to the intervention over time. These factors themselves (rather than the intervention) may be strongly associated with outcomes, resulting in confounding by indication and healthy user effects(26). Various methods, including multivariable adjustment, propensity scores weighted or matched samples, and “trial emulation” methods may make users more comparable to non-users in an analysis (see Chapter 10).  Residual confounding, however, is always a challenge, and may be insurmountable(22).
Analyzing trends over time within and between groups can also be used to evaluate interventions. Healthcare delivery organizations often modify procedures, for quality improvement or other organizational imperatives. Investigators can analyze outcomes before and after such modifications occur to make inferences about their effects. As described in Chapter 12, these designs may be useful when modifications occur abruptly in time and variably across clinical units or institutions, but confounding can occur due to co-occurring time-trends.
Use of existing data from healthcare delivery for research is also fraught with problems from selection bias, missing data and loss to follow-up. Healthcare data should be used cautiously to make inferences about a population because persons who seek and obtain healthcare are different than those who do not. Healthcare-related measurements, like laboratory tests, are performed for clinical reasons, so the presence and timing of a measurement is often more informative than the result of the measurement itself(27). Also, because patients may obtain healthcare from multiple institutions, outcome ascertainment during follow-up is often incomplete when EHR data from a single institution are used for research. Healthcare claims data available from Medicare or private insurers may be more complete in this regard, but the fragmentation of the U.S. healthcare system makes complete outcome ascertainment a challenge. EHRs work well for short cohort studies of hospitalized inpatients where follow-up is complete upon discharge. Health systems integrated with a health plan, like Kaiser Permanente, can also provide reliable follow-up data for cohort studies of outpatients.
Deriving usable variables from healthcare delivery data is challenging. EHR data are structured primarily to collect data to support billing, and secondarily to support convenient data entry and retrieval by clinicians in a myriad of different clinical contexts. As such, similar data elements like clinical diagnoses or medication codes are often found in many different data tables. For example, medication codes can be found in tables storing historical medications, current medication lists, prescription orders, administration events and dispensing events. Coding systems, may be designed to provide specificity (e.g., about a specific brand, dose and formulation of a medication) or hierarchical consistency (e.g., ICD10 = S93.4 is used for an encounter with sprain of ankle; S93.421A is for an initial encounter for sprain of deltoid ligament of the right ankle); however, they are used inconsistently by clinicians and are challenging to group into meaningful concepts. For example, defining a simple indicator variable for presence of type 2 diabetes using EHR data can require complex logic involving diabetes-related diagnosis codes, medications used only or mostly by diabetic patients, and lab tests that might indicate the presence of untreated and undiagnosed diabetes. 
EHR systems and data structures are customized for each institution where they are installed to support local clinical workflows and preferences. This is true even if they use the same EHR system vendor (e.g., Epic). The result is that extraction and analysis code written for one institution may not work for any other. Research networks have developed to support common data models with harmonized table and variable names and definitions to facilitate use of EHR data and claims data for research across institutions. For example, the University of California’s six medical centers support transforming their EHR data into the OMOP (Observational Medical Outcomes Partnership) Common Data Model (promoted by the Observational Health Data Sciences and Informatics program (ohdsi.org)), and pooling those data in a single data warehouse (data.ucop.edu). The Veterans Affairs Health System and other institutions also use OMOP. The Patient-Centered Outcomes Research Institute supports PCORnet, the National Patient-Centered Clinical Research Network (pcornet.org), which includes the PCORnet Common Data Model and a network of contractual relationships to facilitate multicenter studies. Common data models make multicenter research with EHR data possible, but they are expensive to develop and maintain and lack much of the detail and specificity that is present in the native data tables. 
<H3>Getting Started with Healthcare Delivery Data
Access to healthcare delivery data is controlled to protect privacy and confidentiality, and due to its perceived institutional value. According to the Health Insurance Portability and Accountability Act (HIPAA), a patient’s healthcare data can be accessed for research when that patient signs a consent and HIPAA authorization, or with a waiver of consent and authorization that can be granted in a limited set of circumstances by an institutional review board. HIPAA requires that data derived from EHRs be accessed through honest brokers that provide only the minimum necessary data for a project. Many institutions also create de-identified versions of their healthcare delivery data sets that are stripped of the 18 elements of protected health information; limited data sets that are de-identified except for dates and zip codes can be accessed with a data use agreement. Understanding the basics of HIPAA helps investigators interested in analyzing healthcare delivery data navigate the processes required for accessing these data.
Large healthcare claims data sets have been assembled by payers, including Medicare and private insurers. Medicare and Medicaid claims data sets can be purchased through government agencies (data.medicare.gov). For-profit companies like Optum and Truven Health Analytics bundle and sell access to large sets of claims data from private insurance companies.
Analyzing these large data sets can be a technical challenge. Database programs often require use of structured query language to extract data into a manageable form for statistical analysis (Chapter 19). Informatics training is useful for understanding and navigating coding systems used in healthcare data. Getting help from specialized analysts with experience is recommended.

