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Introduction
Health and care needs have changed dramatically since most modern healthcare 
systems were conceived. In 2024, there were 2.6 million more attendances at 
type 1 A&E departments compared to 2010. This represents an increase of 19% 
demand when workforce and estates were already at breaking point.

People lead very different lifestyles, live 

considerably longer and increasingly 

with multiple long-term conditions such 

as diabetes, asthma, and dementia.

At the same time, populations have 

soared and become much more diverse 

whilst health inequalities within them 

have widened. This contributes to an 

increase in the volume and complexity 

of demand that our hospitals and other 

health and care providers are faced 

with, at a time when budgets across the 

NHS are being ever tightened.

Fundamentally, the way in which our 

health systems have been designed – 

to treat the patient once they become 

ill – is no longer fit for purpose 

or sustainable.

Addressing future health 

challenges starts with exploring:

•	 How do we prevent people from 

becoming ill in the first place?

•	 How do we identify individuals and 

groups at most risk of becoming ill, or 

at risk of being unable or unlikely to 

access services?

•	 How do we design targeted 

interventions that proactively support 

people to manage their health and 

care in the community and therefore 

protect secondary care services for 

those that need them most?

•	 How do we leverage real-time data 

from new technologies to make 

better decisions?
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Population health management
This is the process of understanding the 

circumstances and health needs across 

a defined local, regional or national 

population with the aim of developing 

tailored models of care and targeted 

interventions that improve physical and 

mental health outcomes, reduce health 

inequalities, and critically make the best 

use of available resources by targeting 

prevention instead of treatment.

The ability to generate timely, equitable 

and actionable insights from data is 

essential but rigour is key – it’s vital 

to understand how the data was 

generated, what the data represents 

and how to communicate the 

insights effectively.

Population health analytics 

produces the data-driven insights 

which inform population health 

management interventions.

It involves the analysis of a range of 

social, economic, and environmental 

data known as wider determinants 

of health, in addition to health and 

demographic data, to create a holistic 

view of a population’s health and care 

needs. Population health analytics offers 

crucial insights into the overall health 

of a population, how we target specific 

groups and subsequently informs health 

and social care decision-making 

and funding.

By examining health-related data 

from various sources, population 

health analytics can:

•	 Detect patterns and trends in 

disease incidence and prevalence.

•	 Evaluate the efficacy of public 

health interventions, including 

patient care pathways.

•	 Enhance health outcomes by 

pinpointing and addressing health 

disparities and inequalities.

•	 Reduce the higher costs of treatment 

by targeting and supporting citizens 

with prevention measures.

•	 Identify groups at higher risk of 

adverse health outcomes and allow 

for specific interventions to be 

devised that target their needs.

•	 Detect areas of over-utilisation or 

under-utilisation to refine healthcare 

delivery and resource allocation, 

enabling the development of 

strategies to optimise healthcare 

delivery.

Population health analytics is 

essential, as it offers a data-driven 

approach to comprehending 

and improving the health of a 

population, ultimately informing 

policies and interventions that 

foster health and wellbeing for all.

Introduction
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Examples of 
population health 
analytics in action
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Early detection of influenza outbreaks

The UK Health Security Agency (UKHSA) uses 

population health analytics to monitor and predict the 

spread of influenza. By analysing data from various 

sources, including general practitioners’ reports, 

hospital admissions and social media, UKHSA can 

detect early signs of an outbreak and implement 

targeted interventions, such as promoting vaccination 

campaigns and increasing the availability of 

antiviral medications. 

This proactive approach has helped reduce the 

impact of influenza on the UK population, minimising 

hospitalisations and saving lives.

Examples of population health analytics in action

Childhood obesity prevention

The National Child Measurement Programme (NCMP) 

in the UK collects data on the height and weight of 

children aged 4-5 and 10-11 years to monitor trends 

in childhood obesity. Population health analytics has 

been employed to identify areas with higher rates 

of childhood obesity and target interventions to 

promote healthy eating and physical activity in these 

communities. 

