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Research Informatics & Data Management
One-Week Intensive | From Research Question to Trustworthy Evidence

Graduate-level applied course

Primary perspective: the Health Informaticist

Focus: information architecture behind 

trustworthy research

Five connected modules + one longitudinal 

LMIC case

A research finding is only as 
trustworthy as the information 

pathway that produced it.
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Presenter Notes
Presentation Notes
Welcome to Research Informatics and Data Management.
This is a one-week intensive course, so we are going to be very deliberate about what we focus on. This is not intended to be another research-methods course. We are not going to spend our time learning statistical tests, sample-size calculations, or how to write a research manuscript.
Instead, we are going to examine something that comes before all of those things: the information pathway that makes trustworthy research possible: how a question becomes data requirements, how data are captured and transformed, how meaning is preserved, and how governance and quality affect what can legitimately be concluded.

When researchers receive a dataset, it is easy to think that the data simply exist. But every value in that dataset has a history. Someone collected it, documented it, coded it, stored it, transferred it, transformed it, or interpreted it.
Every one of those steps can preserve meaning—or distort it.
Our central principle for this course is therefore: A research finding is only as trustworthy as the information pathway that produced it.
As Health Informaticists, our responsibility is to understand and help design that pathway.

http://drive.google.com/file/d/1fmJ6BYOdC0BGXIdMGUwGqmhr4Rl1d4BA/view


Research Informatics & Data Management
Course Roadmap: Five integrated modules

❑ From Research Question to Information Requirements: 
Translating research concepts into computable variables. 

❑ Research Data Sources, Provenance & Lineage: Understanding 
where data come from and what happens to them. 

❑ Research Data Structure, Meaning & Quality
Preserving meaning through data models, dictionaries, metadata and 
quality checks. 

❑ Governance, Ethics, Bias & FAIR Data
Ensuring responsible, authorized, and trustworthy use of research 
data. 

❑ Research Informatics in Resource-Constrained Settings
Designing reliable, practical research-data systems for LMIC realities

“Can We Trust the 
Dataset?” applied 

exercise 
+ 

final Research 
Informatics Plan
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This one-week course follows the research information pathway from question to trustworthy evidence.

Presenter Notes
Presentation Notes
Before we begin the individual modules, I want to briefly show you how this one-week course is organized and how the pieces fit together.
Rather than treating research informatics as a collection of separate topics, we will follow the research information pathway from the initial question to the final evidence. Each module builds on the previous one, so the goal is to help you see research data as part of a connected life cycle  rather than as a spreadsheet that simply appears at the analysis stage.
Module 1 focuses on moving from the research question to information requirements. We will distinguish research informatics from traditional research methods and look at how a clinical or research concept becomes something that can actually be represented and queried in data. This is where we ask questions such as: What exactly are we trying to measure? How should it be defined? Can the available data legitimately represent that concept?
Module 2 examines research data sources , provenance, and lineage. Here, we will look at the healthcare data ecosystem and the difference between data collected for clinical care and data that are actually research-ready. We will also introduce provenance—where the data came from—and lineage—what happened to the data as they moved from the source system into the research dataset. The longitudinal Missing Cancer Patients case will help make these concepts practical.
Module 3 focuses on data structure, meaning, and quality. This is where we examine research data models, data dictionaries, metadata, and the multiple dimensions of data quality. We will also discuss fitness for purpose, because a dataset can be high quality for one use and inadequate for another. We will look closely at missingness as information and at the tension between structured and unstructured data.
Module 4 addresses governance, ethics, bias, and FAIR data principles. We will examine who is authorized to use research data, how privacy and secondary use should be managed, and why technical access does not automatically mean appropriate use. We will also look at how bias can enter long before statistical analysis—through access to care, documentation, information systems, and extraction decisions. Finally, we will introduce the FAIR principles: making data findable, accessible, interoperable, and reusable while still protecting sensitive health information.
Module 5 brings all of this into resource-constrained settings. We will look at the realities of LMIC research environments, including paper–digital hybrid systems, limited interoperability, inconsistent identifiers, connectivity challenges, and limited informatics capacity. The focus will be on designing minimum viable research-data architectures that are simple, reliable, governed, and fit for purpose. We will also clarify the role of the Research Informaticist in connecting the research question to clinical meaning, data representation, technology, workflow, governance, and analysis.
The course concludes with an assessment applied activity.
“Can We Trust the Dataset?”, where you will examine a small dataset containing deliberate data-quality and interpretation problems and determine whether it is fit for the intended research question.
So throughout this week, keep one central question in mind:
Can the information pathway we are designing preserve enough meaning, quality, and accountability for the final evidence to be trusted?
That question connects all five modules.


http://drive.google.com/file/d/1wRC5-st6bxdhlf40A9eH67l2qyWPCPe_/view


What You Should Be Able to Do by the End of the Course

❑ Translate a research question into computable data 
requirements

❑ Distinguish clinical data from research-ready data
❑ Evaluate provenance, lineage, data quality and fitness 

for purpose
❑ Design a data dictionary, metadata and governance 

approach
❑ Recognize bias introduced before statistical analysis
❑ Design a practical LMIC research-data architecture
❑ Explain the Informaticist’s role in reproducible, 

trustworthy evidence

Question

Data

Meaning

Evidence
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Presenter Notes
Presentation Notes
The course outcomes emphasize application. Learners should be able to look at a research question and ask whether the available information can actually answer it. 
By the end of this course, I want you to think differently whenever someone says, “We have the data.”
Your first question should be: Do we actually have the data required to answer the question? 
They should also be able to identify where meaning, quality, privacy, or representativeness could be compromised before analysis begins.

