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ABSTRACT

Introduction: The exponential increase in data, computing power and the availability of readily
accessible analytical software has allowed organisations around the world to leverage the benefits of
integrating multiple heterogeneous data files for enterprise-level planning and decision making.
Benefits from effective data integration to the health and medical research community include more
trustworthy research, higher service quality, improved personnel efficiency, reduction of redundant
tasks, facilitation of auditing and more timely, relevant and specific information. The costs of poor
quality processes elevate the risk of erroneous outcomes, an erosion of confidence in the data and the
organisations using these data. To date there are no documented set of standards for best practice
integration of heterogeneous data files for research purposes. Therefore, the aim of this paper is to
describe a set of clear protocol for data file integration (Data Integration Protocol In Ten-steps;

DIPIT) translational to any field of research.

Methods and Results: The DIPIT approach consists of a set of 10 systematic methodological steps to
ensure the final data are appropriate for the analysis to meet the research objectives, legal and ethical
requirements are met, and that data definitions are clear, concise, and comprehensive. This protocol is
neither file specific nor software dependent, but aims to be transportable to any data-merging situation
to minimise redundancy and error and translational to any field of research. DIPIT aims to generate a

master data file that'is of the optimal integrity to serve as the basis for research analysis.

Conclusion: ' With linking of heterogeneous data files becoming increasingly common across all fields
of medicine, DIPIT provides a systematic approach to a potentially complex task of integrating a large
number of files and variables. The DIPIT protocol will ensure the final integrated data is consistent
and of high integrity for the research requirements, useful for practical application across all fields of

medical research.

Keywords: data integration, data linkage, merging, data aggregation, data mining, standard.



1. INTRODUCTION

The exponential increase in available data, computing power and the availability of readily accessible
analytical software has allowed organisations around the world to leverage the benefits of integrating
multiple heterogeneous data files for enterprise-level planning and decision making [1]. The growth
of data analytics [2] has meant that organisational information flows have become more targeted and
focussed. Benefits from effective data integration include more trustworthy research, higher service
quality, improved personnel efficiency, reduction of redundant tasks, facilitation of auditing and more
timely, relevant and specific information. Considerable resources are being invested in quality
initiatives surrounding data integration; however, poor quality processes underpinning these analytics
elevate the risk of erroneous outcomes. The result can be wasted resources and, ultimately, an erosion
of confidence in the data and the organisations using these data. The sharing of information can

potentially improve policy-making and integrated public services [1, 3].

Data file integration has enhanced knowledge across a broad spectrum of health and medical research,
such as health employee research [4], behavioural survey data [5], social sciences [2], patient hospital
records [4, 6-8], cancer and other health research [9, 10] and in bio molecular systems [11-14],
genetics and genomics [15, 16]: In the field of health and medical science it is becoming an increasing
requirement to integrate or merge extensive heterogeneous data files for research purposes, and data
files can be linked from multiple providers to perform complex analyses [17-19]. For example, patient
data are compiled from both institutional and community settings, including patient records, digital
scans, observational surveys, behavioural surveys and official records, and these are often available in

diverse and fragmented formats [6].

The plethora of analytical functions required to effectively and accurately integrate heterogeneous
data files is challenging and sometimes overwhelming. Often significant funds are invested in quality
initiatives that rely on data integration, but variable methodology and thus quality underpinning these
analytics elevates the risk of erroneous outcomes. However, to date there are no documented set of

standards for best practice integration of heterogeneous data files for research purposes. Therefore, the



aim of this paper is to describe a set of clear operational protocol for data file integration (Data

Integration Protocol In Ten-steps; DIPIT).

1.1. The Practice of Data File Integration

Even though the concept of integrating many files to form a single data file for analysis [20] appears
relatively straightforward , the actual integration requires careful preparation and a systematic

approach to ensure the resulting data are in the correct format, appropriate for the analytical task.

The management process involved in producing a reliable and robust integrated data set from multiple
sources, with varying heterogeneous formats, is fraught with potential traps: Large organisations,
dedicated to providing data file integration services, have proliferated over the last few decades. The
potential to enrich knowledge rises as data integration complexity increases, and with this, potential
pitfalls increase. As data files expand in volume and complexity, problems can compound to
negatively influence the quality of the final integrated data. The requirements for careful management
of the merging and organisational processes are often underestimated, but imperative for reliable
results. Many data files often exhibit considerable noise or meaningless data, missing information and

unstructured text. All these problems need to be addressed when integrating data [6].