As a result, local authorities and healthcare providers 

can develop tailored strategies to address childhood 

obesity and improve overall public health.
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Case study: Protecting the vulnerable 

Challenge
At the height of the COVID-19 

pandemic, NHS England, supported 

by CGI and Oxford University, identified 

1.7 million Clinically Extremely 

Vulnerable individuals to be added 

to the national shielded patient list and 

prioritised for vaccination. The NHS 

England and CGI blended team made 

this possible by developing the COVID-

19 Clinical Risk Assessment and Risk 

Stratification tools, which enabled 

millions of rows of demographic data 

to be fed through Oxford University’s 

QCovid® risk-prediction algorithm.

Research commissioned by England’s 

Chief Medical Officer uncovered several 

risk factors that could increase the 

likelihood of death from COVID-19.

Using this insight, the University of 

Oxford developed QCovid® – a 

COVID-19 risk-prediction model. With a 

cutting-edge risk-prediction model in 

place, NHS England and CGI sought 

to create a data solution capable of 

processing millions of rows of NHS 

patient data* through QCovid®. 

Solution
CGI and NHS England were then 

tasked with running England’s entire 

adult population (aged 19-100) through 

QCovid®. The team processed 46 

million lines of patient data using 

NHS England’s Databricks platform, 

data was filtered down using a 

minimisation process, removing people 

with no recorded high-risk factors.  

Approximately 15.5 million people 

were identified to be processed 

through QCovid®, culminating in an 

additional 1.7 million individuals 

being added to the shielding list. 

These individuals were yet to be 

selected for vaccination and were 

therefore urgently prioritised by their 

local GPs. 

*CGI did not store or access any NHS patient 

data throughout this delivery

Example of population health analytics in action

The project referenced in this case study was delivered by BJSS, which CGI acquired in February 2025.

Vulnerable individuals 

prioritised for shielding 

and vaccine

1.7M
Delivered in just

7 months
Recognised with

Florence 
Nightingale 
Award for 
Excellence in 
Healthcare 
Data Analytics
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Outcome
CGI and NHS England developed 

a secure online web viewer to allow 

GPs to view details of the 15.5 million 

patients who were processed through 

QCovid®. This data set contained 

patients who had some risk factors but 

were not considered to be Clinically 

Extremely Vulnerable. These patients 

were therefore not added to the 

Shielded Patients List.

This secure online portal solution was 

delivered in just four weeks, utilising 

NHS Mail for multi-factor authentication, 

a DynamoDB authorisation solution, 

NHS England Databricks, AWS S3 

buckets, and Nextjs server-side pages. 

Example of population health analytics in action

“I wanted to say a heartfelt thank you for 
the incredible hard work that has been 
done by the whole team. Every single 
person has remained positive, focused 
and good-humoured, and together we 
have achieved great things.”

Jonathan Benger, Interim Chief Medical Officer, NHS England 

The project referenced in this case study was delivered by BJSS, which CGI acquired in February 2025. 8



Exploratory data 
analysis
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Exploratory data analysis (EDA)
This is a critical component of population health analytics, as it allows researchers to explore and understand the patterns 
and trends in health data. In this chapter, we will discuss some of the key techniques associated with EDA.

Data cleaning

The process of identifying and 

correcting errors and inconsistencies 

in the data. This may involve removing 

outliers, correcting data entry errors, 

or identifying and addressing data 

inconsistencies across different 

variables. Data cleaning techniques are 

important in population health analytics 

to ensure that data is accurate and 

reliable for analysis.

Missing value handling

Missing values are a common issue 

in health data and can occur due to a 

variety of reasons, such as data entry 

errors or missing responses in surveys. 

Missing values can affect the accuracy 

and validity of data analysis, and it is 

therefore important to address missing 

values before the analysis stage. 

Missing value imputation techniques, 

such as mean imputation and multiple 

imputation, are commonly used in 

population health analytics to replace 

missing values with estimated ones. 

‘Missingness’ can be due to different 

reasons and may in itself be informative, 

hence it is important to establish 

underlying data generating mechanisms 

to determine the appropriate method for 

handling missing values. The volume of 

missingness is also a key consideration 

when deciding how to handle missing 

values and is a key metric to report 

during EDA.