You should be able to take a research question and translate it into explicit, computable data requirements.
You should understand why data collected during routine clinical care are not automatically research-ready.
You should be able to evaluate where data came from, what happened to them, whether they are sufficiently complete and consistent, and whether they are actually fit for the intended research purpose.
You should also recognize that trustworthy research data require more than technical quality. They require appropriate governance, privacy protections, clear definitions, and awareness of potential bias.
Finally, you should be able to design a practical research-data architecture appropriate to a resource-constrained environment.
The progression we will follow is: Question → Data → Meaning → Evidence. 




http://drive.google.com/file/d/1xCV7yKeDKRCTGFRQx5tjZbXemT5mJYsb/view


APPLIED HEALTH INFORMATICS
Research Informatics & Data Management

MODULE 1 — FROM RESEARCH QUESTION TO INFORMATION REQUIREMENTS

Copyright MSKCC. Confidential — do 
not distribute without permission.

http://drive.google.com/file/d/1_xIBfQf5JNfME8X1pXmH8mHWYWW37TFy/view


Module 1 | Research Informatics: The Missing Layer
Research methods – Asks how to investigate; Research informatics – Asks if information can support the investigation.

Research question — What are we trying to learn?
Research methods — How will we investigate it?
Research informatics — How must information be 
represented, acquired, governed, transformed and 
preserved?
Analysis — What patterns or relationships are 
present?
Evidence — What conclusions are defensible from 
those data?

Teaching Pearl

A statistically sophisticated 
analysis cannot rescue poorly 

defined, poorly captured, or 
poorly governed information.
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Presenter Notes
Presentation Notes
Research informatics sits between the scientific question and the analytic result. A beautifully designed statistical model cannot compensate for variables that were poorly defined, data captured inconsistently, or transformations that changed meaning. 
Let's begin by distinguishing several concepts that are often mixed together.
The research question tells us what we want to learn.
Research methods tell us how we plan to investigate that question.
Analysis identifies patterns, differences, or relationships in the data.
And ultimately, we hope those analyses allow us to produce defensible evidence.
Research informatics occupies a critical space between these activities.
It asks: How must information be defined, represented, acquired, governed, transformed, and preserved so that the research question can actually be answered?
Imagine that we want to know whether delayed cancer treatment affects outcomes. Before performing any statistical analysis, someone has to determine what counts as treatment, what counts as a delay, which date represents treatment initiation, where those data reside, and whether those definitions are consistently represented.
That is research informatics.
So remember the teaching pearl on this slide:
A statistically sophisticated analysis cannot rescue poorly defined, poorly captured, or poorly governed information.
The quality of the evidence begins long before the statistical analysis.

The Informaticist helps make the information pathway explicit and defensible.

http://drive.google.com/file/d/1x-vVmaBZVeefUnUwA39La6ys4PfM4gDX/view


The Research Information Lifecycle
Every upstream decision constrains what can legitimately be concluded downstream.

Research 
Question

Data 
Requirements

Data 
Sources

Capture / 
Acquisition

Storage & 
Governance

Transformat
ion & 

Quality

Analysis-
Ready 

Dataset
Analysis

Evidence / 
Knowledge

At every transition ask: What changed? What meaning was added, removed, 
inferred, or lost?
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Presenter Notes
Presentation Notes
The Research Information Lifecycle is the foundational model for the course.
Research begins with a question. That question creates information requirements. Those requirements determine which data sources we need.
Information is then captured or acquired, stored and governed, transformed and evaluated for quality, assembled into an analysis-ready dataset, analyzed, and ultimately converted into evidence or knowledge.
Notice something important: analysis occurs very late in this lifecycle.
By the time the statistician receives the dataset, many consequential decisions have already been made.
Perhaps a clinical concept was defined incorrectly.
Perhaps patients were linked incorrectly between two systems.
Perhaps laboratory units were converted inconsistently.
Perhaps missing values were interpreted as negative findings.
Those problems become inherited by the analysis.
At every transition in this lifecycle, therefore, I want you to ask:
What changed? What meaning was added? What was removed? What was inferred? And what might have been lost?
Every upstream decision constrains what we can legitimately conclude downstream.


http://drive.google.com/file/d/1Js9lVDSONjMM3HlOjznoyZA4pGFwuN2H/view


From Clinical Question to Computable Variable
Conceptual variables must be operationalized before they can be queried.

Example question: Among adults receiving breast cancer 
treatment, is treatment interruption associated with poorer 
12-month outcomes?
Population: What operational definition identifies an 
eligible adult with breast cancer?
Exposure: What event, duration or sequence constitutes a 
treatment interruption?
Outcome: What precisely counts as a poorer 12-month 
outcome?
Time: When does follow-up begin and end?
Covariates: Which factors could alter interpretation of the 
relationship?