2. METHODS AND RESULTS

The DIPIT approach consists of a set of systematic methodological steps (Table 1) to ensure that: the
final data are appropriate for the analysis to meet the research objectives; legal and ethical
requirements are met; and that data definitions are clear, concise, and comprehensive. This protocol is
neither file specific nor software dependent, but aims to be transportable to any data-merging situation
to minimise redundancy and error. It aims to facilitate the generation of a master file that is of the

optimal integrity to serve as the basis for analysis.

2.1. DIPIT Step 1: Define the data requirements

It is fundamental to define an hypothesis [21] as data are compiled appropriately and/or analysed in
order to test these hypotheses. For example, hypothesis tests determine if a novel treatment is

efficacious compared to a control treatment [22]. Costs, in terms of outcomes for individuals, plus



time, dollars and credibility for governments and organisations, can be high if the findings are
founded on bad data. Thus, part of the initial step in the assessment of the research data requirements
is to establish what data are needed and evaluate the quality requirements for the analytical task, as

the final quality of the data may influence the outcomes.

Poor quality and fragmented data are often a result of the compilation of a combination of both
manual paper transcribing and electronic entry (i.e. mixed mode). In medicine for example, both
paper and electronic medical records are still used in some organisations, which results in fragmented
data information [23]. On the other hand, good quality data positively correlates with its use - the
better it is, the more it will be used; “data quality and data use are interrelated” [24]. This underscores
the importance of assessing the quality of the data to be integrated, and the alignment of the available

data to the research objectives, before commencement of the integration process.

2.2. DIPIT Step 2: Establish ethical, legal and privacy issues

Once the file requirements are established, it isimportant to ensure that legal, ethical and privacy
issues are understood and met. For example, the management of personal records are governed by a
broad array of guidelines, national and international, specific to different areas and with different
levels of authority [25-30]. Neutal [26] highlights potential civil and criminal penalties for violating
an individual’s privacy, as the public’s perception of integrating their own data with many sources is
seen as potentially “high risk”. Ensuring that the data files used in the integration process comply with
standards relevant to the data source is also very important to the public confidence [31]. The
imperative for responsible research, sensitive to the rising public awareness of an individual’s rights
to privacy, has resulted in the establishment of local and international research standards. In Australia,
The Australian Code for the Responsible Conduct of Research by the National Health and Medical
Research Council (NHMRC) provides for responsible research practices and promotes research
integrity [32]. This code endeavours to promote integrity in research and define community
expectations. The NHMRC code stipulates that clear and accurate records of the research methods,

approvals, grants, and data sources during and after the research process be kept, indexed and easily



retrieved if needed. Therefore, it is imperative that data management be performed and documented in

accordance to the ethical protocols and relevant legislation related to each file.

2.3. DIPIT Step 3: Order the files to integrate

After establishing the nature and legitimacy of the required files, establish a flowchart for the order of
the files to integrate. The flowchart serves as a fundamental document from which the other DIPIT

steps feed to catalogue or document the integrated data.

Flowcharts are an invaluable tool regularly used in the fields of Information Technology (IT),
Biology, Chemistry and other disciplines for explaining complex mechanisms [33]. Flowcharts
simplify complex tasks, and improve comprehension and accuracy [34, 35]..Crews [36] studied the
effect that flowcharts had on novice computer programmers, finding the incorporation of a flowchart

reduces error and project time.

Since flowcharts are an effective tool for clearly explaining complex models in a comprehensible
manner, they lend themselves easily to the documentation of the integration of complex
heterogeneous data files and the associated syntaxes. Many statistical computer programs require
some form of programming syntax for complex merging requirements (e.g. SAS [37], Stata [38]) and
a flowchart of the integration process will develop the appropriate processes. Often computer syntax
is used to create the final file efficiently and accurately, ensuring reproducibility (e.g. Stata do files,
SPSS sps files). For example, suppose a government health organisation conducted a study of a
specific cohort of patients in hospitals across the nation. Hospitals collected three sets of separate

information on each patient. There are two resulting types of data to analyse:

e Data from patient scans consisting of two data files <ScanA-Filename> and <ScanB-
Filename>, and

e Behavioural data from a national postal survey <SurveyA-Filename> of hospital patients,
and patient structured clinical interviews conducted by hospital doctors <SurveyB-

Filename>



The objective is to integrate these four files into one master data file called <Master-Filename> for

analysis and a flowchart is established to represent the files to integrate (example shown in Figure 1).