Transformation and normalisation

Processes that involve converting raw 

data into a format suitable for analysis. 

This may include converting data types, 

scaling data to a common range, and 

converting categorical data to numerical 

data. These techniques are important 

in population health analytics to ensure 

that data is in a format that can be 

easily analysed and compared across 

different variables.
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Descriptive statistics

Provides a summary of the data using 

measures such as mean, median, 

mode, range, and standard deviation 

to describe the central tendency, 

dispersion, and distribution of the data. 

These techniques help researchers 

to understand the main features of a 

dataset, identify patterns and trends, 

and communicate complex health data 

to a wide range of stakeholders.

Data visualisation

Techniques essential for communicating 

the results of population health 

analytics in a clear and accessible way. 

Visualisations such as bar charts, line 

charts, scatter plots, and maps can 

help to convey patterns and trends in 

the data, while interactive visualisations 

can enable stakeholders to explore the 

data in more depth.

Inferential statistics

Enables researchers to draw 

conclusions about a population based 

on a sample of data. Techniques such 

as hypothesis testing, confidence 

intervals, and regression analysis 

are used to make inferences about 

population parameters and to test 

relationships between variables.

Exploratory data analysis
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Important considerations

Data quality

This is a major concern in population health analytics, 

as inaccurate or incomplete data can lead to incorrect 

conclusions and flawed policy decisions. Ensuring 

data quality requires careful attention to data 

collection, storage, and cleaning processes. In the 

UK, organisations like NHS Digital are responsible 

for managing health data and ensuring data quality 

standards are met.

Data sharing and collaboration

Important components of population health analytics 

that enable researchers and policymakers to access 

and analyse large and complex datasets. In the UK, 

initiatives like the UK Biobank and the UK Data Service 

are working to promote data sharing and collaboration 

in the field of population health analytics.

Exploratory data analysis
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Machine learning 
and predictive 
modelling
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Machine learning (ML) and predictive modelling
These are powerful tools in population health analytics, as they allow researchers to build models 
that can predict health outcomes and identify risk factors for disease. In this chapter, we will discuss 
some of the key techniques associated with machine learning and predictive modelling.

Regression and classification

Used to create predictive models, 

classify individuals into risk groups, and 

identify patterns in the data. Common 

machine learning algorithms used in 

population health analytics include 

decision trees, random forests, logistic 

regression, support vector machines, 

and neural networks. 

Clustering

Used to group similar data points based 

on shared characteristics. This can help 

to identify subpopulations within the 

larger population that may have distinct 

health needs or risk factors. Common 

clustering algorithms include K-means, 

hierarchical clustering, and DBSCAN.

Time series analysis

Used to analyse data collected over 

time, such as disease incidence rates 

or healthcare utilisation patterns. 

Techniques such as autoregressive 

integrated moving average (ARIMA) 

models, exponential smoothing, and 

seasonal decomposition can help to 

identify trends, seasonal patterns, and 

forecast future values.

Natural language processing (NLP)

Used to analyse unstructured textual 

data, such as electronic health records 

or social media posts, to gain insights 

into population health. Common NLP 

techniques include sentiment analysis, 

topic modelling, and named entity 

recognition.
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Network analysis

Used to study relationships between 

individuals, organisations, or other 

entities. This can help identify social 

networks or patterns of communication 

that may influence health behaviours 

or outcomes. Techniques used include 

graph theory, centrality measures, and 

community detection algorithms. 

Geospatial analysis

Used to study the geographic 

distribution of health outcomes and 

risk factors, as well as the impact of 

environmental factors on population 

health. Techniques such as spatial 

autocorrelation, hot spot analysis, and 

spatial regression can help to identify 

areas of high or low health risk and 

inform targeted interventions.

Causal modelling

Used to determine and quantify the 

underlying cause-effect relationship 

between risk factors and health 

outcomes, often to determine whether 

an intervention is effective. Techniques 

such as structural equation modelling 

(SEM), directed acyclic graphs (DAGs) 

and counterfactual-based methods are 

commonly used.