Clinical concept ≠ 
computable variable

The definition must be 
represented in data.
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Presenter Notes
Presentation Notes
This slide introduces one of the core competencies of research informatics: operationalization. 'Treatment interruption' sounds clinically obvious, but computers need explicit rules. Is it a missed appointment, a gap between administrations, a cancelled order, or a documented clinical decision? 
The definition chosen determines which patients enter the exposure group and therefore affects the result.
Consider the question on this slide:
Among adults receiving breast cancer treatment, is treatment interruption associated with poorer 12-month outcomes?
Clinically, that sounds straightforward.  Computationally, it is not.
First, who qualifies as an adult breast-cancer patient? Are we identifying them from diagnosis codes, pathology results, a tumor registry, or some combination?
Next, what exactly is a treatment interruption? Is it one missed appointment? A treatment gap greater than seven days? A cancelled chemotherapy administration? Does a clinically planned treatment break count?
Then we have the outcome. What does poorer outcome mean? Disease progression? Mortality? Treatment non-completion? Hospitalization?
And when does the 12-month period begin?
This is the distinction between a conceptual variable and a computable variable.
Humans can understand an idea such as "treatment interruption." A computer requires explicit rules and data representations.
The Informaticist helps translate clinical meaning into definitions that can be consistently represented and queried.


http://drive.google.com/file/d/1X_qbnBz_4QxpeIc7SuvgK2H33J44Xaxy/view


Critical Thinking | What Can the Dataset Actually Answer?

Before extraction, ask whether the source contains 
the needed concept—not merely a related field.
Separate directly observed data from derived or 
inferred variables.
Identify required temporal relationships: before, 
during, after, within a defined interval.
Document assumptions used to transform clinical 
events into research variables.
If a concept cannot be represented reliably, revise 
the question or collect additional data.

Informaticist question:

“If we obtain an answer, can 
we trust what the data 

mean?”
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Presenter Notes
Presentation Notes
Learners should resist the temptation to start with whatever data are easiest to extract. 
This slide introduces an important discipline: do not allow the available dataset to dictate the research question without examining what the data actually represent.
Researchers sometimes begin with whatever variables are easiest to extract and then assume those variables adequately represent the concepts of interest. Instead, start with the research question and work backward. The research question should drive data requirements. 

Which concepts must be observed directly? Which variables will need to be derived? What temporal relationships matter? What assumptions will be required?

When the available data cannot represent a key concept reliably, we have several choices. We might collect additional data, identify another source, modify our operational definition, or even revise the research question. The correct response may be to revise the question, supplement the dataset, or explicitly acknowledge the limitation.

What we should not do is quietly substitute an available variable for the concept we actually wanted to study.
The Informaticist question is: If we obtain an answer from these data, can we trust what that answer means?


http://drive.google.com/file/d/1rWm9nttVEMJ53vWUJAHn2zT2ElpDDjP1/view


APPLIED HEALTH INFORMATICS
Research Informatics & Data Management

MODULE 2 — RESEARCH DATA SOURCES, PROVENANCE & LINEAGE
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http://drive.google.com/file/d/1t-8kDA_7U2etFuRCtTUyty59m1dd2tLB/view


Module 2 | The Healthcare Data Ecosystem
Research data inherit the purpose and workflow of the systems that created them.

❑ EHR and clinical documentation
❑ Laboratory and pathology systems
❑ RIS/PACS and imaging repositories
❑ Pharmacy and medication systems
❑ Disease registries and public-health platforms
❑ Claims and administrative systems
❑ Surveys, mobile health and patient-generated 

data
❑ Genomic and dedicated research databases

Do not ask only:
“Where is the data?”

Ask:
Who created it? Why? When? 

Under what workflow and 
definition?
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Presenter Notes
Presentation Notes
A field in an EHR exists because it supported care, billing, regulation, or workflow, not necessarily research. Understanding the source system and the workflow that produced a field is essential to interpreting it correctly. 

Health research data can originate from many different environments.
We may use EHR data, laboratory results, imaging systems, pharmacy systems, disease registries, claims, public-health platforms, surveys, mobile applications, genomic databases, or dedicated research systems.
But knowing where the data are stored is not enough.
For every source, ask: Who created this information? Why was it created? Under what workflow? At what point in care? Using what definitions?
A diagnosis code created for billing may not represent disease in exactly the same way as a pathology-confirmed diagnosis in a cancer registry.
A medication order tells us that a clinician intended a patient to receive a medication. It does not necessarily prove that the medication was administered.
The purpose and workflow of the source system shape the meaning of its data.

The same apparent variable may mean different things in different systems.

http://drive.google.com/file/d/1OQdneIk8V67Q71N0c1Rc3yUZ885ODAgr/view


Clinical Data Are Not Automatically Research-Ready
Data availability is not equivalent to data usability.

Multiple measurements may exist for the same 
concept.
Reference ranges, units and methods may vary by 
laboratory or time.
Results may be corrected after initial posting.
Free text may contain clinically important context 
absent from structured fields.
Encounter duplication can create false event counts.
Timestamps may represent order, collection, result, 
verification or documentation time.

Example

A hemoglobin value is available.
But which value, unit, method, 
time point and clinical context 

should the study use?
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Presenter Notes
Presentation Notes
The key message is that 'the value exists' is not enough. Research requires consistent selection rules and preserved context. A laboratory result may have multiple timestamps and versions. If the study uses the wrong timestamp or fails to harmonize units, the analysis may be reproducible technically but wrong scientifically.