<H2>Internet and Device Data
Data derived from interactions with the internet and internet-connected devices are collected and used by companies to target advertising, increase consumer engagement and otherwise support business goals. Some companies make their data available to their consumers or to other entities including researchers. Below are examples of how internet and device data can be used for research.
1. Use of the Internet – conducting searches for information, reading news, shopping and interacting via social media – generates data that may be useful for research. For example, an investigator used free text data from Twitter to create and validate an algorithm that detected negative racial sentiments in tweets, and used the algorithm to demonstrate a large increase in negative tweets referencing Asian Americans following emergence of the COVID-19 pandemic(28).
1. Smartphones employ a variety of sensors including audio, video (from the camera), location (from global positional systems), movement (from triaxial accelerometers) and Bluetooth receivers to gather data. Some smartphone applications (“apps”) use proprietary algorithms to convert raw signal from these sensors into health information. For example, accelerometer data can be used to track step counts and time spent exercising, and video from the camera can be used to detect the pulse in a user’s fingertip. Investigators collaborated with a technology company with a free and popular smartphone app to show widespread global reductions in physical activity during the COVID-19 pandemic(29). 
1. Other electronic devices collect data either actively (e.g., a Bluetooth-connected scale in your bathroom to measure body weight) or passively (an activity tracker on your wrist). These devices send data to centralized servers, usually via an internet-connected smartphone. For example, a wristwatch device connected to a smartphone can detect irregular pulse. Investigators collaborated with the company making the device, provided an ECG patch for up to 7 days to persons with an apparently irregular pulse, and diagnosed atrial fibrillation in 34%(30). 
Internet and device data from a single source tend to be limited to a small set of measurements, but they are often repeated over time, sometimes with very high frequency. Users of internet-connected consumer devices tend to be different than the general population, so results from research studies using convenience samples of device users may not generalize. Although most adults in the U.S. now own a mobile phone, phone type, internet access, and data plans vary by socioeconomic status. Also, usage of many internet services, smartphone apps and wearable devices that require active engagement (e.g., charging the device and putting it on) tends to wane quickly over time. Investigators interested in systematic collection of internet or device data for a research study may need to supply devices to study participants and incentivize their ongoing use.

<H3>Getting Started with Internet and Device Data
Getting access to internet and device data can be a challenge. Some companies are willing to collaborate and provide access to their data directly; a few, like Twitter, make their data publicly available. 
A special mechanism for obtaining internet and device data involves active authorization by users. Technology companies often make data available to other applications their customers use, for example by enabling their cloud-based servers to communicate with other servers via an application programming interface (API). Researchers can access these data with permission from participants, though doing so requires specialized programming and infrastructure. The Eureka Research Platform (info.eurekaplatform.org), an NIH-funded platform available for use by funded investigators, specializes in mobile health (mHealth) data collection via API-based interaction with commercial platforms along with electronic consent (eConsent), online surveys, and smartphone app-based data collection directly from engaged research participants. 

<H1>Creative Uses of Existing Data
Existing data alone may suffice for answering a research question. Sometimes, however, doing so requires more creative use, augmentation with other data sources, or special methods.