2.4. DIPIT Step 4: Establish the file formats

Once the files to integrate have been established, the formats of each file are identified. Data file
formats range from the simple symmetrical text format, comma separated variable format or matrices,
relational databases, to a more complex proprietary program-based format (e.g. Stata, SAS) and
digital imaging (e.g. DICOM) [37-40]. Some computer programs allow the user to integrate in
different file formats [41, 42], but it is often simpler to manage and debug if all the files are converted
to the same format. However, many computer applications require input data from multiple sources be

in a specific format before the data can be integrated [41, 43].

In the previous example, suppose each of the four source data files had varying formats:

e The two medical scan files have comma separated variable (CSV) and fixed ascii text format
(TXT)

e The other two survey files is in CSV format and SPSS proprietary statistical (SPSS) file format

The objective is to integrate the four files into one Master integrated file of the proprietary statistical
format for analysis. This statistical program merge function only merges using its proprietary data file
format, so the four hypothetical heterogeneous data files will be converted to the proprietary file

format. The final stage will integrate these preliminary data files into the Master data file.

2.5. DIPIT Step 5: Define the variables of interest

Large data files often contain an array of variables of differing importance and label formats. In large
data mining exercises there are potentially thousands of variables available for data mining. Avoid
including extraneous data that would result in an unnecessarily large Master data file. Establishing
which variables are of interest and discarding the rest speeds up processing and minimises errors.
Eliminating unnecessary variables make the final data file more efficient to search, manage and
analyse [44]. So, once the file formats are compiled and documented in the flowchart, the next step is

to identify and name the variables of interest.



As with paper records, it is often best if electronic records are well-organised and labelled correctly to
ensure ease of identification and accountability. Accurate file naming aligns with the efficient
management of the integration of electronic files [44]. Define a global naming convention that easily
identifies the source of each variable as this will ease tracking and auditing. As with other electronic
libraries, an essential aspect of a well-organised strategy for this step is to standardize filenames used

in the integration process. [45].

The variables of interest should be stored and named according to the pre-defined naming convention.
Accountability via documentation is an important aspect of DIPIT. A table of variable translations for

future reference is established containing at least four columns (example Table 2):

¢ Final variable name to be stored in the Master file and used in the analysis

e Original variable name so that it is always possible to track the source of the variable

e Source file of variable to identify where the variable was originally merged from

e Preliminary file(s) for variable (if applicable)

e Description of variable, including units of measurement

2.6. DIPIT Step 6: Set up link(s) for integration

Effectively merging data files requires the files involved to have one or more common links, whilst
ensuring the privacy of a respondent. Linking files with minimal inaccuracy or error is a challenge
[29, 46-48]. When multiple merge files have the same single unique identifier, the linkage process is
straightforward. Complexity arises when there is no single unique identifier and/or missing data
associated with link(s). Data files can be purposefully or accidentally corrupted and/or heterogeneous

in nature, causing matching to become an empirical, statistical and often complex challenge [46].

In some instances, integration of data records from different areas, sometime ubiquitous in nature, is a
necessary requirement. The National Institute of Standards in the United States of America has
recognised the importance of establishing a Unique Patient Index (UPI) and funded research to
accelerate the development of a “massively distributed” Master Patient Index (MPI), equivalent to a

UPI [29]. However, the ability to link and integrate one or more heterogeneous data files for research



purposes can be hampered by the lack of a common identifier. String variables, such as name, time
and date can be difficult to collect correctly and often ambiguous by definition. Inconsistencies in
details would deem that data as an unreliable as a link variable (e.g. incorrect date, transcription error)
[49, 50]. In health research, linking a patient’s clinical characteristics to service utilization can be
challenging [6]. The lack of standardization, degree of incomplete information and/or contradictory

nature of service information can distort the analysis.

It is important to document the links used for integration for each process and record whether a
manual or an automated method was used. Several automated methods have been developed over
recent decades to deal with file linkage, such as frequency ratios [51], stepwise deterministic linkage
strategies (SDS) [19, 52], probabilistic maximum likelihood linkage models [18, 53], Expectation-
Maximization (EM) algorithms[48] and distance-based metrics [54]. It is safe to assert that as the
number of files to integrate increases, the linkage challenge compounds and the potential for missing
data rises. Weiner et al [17] proposed a “practical; deterministic method of linking Medicare claims”
to a large United States clinical database. In the absence of the main United States Social Security
Number (SSN) unique patient identifier, an algorithm was used that incorporated a combination of
patient attributes (e.g. sex, date of birth, elements of name) to link the data files. In the late 1980s and
early 1990s the United States Bureau of the Census developed a record-linkage methodology and

automated software system [48] using a linear sum assignment model.

