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West Midlands Secure Data Environment (WMSDE)

Background and Motivation

WMSDE

e A trusted platform which brings together health data from multiple NHS sites
and care settings.

e Strong governance aligned with the HDR UK Five Safes Framework,
standardised data management, and robust security to support a wide range of
research projects.

e Helps generate evidence that can improve patient care, healthcare services,
and clinical decision-making.

|
Current Challenge

® Research datasets are created manually for each individual project.
® Repeated data extraction, quality checks, and formatting are
resource-intensive and time-consuming.

e Longer data preparation timelines delay research, grant
opportunities, and collaborations.
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Solution

Dexter

e Software developed at University of Birmingham, named Dexter, that generates research-ready data.
® Scale up health research by reducing data preparation time from months to hours through automated processing.
® Enable efficient extraction of research-ready datasets for multiple studies.
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Data Extraction For Epidemiological Research (Dexter)
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Key Features of Dexter Software

A novel tool for automated clinical epidemiology studies

/’ﬁ

In Your Environment

Data never leaves your TRE/data

lake/warehouse

Data Agnostic

Applied in many settings for a diverse set
of databases

Lightweight Application
Does not need much hardware

Scalable, Transparent and Reproducible

Can extract for complex studies in over 60
million patient records within short time scales

Phenotype Library and Tools
Compatible with any real-world data

(RWD) source

Automated Study Designs

Study Design Builder - Routine
Epidemiology, Pharmaco-epidemiology
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The problem - Why maternity, why now?

The safety case has never been stronger or more urgent.

Maternal mortality in the UK is rising, not falling : up 27% between 2009-11 and 2020-22, still 10% above
baseline even excluding COVID despite a national target to halve it by 2025relker et al., 2024)

Not evenly spread : women in the most deprived areas face more than double the risk of maternal death, and
almost half of maternal deaths involve substandard care - MBRRACE-UK

Repeated inquiries : Ockenden (Shrewsbury & Telford, then Nottingham), Kirkup (Morecambe Bay, East Kent), and
now the national Amos review across 12 trusts - keep surfacing the same issues

Why secondary care EHR? The acute, high-risk events like labour, delivery, complications, escalation happen in
secondary care and are captured there in granular, real-time detail (timing, decision points). Other Maternity care
data misses this; pregnancy registries are coarser, retrospective summaries - not built for reconstructing how and
why care went wrong

EPIC adoption is accelerating in NHS trusts right as national policy demands better interoperability, a common
research ready data model that works across BadgerNet, EPIC, and other EHR systems is required.
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Objective

* Build a common data model for maternity secondary care data - a single, research-ready structure that pools
Maternity EHR data into a standardised, analysable format

* Design for scalability - a model that can grow across trusts and datasets without breaking

* Design for reusability - architected so other EHR sources can be mapped in without re-building the model from
scratch, extending the same research-ready output across systems
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Challenges

What is the source?

a»
¥ No Standard Coding

BadgerNet Maternity Medical information captured as free-text strings
has over rather than coded vocabularies (ICD-10, SNOMED,
2 O O LOINC). No standardised terminology enforced.

raw Tables

ﬁ Pseudonymisation

Patient DOB and death date are shifted (shunted). All
free-text / notes columns removed before sharing to
protect patient confidentiality.

Q Unstructured Data

Significant proportion of clinical data exists in
unstructured format, making automated extraction
complex.

E Data Dictionary

A data dictionary exists but lacks descriptions for many
tables and columns. Column names are often cryptic,
requiring clinical domain expertise to interpret.

-_____________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________________
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Design & Methodology

From source data to a research-ready, maternity-specific model

THE APPROACH SOLUTION

Choosing a Bespoke Model Designing for Reusability

¢ A robust but intricate process — mapping to established CDMs like e Generic concepts — data is organised into standard concepts, with a
OMOP requires deep domain knowledge and careful concept-to- fallback table to capture anything that doesn't fit predefined categories,
concept alignment between source and target models. so no data is lost in translation.