<H2>Meta-Analysis
When more than one study has data on a similar research question (such as whether statins are effective in the elderly), existing data may be combined in a meta-analysis to develop a single summary estimate. Often, this process begins with a systematic review of the published literature, taking a comprehensive and specified approach to identify all studies of a given research question, clear criteria that define which studies to include, and standardized methods to extract data from those studies. 
When participant-level data from the reviewed studies are available, a single large dataset may be created and analyzed de novo in a “pooled” meta-analysis. For example, by combining data from randomized trials of statin therapy, the Cholesterol Treatment Trialists’ Collaboration showed evidence of statin efficacy even in participants older than 75 years of age, who had comprised a very small proportion of study participants in the trials(31). 
More often, only the results of the reviewed studies (without participant-level data) are available from published articles. By combining results from different studies, summary estimates may be obtained that are more precise than any study could produce alone. Special analysis techniques must be used to combine estimates from different studies in order to account for the precision of each estimate. Studies that are larger result in more precise estimates (with narrower confidence intervals), and the estimates from these studies carry more weight in meta-analysis. For example, investigators used meta-analysis of subgroup findings from 40 randomized trials (each of which included only a limited number of older adults) to demonstrate that exercise programs lasting at least one year resulted in lower risks of falls and injurious falls in persons 60 years of age and older(32).
The inevitable differences among studies must be considered in a meta-analysis. Meta-analysis techniques produce estimates of heterogeneity (how different results are across studies).  When substantial heterogeneity is present – meaning that different studies may not reflect estimates of the same underlying phenomenon – it may not be reasonable to report a single summary estimate that averages results across studies. Analyzing subsets of studies that have more similar characteristics can be useful, as can meta-regression, which accounts for study characteristics simultaneously. For example, the meta-analysis described above conducted a series of meta-regressions suggesting an optimal exercise frequency of two to three times per week(32). Meta-regression, however, requires either individual level data or data from many studies.
A more pernicious problem is publication bias, which occurs when studies that are published (or otherwise available for inclusion in a meta-analysis) do not represent all completed studies, typically because positive studies are more likely to be published than negative ones. Investigators undertaking a meta-analysis should: 1) do a systematic review of the published literature to identify all relevant published studies; 2) look for evidence of unpublished studies (e.g., by asking investigators in the field and reviewing abstracts, meeting presentations, and doctoral theses) and obtain unpublished results whenever possible; and 3) use special meta-analytic techniques to analyze study results for evidence of publication bias (e.g., when there appears to be an unexpected dearth of small studies with less favorable results)(33).
New investigators may gain much from undertaking a systematic review and meta-analysis, including a deep understanding of published literature in their field of interest and a publication of their own that can help establish them as an expert. However, even though meta-analyses may not require much funding, they require substantial time and effort. Investigators undertaking a systematic review should consider resources published by the Cochrane network, including the Cochrane Handbook for Systematic Reviews (http://handbook.cochrane.org), and seek out help or additional training in meta-analysis techniques. 


<H2>Ancillary Studies
In an ancillary study, the investigator designs and adds measurements to an existing research study to answer a new research question. Ancillary studies have many of the advantages of secondary data analysis with fewer constraints. They can be added to any type of study, but are particularly well suited for prospective cohort studies and randomized trials. For example, in the HERS trial of the effect of postmenopausal hormone therapy(17), an investigator added measurements of the frequency and severity of urinary incontinence, thereby creating a large trial of the effect of hormone therapy on urinary incontinence, with little additional time or expense(34).
Ancillary studies are usually most informative when measurements are added before enrollment begins, and it may be difficult for an outsider to identify a potential “host” study that is still in the planning phase. Even when a variable was not measured at baseline, however, adding a single measurement during or at the end of a trial can produce useful information. By measuring cognitive function at the end of the HERS trial, for example, investigators were able to compare the cognitive function of elderly women treated with hormone therapy for four years to those treated with placebo(35).
Investigators responsible for a study must balance participant burden with the scientific gains from data collection.  Adding ancillary measurements may upset that balance and even lead to participant dissatisfaction and dropout. New investigators should be sensitive to this issue and design ancillary studies that participants will find engaging and that will not be detrimental to the main study.
Ancillary studies can also use the banks of biospecimens, images, and other materials that are collected by most large clinical trials and cohort studies. Making new measurements in these stored specimens can be a cost-effective approach to answering a novel research question that does not add any burden to participants.  Often it is possible (and efficient) to make these measurements on a subset of specimens using a nested case–control or case–cohort design (Chapter 8). In HERS, for example, a nested case–control study carried out genetic analyses on stored specimens and showed that the excess number of thromboembolic events in the hormone-treated group was not due to an interaction with factor V Leiden(36).
Most large, multicenter studies require a written application for an ancillary study, that is reviewed by a committee that can approve, reject, or revise the study plan; some require collaboration with a study investigator. Many ancillary measurements require additional funding, and the ancillary study investigator must find a way to pay these costs. (Of course, the marginal cost of an ancillary study is far less than the cost of conducting the same study independently.) Ancillary studies are well suited for some types of NIH funding that provide modest support for measurements and analyses but substantial support for career development (Chapter 20). Some large studies have their own mechanisms for funding ancillary studies, especially if the research question is important and considered relevant by the funding agency.