Suppose I tell you that the EHR contains the patient's hemoglobin.
Is that enough?
Perhaps the patient has ten hemoglobin measurements.
Which one should we use?
Perhaps two laboratories use different units. Perhaps a result was subsequently corrected. Perhaps the clinically important information exists only in narrative text.
Even timestamps require interpretation. An EHR might contain an order time, specimen collection time, result time, verification time, and documentation time.
Which one corresponds to the research concept?
This is why data availability is not equivalent to data usability.
Clinical data are produced to support care. Before using them for research, we must determine whether their definitions, context, timing, and representation are appropriate for the research question.


http://drive.google.com/file/d/1ilSnl0zYb4xRjMspefdKOk8_AVHzT2TG/view


Provenance and Lineage
Trust requires knowing where information came from and what happened to it.

Patient Clinician EHR Warehouse Extraction Transforma
tion

Research 
Dataset Analysis

Provenance = origin and circumstances of creation.
Lineage = transformations and movement from source to analytic dataset.
Reproducibility requires documenting both.
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Presenter Notes
Presentation Notes
Two concepts become very important here: provenance and lineage.
Provenance answers where the information originated and under what circumstances. 
Lineage documents what happened after creation: extraction, mapping, cleaning, derivation, aggregation and filtering. 
If those steps are undocumented, another researcher cannot reproduce the dataset or judge whether meaning changed. 

Look at the pathway on the slide:
Patient → Clinician → EHR → Data Warehouse → Extraction → Transformation → Research Dataset → Analysis.
Suppose the EHR recorded weight in kilograms, but an extraction process converted it to pounds. Later, another analyst converts it back to kilograms.
Unless those transformations are documented, the final value may look perfectly reasonable while being wrong.

Research reproducibility therefore requires more than saving the final dataset.
We need enough information to reconstruct where the data came from and how they became what we analyzed.


http://drive.google.com/file/d/1KMjACwXNzmrsDv-rGPdynArT9AFOwp_W/view


Longitudinal Case | The Missing Cancer Patients
A simple research question becomes an information-integration problem.

Question: What proportion of women diagnosed with 
breast cancer complete treatment within 12 months?
EHR contains diagnoses and encounters.
Pathology uses a separate database.
Chemotherapy is partly electronic; radiotherapy uses 
another system.
Some treatment occurs outside the hospital.
Deaths outside the institution may not be recorded.
Patient identifiers are inconsistent across systems.

Leadership asks:

“Can you simply extract 
all breast cancer patients 
and calculate treatment 

completion?”
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Presenter Notes
Presentation Notes
This longitudinal case will recur throughout the course. The apparent request is simple, but treatment completion cannot be calculated reliably until we define the cohort, reconcile identifiers, integrate multiple systems, account for outside treatment, and determine what absence of a record means.

This case will help us integrate the concepts from the course.
A Nigerian teaching hospital asks a seemingly simple question:
What proportion of women diagnosed with breast cancer complete treatment within 12 months?
Leadership asks us to simply extract the breast-cancer patients and calculate treatment completion.
But look at the information environment.
Diagnoses and encounters are in the EHR. Pathology is maintained separately. Chemotherapy is only partly electronic. Radiotherapy uses another system. Some patients receive portions of their treatment elsewhere. Deaths occurring outside the hospital may never reach the EHR. And identifiers are inconsistent between systems.
Now consider what absence of treatment documentation means.
Did the patient abandon treatment?
Did she receive treatment somewhere else?
Was the treatment documented on paper?
Did the systems fail to link the records?
Did she die?
Those possibilities have very different meanings.
So the question that initially sounded like a simple database query has become an information integration, provenance, identity-management, and missing-data problem.
That is research informatics.


http://drive.google.com/file/d/1eyN_ubvJ4Fm6jDWyih6GRH3968of8Bns/view


APPLIED HEALTH INFORMATICS
Research Informatics & Data Management

MODULE 3 — RESEARCH DATA STRUCTURE, MEANING & QUALITY 
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Module 3 | Research Data Models Preserve Meaning
A value without context is only a number.

Entity — What or who is being represented?
Variable — What characteristic or event is 
being measured?
Value — What was observed or recorded?
Context — Unit, date/time, source, method, 
status and clinical meaning.

Patient 027
Hemoglobin

8.7 g/dL
14 Jun 2026

Pre-treatment

The data model determines whether meaning survives aggregation, exchange and 
analysis.
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Presenter Notes
Presentation Notes
Use the hemoglobin example to show why values need context. 8.7 may be clinically meaningful only if we know the unit, timing, source and relation to treatment. 
Research data models should preserve enough context to support interpretation without requiring the original chart for every value.

A useful way to think about research data is: Entity → Variable → Value → Context.
Consider the example: Patient 027 → Hemoglobin → 8.7 → grams per deciliter, June 14, 2026, pre-treatment.
If I give you only the number 8.7, it tells you almost nothing.
Meaning comes from context.
Who does the value belong to?
What was measured?
What unit was used?
When was it measured?
What was happening clinically at that time?
A good research-data model preserves enough of this context so that meaning survives when information is aggregated, exchanged, or analyzed.
That is why data architecture is not simply about creating columns in a spreadsheet. 


http://drive.google.com/file/d/1bafAZUujtPCtPYm27gEaizmV4TSiwBNo/view


The Data Dictionary Is Research Infrastructure
A shared semantic contract for how variables are represented.