¢ A real constraint at scale — this mapping can be computationally ¢ Flexible code handling — standard and non-standard/local codes can
expensive, which matters when working with large maternity EHR be grouped into a single codelist, without forcing early standardisation.

datasets in a restricted setting.
& e Source-agnostic by design — any source table converted to Parquet can

¢ General-purpose by design — existing CDMs can struggle to capture run through the pipeline, which automatically identifies measurement

nuanced, maternity-specific detail (e.g. labour progression, intrapartum and clinical information and maps it to the common data model.

timing, escalation) — exactly the granularity this work aims to preserve. ) )
& ) Y & Y P e Built for reuse — other maternity EHR systems can be onboarded with

minimal intervention, not a rebuild.

A bespoke, research-ready model was therefore developed for maternity
research — retaining clinical nuance while enabling standardisation,
efficient use, and minimal manual overhead.
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Data Pipeline

Architecture overview: source data - cohort definition - target CDM schema - automated ETL - output

SOURCE

MS SQL Database

200+ BadgerNet reporting
servers — Maternity Data

DATA DISCOVERY

Define pregnancy cohort
Define start/end of pregnancy
(LMP, EDD, gestational age at each
timepaoint, delivery date). Identify
all eligible pregnancies and link
mother + baby patients.

Profile & classify

Profile all source tables and
classify fields into the target CDM
domains.

TARGET CDM SCHEMA

Pregnancy — Master table of all pregnancies,
key details, unique pregnancy ID

Patient — All mother and baby patients with
demographics

Linkage — Links pregnancy to mother and baby
records

Measurement — All measurement values, with
units

Medical — all clinical events

Therapy — Drugs, dose, quantity

Additional — Anything not captured in the other

tables

ETL PIPELINE

Python pipeline
Automaps source data to the
common data model.
Tables converted to Parquet —
efficient reading, less memory &
compute.

OUTPUT

Research-ready

Common Data Model
Standardised, scalable, reusable
aCross sources



Processed Datasets

SAWB UHB
Total eligible pregnancies Total eligible pregnancies
(~170,000) (~108,000)
Excluded Excluded
». - Duplicates (~526) » -Duplicates (~102)
- Missing care - Missing care
location(~1,518) location(~2,897)
\ 4 Y
SAWB UHB
Pregnancies Pregnancies
(~168,000) (~105,000)
Y
SATH _ . Total pregnancies Excluded
Pregnancies (~293,000) - Cross-source duplicates
(~20,000) (~5,062)

Total pregnancies

(~288,000) Excluded
- Data quality: invalid

timeline of events (~15)

4

Y I
Pregnancies eligible for
research analysis

(~288,000)
\ 4

. . Missing outcomes,
With dD(telwery Ongoing Miscarriages Transfers Delivered outside

(~2 0; E 00) (~14,000) (~14,000) (~17,000) trust

! (~5%) (~5%) (~9%) (~41,000)
(~70%) 0
(~14%)




Data Validations & Quality Check

* A comprehensive suite of validation checks was performed to ensure the quality, completeness, and integrity of the Common Data
Model (CDM).

* Validate that all variables conform to the expected data types (e.g., dates stored as datetime values) and permitted value sets (e.g., sex
codedasM =1, F=2).

* Ensure mandatory fields (e.g., date of birth, admission date, pregnancy start date) are populated and that related dates follow a logical
chronological order.

* Verify record counts and temporal trends to identify missing data, unexpected changes, or potential data quality issues.

* Compare key metrics with national reports to assess consistency and overall data correctness.

* Assess the distribution of events across calendar years to identify potential gaps or inconsistencies in data completeness.
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Acute Care Data

Developing a standardised pipeline for transforming acute care data into the Dexter data model

Aim

e To leverage the availability of PICS data to accelerate health research through the automated

generation and validation of research-ready datasets, reducing data preparation time from months
to hours.