2.7. DIPIT Step 7: Document the integration path

Once the file linkage definitions have been established, the existing flowchart should be expanded to
incorporate the systematic hierarchy of the integration process. Most computer programs allow for
user-written syntax to manage and automate the analytical process [37, 38, 55, 56]. Designing a
logical systematic set of syntax files for merging ensures that all required merging steps will be

undertaken and the results will be reproducible.

There are many benefits of using syntax files [37, 38]. The syntax file is an automatic documentation
of the integration process that increases efficiency and productivity, while ensuring reproducibility of

results.
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As a minimum the structure of the syntax file should include:

e The integration of the primary files

e Saving the Master file format in a standard file naming structure
e The variables of interest to be retained

e The variables standard naming format

e Merging of all files into the Master file

® A valuable log of statistics of the key variables, and missing data analysis

An example of a flowchart of the integration process is presented in Figure 2.

2.8. DIPIT Step 8: Flowchart the type of integration

Even though there are a multitude of ways data files can be related or matched [57], the consensus is
that there are fundamentally four integration scenarios, characterized by how observations relate to
each other amongst the data sets [37, 38, 58]. A simple example of each of these scenarios is shown in

Figure 3 based on a small number of file records.

These scenarios assume that there is‘<common information amongst the multiple sources of input data,
either at the physical or logical level. Often the Merge and Master data files do not have the same
number of variables. Once integrated, the variables not present in the data files should be coded as

missing in the combined master data set. The common integration scenarios are as follows:

®  One-t0-One Matching: This is the most straightforward of the matching scenarios where a

single observation in one data set is related to a single observation from another, based on the
values of one or more selected variables. For example, in Figure 3, One-to-one based on one
variable the ID001, ID002 and ID00S are a perfect match. Those IDs that do not match create
missing data in the Master file (e.g. ID003, ID006). However, many integration tasks do not
have this straightforward matching. One-to-one based on two variables, IDO01 and ID002
match perfectly, but those IDs that do not match again create missing data in the Master file

(e.g. ID001 ACD, ID003 ABC).
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®  One-to-Many and Many-to-One Matching: This implies that one data set has at most one

observation with a specific variable or combination of variables, but the other input data set
can have duplicates of each value or combination of values. However, the opposite scenario is
where there is a many-to-one matching situation. The merge file contained multiple
occurrences contained and the master file contains only a single record of each unique
identifier, hence the many-to-one scenario.

®  Many-to-Many Matching: By default the nature of this type of merging implies that multiple

observations from each merge file are related based on values of one or more common
variables. The developers of the Stata statistical software state: “is difficult to imagine an
example of when it would be useful” and do not recommend this type of merging [38] as
there are no variables that uniquely identify the observations in either the merge or master
data files. However, many-to-many matching still considered a valid form of matching by in
other systems, such as SAS [37, 58] and SQL. Moreover,, this form of matching has been
utilised in healthcare insurance, where insurance claims are merged with an enrolment
database in order to identify the eligibility of the service using the member number as the
unique link. Since a member potentially has multiple claims during a certain time period and

also many enrolment records, many-to-many match is used in this instance [59].

2.9. DIPIT Step 9: Document the integration outcome

Matching records is simple in theory, but can be complex and tedious in practice. The complexity of
mismatching records multiplies when more files and/or merge keys increase, and possibly a mix of
scenarios (i.e. one-to-many, many-to-one). A systematic and traceable approach is required so that at

any point the origins of the final master data file can be traced and explained.

Assessing the quality of any linkage algorithm used entails determining how many truly matched and
non-matched records have resulted. One valid method for evaluating record mismatches in one where
each record has a merge identifier indicating its merge status one for integration process. There are
many quality measures that can be used, such as accuracy, precision, recall, F-measure graphs and

false positive rate [60]. For example, Xu et al utilised a probalistic data linkage method to link data
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files in order to investigate major depressive disorders in the perinatal period; in this case they utilised

the false positive and false negative rates from a random sample of 1,000 [61, 62].