<H2>Combining Data from Multiple Sources
Two or more existing datasets may be linked to create a new one. For example, investigators who were interested in how military service affects health used data from the 1970 to 1972 draft (the first data set), which determined the order, based on their birthdates, in which 20-year-old American men were drafted for military service during the Vietnam war. Data about mortality in the entire cohort of 5.2 million men were ascertained from death certificate registries (the second source of data). The predictor variable (date of birth) was a randomly assigned proxy for military service. The study found that men who had been randomly assigned to be eligible for the draft had significantly greater mortality from suicide and motor vehicle accidents in the ensuing ten years(37). The study was done inexpensively, yet it was a more unbiased approach to examining the effect of military service on specific causes of subsequent death than other studies with much larger budgets.
Location-based data can be combined profitably with data from other sources. For example, investigators obtained information on deaths from asthma by location in Philadelphia (the first data source) as well as information about crowding, poverty and other demographic information about census tracts in Philadelphia from the 1990 U.S. Census (the second data source) and found a strong association between living in a census track with high levels of poverty and mortality from asthma(38). Other investigators combined step count data collected from Fitbit devices in the Health eHeart Study (the first data source), linked it with air quality sensor data over time (the second data source), and demonstrated an 18% reduction in daily step counts associated with poor versus reasonable air quality during the 2017-2018 wildfire seasons in California(39).
Linking data sources by institution is sometimes possible. For example, investigators obtained discharge data from emergency departments from the California Office of Statewide Health Planning and Development (the first dataset), linked those data by institution over time to ambulance diversion data collected from California local emergency medical services agencies (the second dataset), and showed no increase in readmissions on days when emergency departments are overcrowded(40).
When data sources are combined and analyzed only at an aggregate level (not using individual-level data), inferences about causal relationships at an individual-level are relatively weak and subject to what is known as the ecologic fallacy. For example, investigators demonstrated that rates of breast cancer incidence rates, which varied more than five-fold across 21 countries, correlated strongly with per capita intake of dietary fat(41). However, analyses of high-quality dietary and outcome data on individual participants in the Nurses Health Study did not support this (relative risk of breast cancer per 5% increase in total fat intake = 0.96; 95% confidence interval: 0.93-0.99)(42). The apparently incorrect result from the ecologic analysis was blamed on severe confounding by country-level differences in breast cancer risk factors such as later onset of menses and use of hormone replacement therapy(42).

<H2>Randomized Trials Using Existing Data Collection Mechanisms
Sometimes an existing data collection mechanism can be counted on for prospective data collection in a cohort study or randomized trial.
A randomized registry trial uses ongoing data collection for a registry and adds a randomized intervention(43). For example, the Swedish Coronary Angiography and Angioplasty Registry conducts prospective data collection for patients undergoing percutaneous coronary intervention (PCI). Investigators randomly assigned some patients in the registry to undergo thrombus aspiration at the time of PCI, and used the registry to compare clinical outcomes including recurrent myocardial infarction and stroke.  They found no difference in outcomes when the thrombectomy patients were compared with those randomized to PCI only(44).
EHR-embedded randomized trials use EHR data collection systems to compare outcomes among subsets of patients, encounters, clinicians, or clinical units that are randomly assigned to receive different interventions. For example, investigators conducted a cluster-randomized multiple-crossover trial in five intensive care units to compare use of saline versus balanced crystalloids, and found a slightly lower risk of major adverse kidney events in patients who received balanced crystalloids(45). 
In randomized quality improvement trials, investigators partially implement a quality improvement intervention, with randomization, to demonstrate improvement and assure no unintended consequences occur before undertaking full implementation. For example, investigators randomly assigned a lower default quantity for opioid prescriptions (but still allowed clinicians to decide on the prescribed dose) and showed that doing so reduced the average quantity of opioids dispensed(46). Randomized quality improvement trials are particularly useful for studying interventions that use an EHR system to prompt providers to follow guidelines, provide clinical decision support, or otherwise take actions likely to improve care. These trials may be embedded entirely in the EHR system, with patient selection, randomization, intervention delivery and follow-up conducted automatically, but there are important ethical implications and methodological challenges that must be considered(47). EHR-embedded randomized trials and randomized quality improvement trials are part of the National Academy of Medicine’s vision for a “learning health system”(48).