Machine learning and predictive modelling
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Image analysis

Deep learning models, particularly 

convolutional neural networks (CNNs) 

and recurrent neural networks (RNNs), 

can automatically extract features and 

detect patterns from images. They can 

be used to support the detection and 

monitoring of health complications.

Feature analysis and 

dimensionality reduction​

Important for understanding variables in 

the dataset while removing redundant 

or irrelevant features. This process can 

improve the efficiency and accuracy of 

the analysis, particularly when working 

with high-dimensional data. Techniques 

such as Principal Component 

Analysis (PCA) and Recursive Feature 

Elimination (RFE) are commonly used 

for dimensionality reduction and feature 

selection, respectively.

Machine learning and predictive modelling
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Modelling approaches

Building a new model

If no similar models exist or the intention is to utilise 

new information (predictors or outcomes), a de novo 

approach is appropriate. It offers maximum flexibility 

but requires sufficiently large, high quality data to 

support model training, tuning and validation. 

Transfer learning 

This approach leverages knowledge gained from one 

task or dataset to improve model performance on a 

different but related task or dataset. Instead of training 

a model from scratch, transfer learning begins with 

a pretrained model, which is then fine-tuned on a 

new dataset with similar structure or features. It can 

help with generalisability and alleviate statistical power 

constraints when limited data is available.

Machine learning and predictive modelling

In the field of population health analytics, it is common for many people to perform de novo prediction model development 
for the same purpose, often using slightly different variables and different datasets. It is important to consider whether 
it is possible to utilise existing information from previously developed models and target generalisability.
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Machine learning and predictive modelling

Ensemble methods

Rather than using a single model, multiple models are 

combined. This approach leverages the diversity of 

models, either through different algorithms, subsets 

of data, or training strategies, and aggregates their 

outputs through techniques such as voting, averaging, 

or stacking. It has the potential to improve overall 

performance and reduce overfitting.

Federated learning

Uses data from multiple sources that cannot be 

centralised or hosted in the same location due to 

privacy, regulatory, or logistical constraints. It involves 

an iterative process where models are trained locally 

at each data source, and only the model parameters 

(not the raw data) are shared with a central aggregator. 

These updates are then combined to refine a global 

model, which is redistributed for further training.
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Public health 
surveillance
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Public health surveillance
Public health surveillance is a key component of population 
health analytics, as it involves the use of data science methods 
and techniques to identify patterns and trends in disease 
incidence and prevalence, and to inform evidence-based 
public health policies and interventions.

Public health surveillance can involve 

the collection of data from a variety 

of sources, such as electronic health 

records, national health surveys, and 

administrative datasets.

The data collected can include 

information on disease incidence and 

prevalence, risk factors for disease, 

healthcare utilisation and costs, as well 

as demographic and socioeconomic 

characteristics of populations.

The use of data science techniques, 

such as machine learning and statistical 

analysis, can help identify patterns and 

trends in health-related data, and to 

develop predictive models for disease 

outcomes. Public health surveillance 

can also involve the use of data 

visualisation and communication tools, 

such as dashboards and infographics, 

to make health-related data more 

accessible and understandable to 

policymakers, healthcare providers, 

and the public.
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Types of surveillance
There are several types of public health surveillance, including passive, 
active, syndromic, behavioural, and environmental:

Passive surveillance

The routine reporting of health data 

from healthcare providers to public 

health agencies.

Active surveillance

Targeted data collection to identify 

specific health outcomes or 

risk factors.

Syndromic surveillance

The real-time monitoring of health data, 

such as emergency department visits or 

internet searches, to identify potential 

outbreaks or epidemics.

Behavioural surveillance

Monitoring behaviours that may be 

associated with increased risk for a 

particular disease or condition, e.g., 

alcohol consumption or diet.

Environmental surveillance 

Monitoring environmental factors that 

may be associated with increased risk 

for a particular disease or condition, 

such as air pollution or access to 

healthcare.