Objectives

® Design and implement ETL pipelines for transformation and processing of acute care data.
® Map acute care data to the Dexter data model.

e Standardise and validate transformed datasets.
® Enable rapid extraction of research-ready datasets through Dexter software for multiple studies.
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Source Data & Structure

What data did we start with, and how is it organised at source?

Prescribing Information and Communication System (PICS)

The PICS data was provided in a Kimball-style dimensional data model, consisting of fact and dimension tables

Hospital sites
=100 P

® Queen Elizabeth Hospital

e Heartlands Hospital

Source tables e Solihull Hospital

e Good Hope Hospital

2010

Data from

=2B

Source records across
tables

FACT Tables — patient-level data
® All patient-level clinical information

e Admissions, diagnoses, procedures, observations,
prescriptions, patient demographics

® Forms the core of the Dexter data model

DIM Tables — lookup / reference data

® Reference tables that describe categories and codes

® Diagnosis names, drug names, lab test names

WMSDE - University Hospitals Birmingham NHS Foundation Trust - Dexter




Data Pipeline

SOURCE DATA DISCOVERY

TARGET CDM SCHEMA

Admission

A patient’s entry into a hospital,
covering the entire period of care.
May include multiple episodes.

Patient
Holds demographic and
patient-level information.

,
MS SQL Database Defining Admissions
~100 PICS tables Mapping of the Episodes
(Facts and Dimensions)
L

to an admission

Information about each episode
within an admission, representing
different phases of treatment.

Staff

Contains information like role and
one related clinical and non-clinical
staff.

Modality
Coded clinical information (e.g.,
procedures, diagnoses, specimens,
actions records using standard
ontologies (ICD, SNOMED CT, OPCS
etc.).

Therapy
Includes medication-related data,
e.g., administered drugs in hospital.

Measurement

Contains measurable quantitative
data such as vital signs, lab results,
and other time-series
observations.

Additional Entity

Stores supplementary clinical
information not captured by
standard medical ontologies.

Provider
Provides the care or services to
all other tables are structured

around this entity.

ETL PIPELINE

Python pipeline
Automates data extraction
converts data to model
transformations to produce

usable and analysis-ready
models.

OUTPUT

il

Research-ready
Common Data Model
Standard, analyzable, reusable

& subject-ready




Hospital Sites & Admissions Breakdown

Four UHB sites - Admissions from installation of PICS system onwards

~37M Source Records (IP and A&E)

~8.3M IP (HES RECORDS)

~7.3M Merged all episodes into

Queen Elizabeth
From 2010-01-01

From 2021-04-01

Good Hope | ~300,000
From 2022-01-01 e ——

Solihull - ~210,000

From 2020-11-01

~1,600,000

the respective admission

~6.7M Deduplication of
the admissions

Considering the PICS implementation dates across the four
hospital sites, approximately 2.5 million admissions are
eligible for research.
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Enabling Scalable Healthcare Research

Supporting scalable clinical research through access to structured, research-ready acute care datasets.

® Transforming PICS data into the Dexter data model creates a standardised foundation for scalable and reproducible
downstream research.

® Enables development and validation of clinical prediction models, risk stratification tools, and population health analytics.

® Supports epidemiological studies, cohort studies, healthcare service evaluations, and analysis of patient pathways,
admissions, outcomes, and treatment patterns.

® Facilitates identification of eligible patient cohorts for clinical trials and research studies.

® Supports research across multiple clinical specialties through a structured model representing key healthcare entities:
patients, providers, admissions, medical events, therapies, measurements, and additional clinical information.