2.10. DIPIT Step 10: Check variables and missing data

Once the final master data file has been created, an initial inspection of the data is necessary to ensure
the integration has been successful, quantify the degree of missing data and to develop the best way
forward for analysis. An initial inspection of the final variables integrated, to check suchindices as
bases, ranges and distributions, is mandatory [63]. Missing data is a common problem with data file
integration and affects the statistical analysis performed (e.g. reduces statistical power, increases type
I error, introduces bias) [64]. Woods et all identified 71 randomized controlled clinical trials, of which
89% reported having some form of missing outcome data, and emphasised the importance of
reporting both the amount and handling of the missing outcomes [65]. Thus, this final step involves
performing basic inspection of the key variables and assessing the impact of missing data generated
from the merging process(s). This important inspection can be both analytical and graphical, as the

reporting of research studies should encompass the details and percentage of missingness [65-67].

Should the integrated data files be mutually exclusive, it is recommended as part of the merging
process that the amount and nature of missing data in each of the data files be identified and
documented. Often the final integrated master file is heterogeneous, extensive and complex.

Therefore, initially identifying the degree of missing data in stages has the advantages of:

¢ Providing a methodical process of missing data identification and documentation
e ' Simplifying each task by breaking the task into small steps

®  Minimising the potential for error

Should the data files not be mutually exclusive, then it is recommended to perform the integration first
then review the missing data. This would be relevant if the handling of the missing data is dependent

on a multiple set of variables across the integrated data files.

Missing data are “ubiquitous to all clinical studies” [64] and this fact raises the issue of how to

accommodate for the inadequacy of any given data set (e.g. imputations, mixed-effects regression
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models [68-70]). Reduced statistical power and potentially biased measures (e.g. parameter estimates,
measures of central tendency), caused by losing data due to missing cases, can seriously affect the
integrity of the study [71-73]. In medicine, gene research [74], self-reported medical scales [75] and

longitudinal clinical trials [69] have experienced issues with missing data when running analyses.

There are many methods of handling missing data, such as i) deleting observations with missing data
on any variable (i.e. listwise deletion); ii) deleting observations with missing data on only the two
variables of interest (i.e. pairwise deletion); iii) substituting the missing value with the mean of the
values of that variable (i.e. mean substitution); iv) substituting the missing value with a predicted
value from regression (i.e. regression imputation); v) substituting the missing value with the expected
value based on Maximum Likelihood (ML) estimation; and vi) performing a simulation-based
procedure in order to handle missing data in a way resulting in valid statistical inference (i.e. ML)
[38]. The choice of method used to deal with missing data can influence the analysis performed (e.g.
the size and direction of the correlation coefficient). However, Tabachnick and Fidell believe the
choice of method used for dealing with missing data less important when the proportion of missing
data is less than 5% [63]; however, as the proportion of missing rises, then the choice of technique

becomes more important.

There have been a number of missing data procedures suggested in the literature over the last several
decades [71, 76-79]. The multiple imputation framework of inference for missing data was developed
by Rubin [78]in application to survey nonresponse and Schafer [69] ML estimation is sometimes

used to treat missing data as random variables taken out of the likelihood function as if not sampled.

It is also possible to graphically represent missing data to review. Various graphical tools can be used
to further understand the nature and degree of missing data. Figure 4 presents graphical
representations of missing data for a particular set of 58 variables. From this image the degree of
complete and missing data across all variables can be identified: 73 complete with no missing
variables and 22 with all 58 variables missing. Alternatively, there is also an example of using data
mining graphical techniques to scan the complete integrated file and produce a surface plot of the

missing data. The white areas represent missing data and there is a clear missing data pattern across
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approximately one third of this set of data requiring further analysis. These graphical tools identify if
the missing data is sympomatic of the integration process (e.g. a destinct unnatural pattern) or due to

the underlying nature of the study (e.g. gender filters in a survey).

3. Example use of DIPIT

DIPIT was used to integrate data files from the National Health and Nutrition Examination Surveys
(NHANEYS), a United States population-based cross-sectional study, with the research objective to
study selected demographic, examination and laboratory risk factors for depression. Table 3 outlines
the tools used at each DIPIT step for the integration of the selected 80 demographic, examination and
laboratory data files downloaded from the NHANES website based on the guidelines provided [80].
Primary NHANES data files were in SAS format and converted into Stata format for the integration
process and the final Stata master file used for future statistical analysis. Microsoft Excel and

PowerPoint were used for the DIPIT documentation and flowchart purposes.