<H1>Summary
1. Prior research studies are a rich and varied source of data. New investigators, working with mentors, should always determine whether data from a prior research study might be used to answer their research questions. Using data collected by mentors is a good way to start a research career.
2. Healthcare delivery data from EHR systems, healthcare claims, or other administrative sources, can be used to study healthcare utilization, health services and quality improvement. They are challenging to analyze and interpret due to potential selection bias and confounding.
3. Internet and device data collected by companies for business purposes can sometimes be accessed and used for research. 
4. Conducting a systematic review and meta-analysis combining results from several studies of the same basic research question can be a good way for a new investigator to become expert in a field of research. Meta-analysis should include assessment of heterogeneity and publication bias.
5. Ancillary studies allow investigators to leverage an existing study by adding one or more measurements. They are often inexpensive and efficient.
6. Combining data from multiple sources often allows an investigator to answer novel research questions. Aggregate-level associations can be subject to the ecologic fallacy and should be interpreted with caution.
7. Randomized trials using existing sources of data collection, when possible, can be efficient ways to generate strong clinical evidence.
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 Table 13.1. Uses, Advantages and Pitfalls of Different Types of Existing Data
	TYPE OF EXISTING DATA
	USES/ADVANTAGES
	PITFALLS

	Research Data

	National surveys
	1. National scope
1. Sampling methods often allow generalization to U.S. population
1. Well-documented and easily accessible
	1. Multi-level cluster sampling requires special analytic methods
1. Limited set of measurements and participants
1. Another researcher may be doing a similar analysis and publish it sooner

	Registries
	1. Curated data elements from a focused target population (e.g., patients with a particular disease)
	1. Inclusion of persons in a registry and data collection typically depends on non-random engagement from participants, health systems or other institutions

	Other research studies
	1. Research-grade measurements are available, well-documented, and ready for statistical analysis
	1. Volunteer participants in research studies differ from the general population
1. Measurements made in the context of a research study may not reflect usual participant experience or physiology
1. The investigator has no control over the study sample or measurements

	Healthcare Delivery Data

	Electronic health record (EHR) data
	1. Extensive information is available on medical encounters, procedures, diagnoses, medications, laboratory measurements and outcomes
1. Good for healthcare utilization, health services, disparities in healthcare delivery
	1. Deriving useful data elements from complex EHR data is challenging
1. Patients are included in EHR databases for specific reasons (they are sick, desire specific services, receive care) and must have access to the health system
1. Interventions are not random, measurements are not systematic, but are performed because of the patient’s personal/health characteristics, so:
1. Evaluation of intervention effectiveness is subject to confounding by indication
1. Missing measurements are frequent and difficult to impute
1. Incomplete exposure and (especially) outcome ascertainment because patients receive care at multiple healthcare delivery systems
1. Data are sensitive, protected by HIPAA, and challenging to access
1. Different EHR systems produce data that are structured in different ways and difficult to combine

	Healthcare claims, billing and other administrative data
	1. Extensive information is available on medical diagnoses and procedures (including laboratory measurements ordered) and limited information about medical encounters
1. Good for healthcare utilization, health services, disparities in healthcare delivery 
1. Relatively complete outcome ascertainment
	1. No clinical measurements are available (e.g., lab values or blood pressure measurements)
1. Samples are typically limited (e.g., >65 years old for Medicare data, few poor patients in private health plan data sets)
1. Data are sensitive, protected by HIPAA, and often expensive to obtain

	Internet and Device Data

	Smartphone data
	1. Smartphone sensors collect data on location via global positioning system, movement via triaxial accelerometers, image data via cameras, and social interactions via call and text, and Bluetooth data from other devices
1. Smartphone apps interact with users to gather additional subjective information (e.g., diet records), deliver interventions, and synthesize data
	1. Smartphone technology varies (iPhone vs. Android vs. text-only without internet access) and is associated with user characteristics
1. Measurement presence, accuracy and frequency depends on technology
1. Users often engage with apps only transiently

	Consumer electronics data
	1. Consumer electronic devices connected to the internet can collect data actively (blood pressure or weight measurements) or passively (step counts, sleep)
1. Rapidly advancing technology
	1. Technology and measurements are highly variable and strongly associated with user characteristics
1. Measurements are derived from proprietary algorithms and often not validated
1. Users often engage with devices only transiently, do not recharge batteries, or otherwise disengage

	Social media
	1. Combination of structured (friend and group relationships) and unstructured (text content) data rich in information about user interests, habits, sentiments, mood, and social connections
	1. Measurement utility dependent on degree of user engagement 
1. May be sensitive and difficult to access