Each type of surveillance has its own 

strengths and weaknesses and may 

be more appropriate for certain types 

of diseases or conditions. The choice 

ultimately depends on the public health 

question being asked and the available 

data sources. Public health surveillance 

is a critical component of population 

health analytics, as it involves the use of 

data science methods and techniques 

to identify patterns and trends in 

disease incidence and prevalence, and 

to inform evidence-based public health 

policies and interventions that promote 

health and well-being for all.

Public health surveillance
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Data sources
Population health analytics and public health surveillance both rely on a wide range of data sources in the UK:

Electronic health records (EHRs)

Digital records of a patient’s health 

information that are widely used in the 

UK and are maintained by healthcare 

providers such as hospitals and general 

practitioners. EHRs can provide rich and 

detailed data on individual patients and 

can be used to track health outcomes 

over time.

National health surveys 

Large-scale surveys conducted by 

government agencies and research 

organisations to collect information 

on the health status, behaviours, and 

attitudes of the UK population. National 

health surveys can provide valuable 

data on population health and can be 

used to identify health disparities and 

inform policies and interventions.

Administrative datasets

Records of activities and transactions 

within a healthcare system, such 

as hospital admissions, emergency 

department visits, and prescription 

drug dispensing. These datasets are 

typically collected and maintained 

by healthcare providers and payers, 

such as hospitals and insurance 

companies. Administrative datasets 

can provide detailed data on healthcare 

utilisation and costs and can be used 

in population health analytics to identify 

patterns and trends in healthcare 

utilisation, as well as to evaluate the 

effectiveness of healthcare interventions.

Audit and registry data 

Structured collections of data focused 

on specific diseases, conditions, 

procedures, or populations. These 

datasets are often developed through 

clinical audits or national registries, 

such as cancer registries or joint 

replacement registries. They capture 

detailed and high-quality clinical 

information, including diagnostic data, 

treatment pathways, and outcomes. 

Audit and registry datasets are valuable 

for benchmarking clinical performance, 

monitoring disease trends, and 

supporting epidemiological research 

and quality improvement initiatives in 

population health.

Public health surveillance

22



Population research data 

Large-scale, research-focused 

repositories that collect and store 

biological samples (such as blood, 

saliva, or tissue) alongside extensive 

health, lifestyle, genetic, and sometimes 

imaging data from participants. UK 

Biobank is a prominent example. 

Biobank datasets enable the study of 

genetic, environmental, and lifestyle 

determinants of health and disease. 

They are especially valuable for 

longitudinal studies, gene-environment 

interaction research, and the 

development of precision medicine 

approaches in population health.

Digital trace data

Data generated passively or actively 

through digital technologies such 

as smartphones, wearables, and 

connected devices, often collected 

outside traditional healthcare settings. 

A core example is the NHS COVID-19 

app that was used to monitor 

geolocation, identifying proximity 

contact via Bluetooth and supporting 

symptom reporting.

Other data sources that can be used 

in population health analytics in the UK 

include data on social determinants 

of health, such as income, education, 

and housing, as well as environmental 

data, such as air quality and water 

quality. Data from wearable devices 

and other personal health technologies 

can also be used. These data sources 

can provide important insights into the 

factors that influence health outcomes.

In the UK, organisations like NHS 

England and the UK Health Security 

Agency are responsible for managing 

and analysing health data for public 

health surveillance purposes. These 

organisations ensure that data 

is collected, stored, and used in 

accordance with ethical and legal 

standards, and that appropriate data 

governance policies and procedures 

are in place. By using a variety of data 

sources and data analysis methods, 

population health analytics and public 

health surveillance can provide valuable 

insights to inform evidence-based 

policies and interventions.

Public health surveillance
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The challenges of population health analytics
There are several challenges associated with population health analytics, which include:

Data quality

To realise the potential benefits of 

population health analytics requires 

high quality, accurate and consistent 

data. Health data can be complex and 

heterogeneous, and may be incomplete 

or inconsistent, making it difficult to 

draw meaningful conclusions. Data 

pre-processing and cleaning can also 

be complicated and time consuming, 

particularly when working with large 

and complex datasets. It is important 

to carefully consider the appropriate 

techniques for each specific dataset 

and analysis, as well as ensure that data 

cleaning and pre-processing do not 

introduce biases or inaccuracies.