Variable Definition Type / Values Unit Source Missing Rule Transformation

If two researchers can interpret the same variable differently, the 
data dictionary has failed.
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Presenter Notes
Presentation Notes
A data dictionary is sometimes described simply as a list of variables.
For research informatics, that definition is inadequate.
A data dictionary is not merely a list of column names. It is a semantic contract among everyone who creates, manages, and analyzes the dataset. 
It should define what each variable means. We should know each variable type and allowed values, units, source, missing-value conventions, and any transformation applied. This is especially important when teams change or datasets are reused. 
Suppose a variable is called Treatment Completed.
Does "Yes" mean the patient received every planned treatment? Completed treatment at this hospital? Completed treatment anywhere? Completed within a specified time?
Unless those definitions are explicit, two researchers can analyze the same column and mean different things.
The teaching pearl here is simple: If two researchers can interpret the same variable differently, the data dictionary has failed. 

http://drive.google.com/file/d/12CCDsiGO2OesLH7Hwn59LefD0NjgNmAR/view


Metadata Preserves Meaning Over Time
Data can remain technically available while becoming semantically unusable.

“Stage = 3” is incomplete without the staging 
system and version.
Clinical stage and pathological stage are not 
interchangeable.
A date may represent diagnosis, specimen 
collection, result verification or data entry.
A code may change meaning across software 
versions or reporting standards.
Metadata makes interpretation, reuse and 
reproducibility possible.

Metadata answers:

What does this value mean?
How was it produced?

Under which rules?

CAHI Research Informatics & Data Management  |  Module 3 — Structure, Meaning & Quality  |  13

Presenter Notes
Presentation Notes
Metadata is data about the data. It preserves the rules and context needed for future interpretation. A dataset may be perfectly stored but still become unusable if the coding system, staging version, unit conventions, or transformation rules are lost.
Consider the statement: Stage equals 3.
What does that mean?
Which disease? Which staging system? Which version? Was this clinical stage or pathological stage? When was it assessed?
Without that context, the value may be technically stored but scientifically ambiguous.
The same problem occurs with dates, codes, laboratory methods, and software versions.
Metadata helps preserve the rules and circumstances needed to interpret data after the original researcher, analyst, or clinical team is no longer available.
A dataset can therefore remain physically intact for ten years and still become semantically unusable if the metadata required to interpret it have been lost.

http://drive.google.com/file/d/1N6akSSKhbjnNC33OP15VQ07pM4HJjeq5/view


Research Data Quality Is Multidimensional
“Clean data” is an inadequate description.

Completeness
Expected data are present

Accuracy
Values reflect reality

Consistency
Representations agree

Validity
Values follow defined rules

Timeliness
Available at the required time

Uniqueness
No inappropriate duplication

Integrity
Relationships are preserved

Fitness for purpose:
A dataset can be high quality for one use and inadequate 

for another.
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Presenter Notes
Presentation Notes
Data quality has multiple dimensions and should always be evaluated relative to purpose. A billing dataset may be accurate enough to support reimbursement but inadequate for determining clinical disease severity. The relevant question is not whether a dataset is 'good' in the abstract, but whether it is fit for the research question.
We frequently hear people describe datasets as either "clean" or "dirty."
Research data quality is much more nuanced.
Completeness asks whether expected information is present.
Accuracy asks whether the recorded value reflects reality.
Consistency asks whether representations agree across sources or time.
Validity asks whether values conform to defined rules.
Timeliness asks whether the information was available when needed.
Uniqueness addresses inappropriate duplication.
And integrity asks whether relationships between data elements have been preserved.
But there is one more concept that is particularly important: fitness for purpose.
A dataset can be perfectly appropriate for one purpose and inadequate for another.
Billing data might accurately indicate that a service was charged, but may not contain the clinical detail necessary to evaluate disease severity.
So don't ask only: Is this a high-quality dataset?
Ask: Is this dataset sufficiently high quality for the question we are trying to answer?


http://drive.google.com/file/d/1RyEvcBzqBhcKub28TFUvsWpSsEIOWeLo/view


Missingness Is Information
A blank field may reflect workflow, access, infrastructure or clinical reality.

Test not ordered
Patient could not afford the test
Equipment unavailable
Result exists only on paper
Patient transferred or was lost to follow-up
Field was optional or workflow bypassed
Information captured in narrative rather than structured 
data

Do not ask only:
“How much data are missing?”

Ask:
“Why are they missing, and is 

missingness systematic?”
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Presenter Notes
Presentation Notes
Missingness can encode important aspects of the health system. In resource-constrained settings, a missing laboratory result may indicate affordability, stock-out, equipment failure, or referral outside the facility. Treating all missing values as equivalent can introduce serious bias.
When researchers see an empty field, the immediate reaction is often to call it missing data.
But why is it missing?
Perhaps the clinician did not order the test.
Perhaps the patient could not afford it.
Perhaps the laboratory equipment was unavailable.
Perhaps the test was performed but documented on paper.
Perhaps the patient transferred elsewhere.
Or perhaps the information exists in a clinical note but was never entered into the structured field.
Those explanations are not equivalent.
In LMIC environments particularly, missingness can encode important information about access, workflow, infrastructure, resources, and continuity of care.
So instead of asking only, “What percentage of our data are missing?”, ask:
Why are the data missing, and is that missingness systematic?
If certain groups are systematically more likely to have missing information, our research findings may become biased. 


http://drive.google.com/file/d/1JNAeKWSAnKhZRhPIQ5Svso2ts8jYeh6H/view


Structured–Unstructured Tension
Computability and clinical meaning are both valuable.