I ——
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Datathon

Study Design, Phenotyping, Data Extraction, Analyses

e Conducted a one-day Datathon at Birmingham Exchange (27 March 2026).
® Designed studies, developed phenotypes, extracted data using Dexter, and analysed it.

e Organised four specialist teams: Study Design, Phenotyping, Data Extraction, Analyses.
e Completed four research studies: 2 using UHB PICS and 2 using BadgerNet Maternity

data in a single day

WMSDE - University Hospitals Birmingham NHS Foundation Trust - Dexter
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DATATHON STUDY : PHARMACO-EPIDEMIOLOGY

SGLT2i1 vs DPP4i in the inpatient setting

Adjusted hazard ratios (SGLT2i vs DPP4i reference)
SETTING

University Hospitals Birmingham NHS Foundation _ Events (SGLT2 / DPP4) Adjusted HR (95% Cl) -

Trust — inpatient cohort.

Hyponatraemia 165 / 294 of 4,806 0.59 (0.49-0.72)
DESIGN

H | i 1027 / 1310 of 2,541 .70 (0.65-0.77
Retrospective cohort, propensity-score matched, Cox yperglycaemia S S @A s v
regression. Hypoglycaemia 391 /551 of 4,781 0.82 (0.72-0.94) J
COMPARISON )

Hypernatraemia 104 / 146 of 4,986 0.80 (0.62—-1.04) —
SGLT2 inhibitors vs DPP4 inhibitors as the first
ADJUSTMENT Acute kidney injury 8/19 of 5,343 0.75 (0.32-1.75) —
Age, sex, ethnicity, deprivation, BMI, eGFR, glucose, DKA <5/<5 Suppressed (small cells)

sodium; comorbidities (AF, IHD, stroke, HF,
hypertension, liver); concomitant drugs; index year;
primary admission diagnosis.

SIGNAL

In the inpatient setting, SGLT2i was associated with significantly lower hyponatraemia, hyperglycaemia, and hypoglycaemia vs DPP4i. A real-world signal generated end-to-
end inside a datathon — protocol, extraction, propensity matching, and Cox regression in one session.

Datathon case study - full propensity-matched cohort delivered via DExtER



DATATHON STUDY : PREDICTION MODELLING

Multi-site risk model for post-surgical complications

Development & Validation pipeline

SETTING
UHB PICS database - 4 sites - 2010-2025. QE Hospital Heartlands Good Hope Solihull
COHORT ~158k ~8k ~3k ~1k

Develop Validate Validate Validate

Developed at QE Hospital (~158k). Validate at
Heartlands (~8k), Good Hope (~3k), Solihull (~1k). Model performance

PREDICTORS

%
Surgical specialty, demographics, IMD, comorbidities (T2D, IHD, O ) 78 O ) 19 6 3 O ()

CKD, AF, COPD, hypertension, liver, depression, OSA),
medications (metformin, ACEi, SGLT2i), labs (HbAlc, albumin, AUC Brier Event rate
creatinine, BP).

Discrimination Overall accuracy Composite outcome
OUTCOME (COMPOSITE)
Sepsis, Cardiac, Respiratory, Surgical Site Infection. I Built and validated entirely inside one SDE pipeline — same DExtER phenotypes across all four sites, no bespoke ETL
per hospital.

SIGNAL

Stable AUC ~0.78 with validated performance across three independent hospital sites. A model ready for prospective testing — and a template for any other SDE that wants
to build, validate, and deploy locally without bespoke engineering per site.

Datathon case study - development at QE - validated at Heartlands, Good Hope, Solihull



DATATHON STUDY : HEALTH SERVICES & EQUITY

Translation services in maternity care

SETTING
Maternity SDE cohort — women requiring translation
during antenatal care.

Adjusted relative risks (formal interpretation vs none)

SAMPLE SIZE
19,143 women - 8,977 received formal

interpretation - 10,166 did not. NNU admission 0.909 (0.829-0.998)
3rd/4th degree perineal tear 0.728 (0.649-0.817)
EXPOSURE
Epidural sited 1.064 (1.000-1.131)
Formal interpreter use at booking appointment
Elective caesarean 1.13 (1.03-1.24)
Onset of Labour — C - Section 1.11 (1.02-1.21)

ADJUSTMENT
Primary language, IMD, maternal age, gestation at

booking, parity, initial risk pathway, smoking, and
informal interpreter use.