Data integration 

Health data is often fragmented and 

stored in multiple locations, making it 

difficult to integrate data from different 

sources for analysis. This requires 

innovative solutions for integration and 

interoperability, including the use of 

data standards and common data 

models. Integrated care records 

have been a positive advancement in 

recent years, allowing a more holistic 

understanding of a patient’s health. 

However, these are often limited to 

smaller geographic regions.

Resource constraints

Population health analytics requires 

significant resources, including 

skilled personnel, technology, and 

infrastructure. Many healthcare 

organisations and public health 

agencies in the UK may face resource 

constraints, making it difficult to invest 

in population health analytics initiatives.

Data privacy and confidentiality

These are critical considerations in 

population health analytics, particularly 

given the sensitive nature of health 

information. Health data must be 

collected and used in a way that 

respects individuals’ rights and interests, 

with appropriate safeguards in place to 

protect the privacy and confidentiality of 

the individual. This requires adherence 

to relevant data protection laws and 

regulations, such as the GDPR, as 

well as taking measures such as 

de-identification or anonymisation of 

personal information, implementation 

of secure data storage and transfer 

protocols, and establishing data sharing 

agreements and access controls.
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Data bias and fairness

The dangers of bias and fairness 

in population health analytics are 

significant and can have serious 

consequences for health outcomes 

and equity. Bias in data analysis 

can occur in various forms, such as 

sampling bias, measurement bias, or 

confounding variables. When bias is 

present in the data used for analysis, 

it can lead to inaccurate or incomplete 

conclusions, such as underestimation 

or overestimation of disease prevalence 

or incidence, which can have negative 

impacts on public health policies, 

interventions, and resource allocation.

Fairness is another important 

consideration, referring to the ethical 

principle of treating all individuals or 

groups equitably, without discrimination 

or bias. When fairness is not addressed 

in population health analytics, it can 

lead to discrimination, stigmatisation, 

or exclusion of certain groups. For 

example, if a particular group is 

systematically excluded from a health 

survey or study, their health needs 

and risks may not be adequately 

addressed in public health policies and 

interventions, leading to disparities in 

health outcomes.

The challenges of population health analytics
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Data governance and ownership

These are important legal 

considerations in population health 

analytics, particularly when working 

with large and complex datasets. It is 

crucial to ensure that data is collected, 

stored, and used in accordance with 

ethical and legal standards, and that 

data ownership and access rights are 

clearly defined and transparent. In the 

UK, organisations like NHS Digital and 

Public Health England are responsible 

for developing and enforcing data 

governance policies and procedures.

Effective data governance and 

ownership require collaboration and 

communication among stakeholder 

groups, including researchers, 

healthcare providers, policymakers, and 

the public. Transparent and accountable 

mechanisms for data governance 

and ownership must be established 

to ensure that individuals’ rights and 

interests are respected throughout 

the data lifecycle, from collection to 

disposal. Adhering to data governance 

and ownership standards is essential 

to ensure that the use of health data 

in population health analytics is 

conducted in a way that is legal, 

ethical, and transparent.

Informed consent

In the UK, research involving human 

subjects requires researchers to obtain 

informed consent from participants and 

to ensure that participants understand 

the purpose, risks, and benefits of 

the research. However, obtaining 

informed consent in population health 

analytics can be challenging, particularly 

when working with large datasets 

or secondary data sources, where 

obtaining individual consent may not be 

practical or feasible. Several approaches 

to obtain informed consent in population 

health analytics, such as opt-out 

consent or broad consent, are used 

to address this, but there are ongoing 

debates about their effectiveness and 

ethical implications.

Communicating with patients 

An additional complexity is added 

when a Population Health programme 

needs to contact a patient after 

identifying them. This requires them to 

understand the channels the patient 

can be contacted on and ensure they 

have the right details and accessibility 

requirements. As with other health data, 

these can often be outdated or missing. 