❑ Structured data support validation, querying, 
aggregation and comparison.

❑ Narrative text preserves uncertainty, reasoning, 
nuance and context.

❑ Over-structuring can force complex clinical reality 
into misleading categories.

❑ Under-structuring can make important information 
difficult to retrieve or analyze.

❑ Design principle: structure what must be 
computable; preserve narrative where context 
matters.

The goal is not maximum 
structure.

The goal is usable 
information without loss of 

meaning.
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Presenter Notes
Presentation Notes
Research informatics must balance computability with meaning. Structured fields are powerful for analysis and make information easier to validate, search, aggregate and compare. But forcing uncertainty or complex reasoning into rigid categories may distort reality. Suppose we force every complex clinical assessment into a simple Yes/No field. We gain computability, but we may lose meaning and can’t accurately represent nuances.
On the other hand, if everything is recorded only as narrative text, extracting consistent research information becomes difficult.

The goal of good informatics design is therefore not maximum structure.
The question is: Which information must be computable, and which information loses important meaning when we over-structure it?
The strongest research systems deliberately balance those two needs.

The Informaticist decides which concepts require standardized structure and where narrative should remain available.

http://drive.google.com/file/d/1iUznMytNgceLxNFVw_ErKfxj8uj9JmKz/view


APPLIED HEALTH INFORMATICS
Research Informatics & Data Management

MODULE 4 — GOVERNANCE, ETHICS, BIAS & FAIR
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http://drive.google.com/file/d/1gZR8hoiueZVdtwIzuBqUgVwG5_BxMSxg/view


Module 4 | Research Data Governance
Technical access is not the same as authorized use.

❑ Who is the data steward or accountable owner?
❑ Who may access which data?
❑ For what approved purpose?
❑ Where may data be stored or transferred?
❑ What safeguards are required?
❑ How long should data be retained?
❑ What happens at project completion or reuse?

Having access to data does 
not mean you have the right 

to use it.
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Presentation Notes
Research data governance defines authority, accountability and permitted use. It defines who has authority and responsibility over information. 
Who is the data steward?
Who may access the dataset?
For what approved purpose?
Where may it be stored?
Can it be transferred outside the institution?
How long should it be retained?
What happens after the project ends?

One distinction is particularly important:
Technical access is not the same as authorized use.

A researcher may have sufficient system permissions to query thousands of patient records. That technical capability does not automatically create ethical, institutional, or legal authority to use those records for research.
Governance should therefore be designed into the research information lifecycle—not added after the data have already been extracted.

http://drive.google.com/file/d/1Yur3m_RX-pqF8sVum0nR04mQh0LIa4eP/view


Privacy, Consent and Secondary Use
Research use creates obligations beyond clinical access.

❑ Consent and/or appropriate ethics oversight
❑ Purpose limitation: use data for the approved 

question
❑ Minimum necessary data
❑ De-identification or pseudonymization where 

appropriate
❑ Role-based access and secure storage
❑ Data-use agreements for sharing 
❑ Clear accountability for breaches or misuse

Scenario

A hospital has 10 years of 
oncology data.

Can a researcher use it simply 
because it is queryable?
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Consider the scenario on this slide.
A hospital has ten years of oncology data in its EHR.
A researcher can technically query those records.
Does that mean the researcher can simply use them? 
No.
Appropriate research use may require consent, ethics or IRB review, institutional authorization, de-identification or pseudonymization, data-use agreements, access controls, and purpose limitation.
The specific regulatory requirements will differ across jurisdictions and institutions.

The informatics principle, however, remains consistent:
Access should be authorized, proportionate, auditable, and appropriate to the approved purpose.
Good research informatics therefore protects not only the scientific value of data but also the people represented by those data.

http://drive.google.com/file/d/17A7tUK_liQ-WtUqA8jfDT355aeNfvitH/view


Bias Can Enter Before Analysis
Information systems shape who becomes visible in the dataset.

Real Population Reaches Care Documented Represented 
Digitally Extracted Eligible Cohort

Selection bias can begin with who reaches the health system.
Documentation practices determine who is visible and how.
Extraction and inclusion rules can further reshape the population.
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This is one of the most important slides in the course.
When people hear the word bias, they often think immediately about statistics or study design. But bias can enter much earlier and not only a statistical phenomenon. 

Start with the real population.
The data pipeline itself selects and represents people. Patients who never reach care, receive care outside the system, or are documented differently may be absent or misclassified. Only some information becomes structured digital data or only some records are successfully extracted.
And then researchers apply inclusion and exclusion criteria to create the analytic cohort.
At every stage, the research population may change, and the analytic cohort may therefore differ systematically from the population the researcher believes they are studying. 