All DIPIT steps were followed for the data file integration process. This example demonstrated that

using DIPIT:

e Legal and ethical requirements were met

e A systematic and comprehensive approach was followed

e Processes of data file integration were documented and thus reproducible for scientific rigor
e The origin of all variables in the master file were documented to ensure traceability

® Missing variable data was quantified for future research analysis

e - Data definitions will be clear, concise, and comprehensive

e A transparent, accountable data trail resulted

4. CONCLUSION

The integration of 80 selected demographic, examination and laboratory data files, downloaded from
the NHANES website, has been used to highlight how DIPIT ensures that the final data file was

appropriate for the research objectives, that the legal and ethical requirements are met, that data
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definitions are clear, concise, and comprehensive, and that linkage quality and missing information

was identified and addressed.

The linking of as set of heterogeneous files is becoming increasingly common across all fields of
medicine. This paper presents a protocol, called DIPIT, to provide a systematic approach to a
potentially complex task of integrating a large number of files and variables. Ten steps are proposed
in a table format. At each step tools such as tables, flowcharts and log files are required to ensure the
integration process is clearly documented and easily reproduced, affording a useful protocol for the

accurate and efficient integration of large datasets.
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Figures

Figure 1 Example of a data integration flowchart for DIPIT Step 3

Figure 2 Example Hierarchical Syntax Files for Integration Flowchart and document integration path

for DIPIT Step 7

Figure 3 Examples of record matching types for file integration process

Figure 4 Example of graphical data representations of missing data for a particular set of 58 variables
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Table 1 Overview of the DIPIT ten-step protocol for data integration

DIPIT | Action Strategy Standard
STEP
1 Define the data ¢ Define research hypotheses Documentation of research hypotheses, files
requirements e Establish files to integrate needed to integrate and data quality issues
e Assess data quality
2 Establish ethical, | Establish ethical, legal and privacy issues for Documentation of standards met
legal and privacy | each data file to integrate
issues
3 Order the files to | Setup a flowchart for all files to be integrated, | Flowchart of file hierarchy
integrate incorporating all file names
4 Establish the file | Amend the flowchart in step 3 to document the | Inclusion of all file formats in flowchart
formats file format for each file integrated and the final
master file
5 Define the Create a table containing the variable of Table of variables of interest for research
variables of interest for research containing as a minimum: | incorporating a standard naming format,
interest e Final variable name structured order and identification of file
e Original variable name source.
e Source file of variable
e Preliminary file(s) for variable
e Description of variable
6 Set up link(s) for | Create a table containing the variable(s) links Table of data file links, variables used and
integration and linkage method(s) used containing as a linkage method
minimum:
e Link variable(s)
e Method of linkage
e Automation used (if applicable)
7 Document the Document the structure of the path take for Documentation of path of data file integration
integration path integration to include as a minimum: hierarchy incorporating primary and secondary
¢ The integration of the primary files files, logs and naming convention
e The saving of the Master file format in a
standard file naming structure
e The variables of interest to be retained
e The variables standard naming format
e The merging of all files into the Master
file
® A log of statistics of the key variables, and
missing data analysis
8 Flowchart the Document on flowchart type of integration: Method of integration included in flowchart
type of ® one-to-one and linkages used
integr ation o many-t()-()ne
e one-to many
® many-to-many
9 Document the Define linkage quality measure. Documentation of degree of variable
integration Table of mismatches of records by variable to | mismatches (e.g. log): which variables,
outcome contain as a minimum: percentage matched/mismatched.
e Variable name Document linkage quality measure (e.g. F-
e Source of mismatch measure graphs).
e Reason for mismatch
10 Check variables | Initial data inspection to include as a Document initial investigation of variables.

and missing data

minimum:
e Analysis of key variable(s)
e Missing data analysis

Define minimum percentage of missing data
acceptable for research based on industry
convention and document future handling of
missing data
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Table 2 Example Table of variable translations. File extensions included where applicable (e.g.
“.dta” for Stata file format

Final name(s) Original name(s) | Source File(s) | Preliminary Description
File(s)