Therefore programmes, need procure 

or build messaging fulfilment solutions 

to enable this, which can be both costly 

and time-consuming.

The challenges of population health analytics
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Case study: Communicating with patients at scale

Challenge
600 million is a massive amount. Yet this 

is the number of patient contacts that 

NHS England (NHSE) recorded with 

GPs, community clinics, hospitals, NHS 

111 and ambulance services across 

2023-24 – the equivalent of 1.7 

million interactions with patients 

every day.

On top of engagement around 

appointments, much of this 

communication involves calling patients 

for health screenings, vaccinations or 

healthcare referrals. But the rising costs 

associated with patient messaging – 

particularly the distribution of physical 

letters – is unsustainable.

To mitigate this, NHSE actively sought 

to create a service that would simplify 

message delivery and reduce costs but 

could also provide a fast and reliable 

patient communications method that 

could be easily extended as the need 

arose – for example around urgent 

vaccination programmes.    

What resulted was NHS Notify – a 

platform which has unified patient 

messaging and allowed a broad range 

of NHSE organisations and services to 

easily adopt the same process using a 

single integration.

By enabling a more effective 

communication process, to date over 

257 million patient messages have 

been processed from various services 

using NHS Notify including 88 million 

to the NHS App, 87 million via SMS 

messages, 59 million emails, and 22 

million letters.

Solution 
NHSE, CGI and Hippo (CGI’ digital 

partner) formed a specialist team 

across strategy, customer experience, 

product design, and engineering. From 

this, NHS Notify was conceived as a 

scalable and reusable service with an 

Application Programming Interface 

(API), which would streamline the 

distribution of NHS App messages, 

emails, texts, and letters to patients 

and the public, enabling adoption 

across all NHSE organisations.

Interactions with patients 

every day

1.7M
Patient messages 

processed

257M
Delivered in just

6 months

The challenges of population health analytics
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Data quality   

CGI established data guardrails to 

ensure message consistency. NHS 

strategy mandates that only data from 

its Personal Demographics Service 

(PDS) – the national electronic database 

of NHS patient demographic data – 

should feed into the messaging platform 

as the single source of truth.  CGI 

worked with colleagues in the NHS 

PDS team to increase data quality by 

analysing failed communications with a 

view to resolving these.

Scaling in the cloud   

CGI built a unified messaging system 

on an Amazon Web Services (AWS) 

platform, utilising services like Lambda, 

SQS, DynamoDB, S3, and others. 

These were selected for their scalability, 

ability to meet NHS delivery needs, 

and ease of maintenance for future 

adopters.    

The AWS solution also addressed cost 

and consistency goals while providing 

users with detailed performance 

insights, including message volumes 

per channel and the shift from physical 

to digital communication.

Additionally, CGI integrated with NHS 

England’s Apigee API Management 

tool, creating an internet-facing API 

which allows integrators like the national 

vaccination and screening programmes, 

e-Referral Service, external GP 

Suppliers, and more the ability to send 

messages through NHS App, SMS, 

Email and Letter formats to recipients.  

Outcome 
Initially engaged in January 2023, the 

first service to use NHS Notify started 

six months later in July 2023 supporting 

GP registrations. There quickly followed 

a succession of other programmes 

going live using the product including 

the Autumn/Winter Flu and COVID 

Vaccination Programme in late 2023, 

NHS e-Referral Service in April 2024 

and the National Breast Screening 

Programme in December 2024.

Communications

streamlined

Messaging costs

reduced
Sustainability

boosted

The project referenced in this case study was delivered by BJSS, which CGI acquired in February 2025.
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How CGI can help
Partnering with health and care organisations CGI delivers 
transformative digital solutions that enhance patient 
experiences, streamline operations, and improve outcomes.

Combining global expertise with local 

insight, we co-create strategies that 

place people at the centre of care.

Our services encompass digital 

transformation, cybersecurity, intelligent 

automation, and advanced analytics, 

tailored to meet the unique challenges 

of the health sector.

With a commitment to collaboration 

and innovation, CGI is dedicated to 

supporting the evolution of health and 

care services. 

	 Go to health page
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