Imagine studying cancer outcomes in one geopolitical zone in Nigeria using only records from an EHR. Patients who cannot access the hospital may never appear. Patients who receive treatment elsewhere may appear to have abandoned care.
The information system itself therefore influences who becomes visible to research.
Bias can be an information-system problem before it ever becomes a statistical problem.


http://drive.google.com/file/d/1KxlUjrbVtJ5zus6E4oX1L9sP4xi6IB7f/view


FAIR Research Data
Findable • Accessible • Interoperable • Reusable

Findable — data and metadata can be located 
and identified.
Accessible — authorized users can retrieve them 
through defined processes.
Interoperable — meaning can be exchanged 
across systems and tools.
Reusable — documentation and context support 
appropriate future use.

FAIR ≠ open to everyone

Research data can be FAIR 
while remaining appropriately 

protected.
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FAIR principles improve scientific value and stewardship. Accessible does not mean public. Sensitive health data can be protected while still being well described, governed, interoperable and reusable by appropriately authorized researchers.

FAIR stands for:
Findable, Accessible, Interoperable, and Reusable.
Findable means that data and their metadata can be appropriately located.
Accessible means authorized users can retrieve them through defined processes.
Interoperable means that information can move between systems while preserving meaning.
Reusable means that sufficient documentation and context exist to support appropriate future use.

There is an important misconception to avoid:
FAIR does not mean open to everyone.
Sensitive health data can be appropriately protected while still being well described, governed, interoperable, and reusable by authorized researchers.
FAIR is therefore about responsible scientific stewardship, not unrestricted access.


http://drive.google.com/file/d/1DKF5s7dhT28scjlhuMpzQ9QCEyxjGiZr/view
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Module 5 | Research Informatics in Resource-Constrained Settings
Adapt architecture to reality without lowering scientific standards.

❑ Paper–digital hybrid workflows
❑ Fragmented or inconsistent patient identifiers
❑ Limited interoperability
❑ Connectivity and power interruptions
❑ Variable documentation practices
❑ Multiple donor/program reporting requirements
❑ Limited longitudinal records
❑ Limited informatics and data-management 

workforce

Design question:

How do we preserve 
trustworthy information when 
infrastructure and workflows 

are imperfect?
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Now we bring these principles directly into LMIC environments.
Research data may exist across paper and digital systems.
Patient identifiers may be inconsistent.
Systems may not communicate with one another.
Power and connectivity may be unreliable.
Documentation practices may vary.
Different donor programs may require overlapping but incompatible reports.
And there may be very few trained data managers or Informaticists available.
The wrong conclusion would be that rigorous research informatics is therefore impossible. LMIC research informatics should not be framed as accepting lower quality. 

The challenge is to design data processes that are resilient to real constraints. 
The appropriate question is: How do we design information processes that remain trustworthy despite these constraints?

The architecture may be simpler, and the technology may be more pragmatic, but definitions, governance, validation and documentation should remain rigorous.
Resource constraints require adaptation—not weaker scientific standards



http://drive.google.com/file/d/1g5gc_CkSzWYQ9zZ795IK2gWjghZApbQz/view


Minimum Viable Research Data Architecture
Reliable simplicity is often more valuable than unnecessary complexity.

Source 
Systems /

Paper

Standardized
Capture

Validated 
Research

Repository

Quality &
Governance

Analysis-Ready
Dataset

Research
Output

Complexity should be justified by the research need—not imported 
from high-resource settings.
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This architecture emphasizes a controlled pathway from source information to research output. A sophisticated data lake is not inherently better than a well-governed REDCap database or validated local repository. The appropriate architecture is the simplest one that reliably supports the research need.

This model represents a practical research-data architecture.
We begin with source information, which may come from digital systems, paper records, or both.
We then standardize capture.
The information moves into a validated research repository.
Quality and governance controls are applied.
From there, we produce an analysis-ready dataset and eventually research outputs.
Notice that this architecture does not require a sophisticated enterprise data warehouse.
A carefully designed REDCap database, local research repository, or other sustainable platform may be entirely appropriate.
The principle is: Complexity should be justified by the research need—not imported from high-resource environments simply because sophisticated technology exists.
Reliable simplicity is often better than unsustainable sophistication.


http://drive.google.com/file/d/1mFRq0-OFAF20joWaasKIzvbOLCH12Lw4/view


Practical Strategies for LMIC Research Data
Design for reliability, traceability and sustainable operations.

❑ Define a minimum dataset before collecting everything 
available.

❑ Use standardized data dictionaries and local coding 
conventions.

❑ Use offline-capable capture where connectivity is unreliable.
❑ Assign unique study identifiers and document linkage rules.
❑ Build validation rules into data entry.
❑ Use role-based access and routine backups.
❑ Schedule data-quality review rather than waiting until analysis.
❑ Document every transformation from source to analytic 

variable.

Goal:
Reliable simplicity

— not technological 
sophistication for its 

own sake.
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These strategies are deliberately pragmatic. They protect data quality and reproducibility without assuming enterprise infrastructure. 
What does reliable simplicity look like in practice?
First, define a minimum dataset. Don't collect information merely because it might someday be useful.
Use a clear data dictionary and locally appropriate coding conventions.
If connectivity is unreliable, consider offline-capable capture.
Use unique study identifiers and document how records are linked.
Build validation rules into data entry whenever possible. Preventing an error at the point of capture is generally better than trying to discover it six months later.
Use appropriate role-based access and reliable backups.
Schedule routine data-quality reviews rather than waiting until analysis.
And importantly, document transformations.
If the original value was changed, recoded, normalized, combined, or derived, someone should be able to determine what happened.
The goal is reliable simplicity—not technological sophistication for its own sake. 