ID ID ALL ALL Unique patient

identifier

Scan_larm Larm ScanA.csv ScanA.dta Scan of left arm

Scan_Rarm Rarm ScanA.csv ScanA.dta Scan of right arm

Scan_mri Mri ScanB.txt ScanB.dta MRI

Suvery_sex Gender SurveyA.csv | SurveyA.dta Gender of patient

Survey_dob DOB SurveyA.csv | SurveyA.dta Date of birth

Survey Ql0ato | Ql0ato Q10s SurveyB.sav | SurveyB.dta Q10 Physical exercise

Survey_Q10s items




Table 3 DIPIT Table using NHANES data integration

23

DIPIT | Action Strategy Standard

STEP

1 Define the data ¢ Define research hypotheses To establish most important demographic
requirements e Establish files to integrate & laboratory predictors for depression.

e Assess data quality All NHANES data files for the years 2005-
2008 with consistent variables to be
integrated. 80 data files were integrated.
Data quality high as pre-processed prior to
public access.

2 Establish ethical, | Establish ethical, legal and privacy issues for NHANES 2005-2006: Protocol #2005-06
legal and privacy | each data file to integrate NHANES 2007-2008: Continuation of
issues Protocol #2005-06

3 Order the files to | Set up a flowchart for all files to be integrated, Flowchart NHANES-JobDep1-FLOO1.ppt
integrate incorporating all file names in Microsoft PowerPoint format

4 Establish the file | Amend the flowchart in step 3 to document the All original files were SAS files, initially
formats file format for each file integrated and the final transferred into Stata format for

master file integration. Consistent primary file names
between SAS and Stata.

5 Define the Create a table containing the variable of interest | Microsoft Excel file named NHANES-
variables of for research containing as a minimum: JobDep1-EXCO001.xlsx of variables
interest ¢ Final variable name excluded

® Original variable name

e Source file of variable

e Preliminary file(s) for variable

e Description of variable

6 Set up link(s) for | Create a table containing the variable(s) links Microsoft Excel file named NHANES-
integration and linkage method(s) used containing as a JobDep1-LNKO0OI.xlsx of data file links

minimum: and linkage method.

e Link variable(s)

e Method of linkage

® Automation used (if applicable)

7 Document the Document the structure of the path take for Documentation of path of data file
integration path integration to include as a minimum: Dintegration stored in Stata syntax .do files

¢ The integration of the primary files with one “Master” integration .do file

e The saving of the Master file format in a named NHANES-JobDepI-Master-

standard file naming structure Integrate.do used to run all subsequent
e The variables of interest to be retained syntax files.
The variables standard naming format Alog file of all key variable and missing
The merging of all files into the Master file | datastored in the name NHANES-

e Alog of statistics of the key variables, and JobDepl-Stats.xt.
missing data analysis

8 Flowchart the Document on flowchart type of integration: All integration one-to-one merge based on
type of e one-to-one unique sequential number for variable
integration * many-to-one seqn.

e one-to many

® many-to-many

9 Document the Define linkage quality measure. All merge variables contained details of
integration Table of mismatches of records by variable to mismatches and source at each stage of
outcome contain as a minimum: integration. Merge variables denoted by

e Variable name merge_[fileID] in Master Stata data file.

e Source of mismatch

e Reason for mismatch

10 Check variables Initial data inspection to include as a minimum: | Only those with a depression score were

and missing data

e Analysis of key variable(s)
e Missing data analysis

included and criterion >50% non-missing.
Microsoft Excel file named NHANES-
JobDep1-VAR0O01.x1sx for final set of
integrated variables.

Note: Actual file names altered from original.




<ScanA-Filename>

<ScanB-Filename>

Scan
<Scan-All-filename>

<SurveyA-Filename>

<SurveyB-Filename>

Final Data
<Master-Filename>
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ACCEPTED MANUSCRIPT
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One-to-one match based on one variable One-to-one match based on more than one variable

Merge File
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One-to-many match

Merge File

1D001
D001
ID001
1D002
ID003

ABC
ABD
ACD
ABC
ABC

Master File

>1D001

=1D001
_~ID002

IDO03
IDO08

ABC
ABD
ABC
ABD
ABC

Master File

1D002 -
IDO03

ID006

IDO01 <}
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Data Integration Protocol In Ten-steps (DIPIT): A new standard for medical researchers.

[MAX 5 POINTS, 85 CHARACTERS PER POINT]

Currently no documented protocols exist for best practice integration of data files
Poor quality integration processes cause errors and loss of confidence in the data
DIPIT is a systematic approach for integrating multiple heterogeneous data files

DIPIT is designed to minimise errors and streamline the integration process
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