SIGNAL

V favourable
V favourable
A Better Experience
A Better Engagement

A Better Engagement

Formal interpretation linked to better intrapartum outcomes — fewer NNU admissions, fewer perineal tears and more engagement. No significant difference in PPH, SGA,
Preterm birth, emergency c-section etc. Formal interpretation is changing the quality-of-care women receive during pregnancy and labour.

Datathon case study - health-services-research lens on maternity equity



DATATHON STUDY : MATERNITY EPIDEMIOLOGY

Gestational diabetes and adverse obstetric outcomes

Adjusted effect of GDM across obstetric outcomes

Each row is a separate multivariable model. aOR compares women with GDM to those without, mutually adjusting for the full
covariate set.

SETTING
Maternity SDE cohort — pregnancies linked to delivery

records.

188,210 pregnancies analysed by parity - 16,334 with Preterm Birth (primiparous) No GDM 1.11 (1.00-1.24) A Increased

GDM (6,128 primiparous and 10,206 multiparous GDM)

OUTCOMES Spontaneous Preterm (overall cohort) No GDM 0.47 (0.31-0.70) V¥V Reduced
latrogenic Preterm (overall cohort) No GDM 1.21 (1.06-1.39) A Increased

Overall outcome of interest, split into spontaneous vs iatrogenic,

and stillbirth, compared between women with and without GDM. latrogenic Preterm (primiparous) No GDM 1.43 (1.14-1.79) A Increased
Stillbirth (overall cohort) No GDM 0.56 (0.45-0.71) V¥V Reduced

DESIGN & ADJUSTMENT

Logistic regression for overall, spontaneous, and iatrogenic
outcome of interest and for stillbirth; models run overall and
stratified by parity. Adjusted for maternal age, ethnicity, BMI,

IMD, smoking, hypertension, pre-eclampsia, CKD, and gravidity. All effects fully adjusted (see left panel). Confidence intervals exclude the null for every outcome shown.

SIGNAL

GDM's excess preterm birth risk is iatrogenic, not spontaneous and it holds even in primiparous women, ruling out prior obstetric history as the explanation. This distinction, not previously described, argues for
GDM's inclusion as a risk factor in national preterm birth guidelines.

Datathon case study - preliminary multivariable analysis - sub-group analyses underway



Reflections

Scalability through Automation

Manual field-by-field mapping was not feasible across 250 tables. Building an automated profiling and classification pipeline was essential and is now reusable
across future datasets.

Hashing as a Practical Optimisation

The absence of standard coding systems introduced real performance bottlenecks. Converting string codelists to hashes was a pragmatic engineering solution
with measurable gains in speed and memory.

Parquet as the Right Technology Choice

Transitioning from a relational SQL model to Parquet files aligned the infrastructure with analytical workload patterns reducing cost and improving performance
without sacrificing data fidelity.

Reproducibility at the Core

Every pipeline stage is designed with reproducibility in mind . The same pipeline can be re-run consistently on updated data extracts. Dexter- Same study
definition - same dataset, every time.



Ongoing, Future Directions

Ongoing Work

Link UHB Maternity to UHB PICS (CTG, USS, prescriptions) data, and onboard newer trust data, to build a complete longitudinal

mother-baby and patient pathway view
Acute Care- integrating inpatient, A&E, and outpatient data into Dexter to capture healthcare interactions across acute care

settings to track the patient journey

|
Future Work
NLP to standardise codelists - apply NLP to map local/non-standard codes to standard vocabularies (e.g. SNOMED CT), reducing

manual mapping effort and improving codelist consistency.
Extend Dexter to additional systems and trusts - integrate data from other electronic health record systems and NHS trusts,

including Cerner and future data sources, enabling a scalable, interoperable platform for multi-system healthcare research.

WMSDE - University Hospitals Birmingham NHS Foundation Trust - Acute Care Data Engineering



Thank you.
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