A minimum dataset, validation at entry, documented transformations, secure access, and routine review often provide more value than an overengineered platform that cannot be maintained.

http://drive.google.com/file/d/1sDIy1g-fYwdLh4pcLyO8-Uo4zzlW4cKW/view


The Informaticist Role in Research
Align the scientific question with the information system that must answer it.

Research 
Question

Clinical 
Meaning

Data 
Representation Technology Workflow Governance Analysis

The Informaticist asks:

Can the question actually be answered with these data—and can 
we trust what those data mean?
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This slide brings the course together. It is the synthesis slide. 
The Informaticist connects scientific intent to clinical meaning, representation, technology, workflow, governance and analysis. Their responsibility is not merely extracting data; it is ensuring that the data pathway preserves the meaning required to answer the question.

The Research Informaticist sits at the intersection of:
Research Question → Clinical Meaning → Data Representation → Technology → Workflow → Governance → Analysis.
Consider why that matters.
The researcher understands the scientific question.
The clinician understands the clinical context.
The database developer understands the technical system.
The statistician understands the analysis.
But someone must ensure that meaning survives across all of those boundaries.
That is a central contribution of the Informaticist.
Our role is not simply to extract data from a database.
It is to ask: 
Does the way this information is defined and represented actually correspond to the scientific concept?
Did the workflow that generated the information introduce limitations?
Did transformations preserve meaning?
And ultimately:
Can this research question actually be answered with these data—and can we trust what those data mean?


http://drive.google.com/file/d/142__X-HD_ToY31s0j0-2dYwQVCit1SK1/view


Applied Exercise | Can We Trust the Dataset?
Move from identifying errors to evaluating fitness for purpose.

Review a 15–20 patient research extract containing 
deliberate problems.
Identify five data-quality or interpretation issues.
Decide which can be corrected algorithmically.
Identify which require source or clinical verification.
Identify which could introduce bias.
Conclude whether the dataset is currently fit to answer 
the research question—and justify your decision.

Examples embedded in the 
dataset:

Duplicates • inconsistent IDs • 
missing stage • conflicting 
dates • unit differences • 

outside treatment
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This applied exercise should require reasoning rather than simple error spotting. Some issues can be standardized computationally; others require returning to the source or obtaining clinical interpretation. You should explicitly connect data-quality problems to potential bias and to whether the dataset is fit for the intended question.
This exercise asks you to move from learning concepts to making decisions.
You will receive a small research dataset in Moodle containing deliberately embedded problems—for example, duplicate patients, inconsistent identifiers, missing staging information, conflicting dates, different units, and treatment that occurred outside the institution.
Your task is not simply to find errors.
For each issue, ask:
What does this problem mean?
Can it be corrected algorithmically?
Do I need to return to the source record?
Do I need clinical interpretation?
Could this issue systematically change who is represented or how an outcome is classified?
Finally, you must decide whether the dataset is fit for the intended research purpose.
A strong response may conclude that some data cannot safely be "cleaned" without additional information. Knowing when not to infer is an important informatics competency.


http://drive.google.com/file/d/15syw4qaDutSIB0SppESYXGktfyfxwbM3/view


Course Synthesis
Trustworthy evidence is engineered across the entire information lifecycle.

❑ Research questions must become explicit, 
computable information requirements.

❑ Clinical data require context, provenance and 
transformation before research use.

❑ Quality is multidimensional and always evaluated for 
a specific purpose.

❑ Governance determines not only what can be 
accessed, but what may be used responsibly.

❑ Bias can be introduced by healthcare access, 
documentation, systems and extraction—not only 
statistics.

❑ LMIC constraints require resilient, appropriately 
simple architectures—not weaker standards.

Final Teaching Pearl

The goal of Research 
Informatics is not merely to 

produce a dataset.
It is to preserve enough 

meaning, quality and 
accountability that the 

evidence can be trusted.
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You should leave this course more skeptical of apparently convenient datasets and more capable of designing information processes that make research conclusions defensible.
Research informatics is the discipline of preserving meaning, quality, traceability and accountability from question to evidence. 
So, Let's close by returning to where we started.
Research questions must first become explicit information requirements.
Clinical data require context, provenance, and transformation before they can safely become research data.
Data quality is multidimensional, and its adequacy depends on the purpose for which the information will be used.
Governance determines not simply who can technically access data, but who may appropriately use them and under what conditions.
Bias can enter through access to healthcare, clinical documentation, information-system design, extraction, and cohort construction—long before statistical analysis begins.
And resource-constrained environments require resilient, appropriately simple research architectures—not lower standards.
The most important change I hope this course produces is that when someone hands you a dataset, you no longer see only rows and columns.
You see the patients, workflows, definitions, systems, transformations, decisions, and assumptions that produced those rows and columns.
So I will leave you with our final teaching pearl:
The goal of Research Informatics is not merely to produce a dataset. It is to preserve enough meaning, quality, traceability, and accountability that the evidence produced from that dataset can be trusted.
That is the responsibility—and the value—of the Research Informaticist.



http://drive.google.com/file/d/1EoXzoebwgbY6_3htWeiwcta-a9NvaWRR/view
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