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1. Abstract

1.1 Introduction

Early warning scores (EWS) use routinely measured vital signs to identify patients at risk of
deterioration. The National Early Warning Score 2 (NEWS2) is mandated for use by NHS England
in all acute trusts. Within NEWS2, oxygen therapy is scored using a binary approach — patients
receive 2 points if they are receiving supplemental oxygen and 0 points if they are breathing room
air. Examples of binary oxygen EWS are widespread, including other nationally employed EWS.
Some have expressed concerns that deterioration is missed when patients require an escalating
amount of supplemental oxygen in the absence of other vital sign derangements.

This study aims to adapt and validate a version of NEWS2 that accounts for the amount of
supplemental oxygen therapy the patient receives (NEWS2-02).

1.2 Methods

We will use data from four NHS healthcare trusts across the UK to develop and validate an oxygen
therapy adjusted NEWS2 score. We will also explore the time trends of oxygen requirement and
other vital signs prior to deterioration. We will perform an external validation of other oxygen
adjusted vital signh only EWS identified in a prior systematic review.

1.3 Generalisability and implications

This work will explore the quantification and handling of oxygen therapy within an EWS. We aim
to provide an example to the NEWS Development Group on how oxygen can be incorporated into
the next iteration of NEWS.



2. Introduction

2.1 Background and rationale

Early warning scores (EWS) are used in hospitals to recognise deteriorating patients(1, 2). The
National Early Warning Score, now in its second iteration (NEWS2), is mandated across all acute
hospitals in England(3). NEWS2 assigns points to vital signs: respiratory rate, oxygen saturations,
oxygen therapy, systolic blood pressure, heart rate, consciousness level and temperature(3). The
number of assigned points increases when vital signs are more abnormal. NEWS2 assigns two
points if patients are receiving any supplemental oxygen(3). However, the amount of required
oxygen is not considered i.e. patients requiring two litres/minute would receive the same number
of points as those requiring fifteen.

The binary approach to oxygen supplementation may limit recognition of the deteriorating patient
(4, 5). A deteriorating patient may have an escalating oxygen requirement with minimal changes
to other vital signs, causing no change to their NEWS2 score, and hence delaying recognition of
deterioration(6). This limitation became particularly apparent during the COVID-19 pandemic(6).
Since, there have been continued calls to develop the oxygen therapy component in NEWS2(4-
10). Previously published models that increase the complexity of oxygen scoring (beyond the
binary system in NEWS2) report an improved prediction of deterioration(4, 5).

However, given the widespread use of NEWS2 across the UK(11), any updates that increase
complexity require strong evidence that they willimprove patient care. In practice, ward staff may
already be escalating patients with an increasing oxygen requirement for clinical review,
regardless of change to total NEWS2 score. Indeed, this approach is currently recommended by
the RCP(3), supported by recent studies exploring factors leading to escalation(12).

We have recently undertaken a systematic review and meta-analysis of oxygen delivery in early
warning scores (PROSPERO ID:CRD42024443362) to inform this statistical analysis plan. The
review identified 16 published vital sign only EWS that incorporate oxygen therapy in a more
detailed manner than the binary scoring seen in NEWS2. These 16 EWSs used a range of methods
to define oxygen requirement (e.g. flow rate, delivery device type, estimated fraction of inspired
oxygen (FiO2)), and 15/16 models were at high risk of bias due to their development methods.
Meta-analysis demonstrated a significant improvement in model performance in graded oxygen
EWS than binary oxygen EWS. The review demonstrates that predictive performance of an EWS
increases with graded oxygen, highlights precedence for how oxygen therapy can be handled in a
model and reveals the limitations of their development.

Our aim is to develop upon the findings of the systematic review to develop an oxygen therapy
adjusted NEWS2 score.

2.2 Aims and Objectives

Primary objective:

1. Tousethe multi-site HAVEN data and best-practice prediction model methods to develop
and validate an oxygen therapy adjusted NEWS2 score (NEWS2-02), to predict
deterioration in hospitalised adults.



Secondary objectives:

1. To explore the temporal relationships between oxygen requirement, vital signs and
NEWS2 score preceding deterioration in hospitalised adults.

2. To externally validate a series of early warning scores with oxygen graded beyond binary
scoring and compare their ability to predict deterioration to NEWS2.



3. Methods
Study design

We will perform a retrospective cohort study using the multi-centre data collected as part of the
“Hospital Alerting Via Electronic Noticeboard (HAVEN)” project.

We will report the study in line with the Transparent reporting of a multivariable prediction model
for individual prognosis or diagnosis (TRIPOD) statement(13).

Setting

Four hospital trusts in the UK, between 2014 and 2022.
- Oxford University Hospitals NHS Foundation Trust (OUH): January 2014 - October 2021

OUH is a hospital group serving a local population of approximately 655,000 people with around
1,465 beds. The trust is composed of the John Radcliffe Hospital ( the main university teaching
hospital, including the tertiary referral centre for trauma, cardiology, neurosurgery and general
medical and surgical admissions), the Churchill Hospital (specialist renal transplant and cancer
referral centre), the Horton General Hospital (the district general hospital) and the Nuffield
Orthopaedic Centre (elective orthopaedic surgery, bone infection unit and rheumatology centre).

- Royal Berkshire NHS Foundation Trust (RBH): October 2016 — December 2022

RBH serves approximately 1,000,000 people in West Berkshire, Reading and Wokingham. The
trust provides acute medical and surgical services, as well as specialist cancer, dialysis and eye
surgery services(14).

- Lancashire Teaching Hospitals NHS Foundation Trust (LTH): January 2015 — March 2021

LTH provides acute and specialist care services to the population of Lancashire and South
Cumbiria, of approximately 1.5 million people. The trust includes the Royal Preston Hospital and
Chorley & South Ribble Hospital. The trust acts as a regional specialist centre for allergy and
immunology, cancer, disablement services, trauma, neurology, neurosurgery, renal and vascular
surgery(15).

- South Warwickshire NHS Foundation Trust (SWFT): April 2016 - June 2021

SWFT is composed of four hospitals; Warwick Hospital, Leamington Spa Hospital, Stratford
Hospital and Ellen Badger Hospital, providing approximately 500 beds to a population of 270,000
people of South Warwickshire and surrounding areas(16). The sites from SWFT contributing data
include Warwick Hospital, Stratford Hospital and Ellen Badger Hospital.

Data sources

The routinely collected data were stored across different clinical information systems in all four
trusts. Data extracted included; admission administrative information (time and date of
admission, discharge, transfers within the hospital), diagnoses (according to the International



statistical Classification of Disease and related health problems (ICD-10) codes), vital sign
observations, details of oxygen therapy and patient demographics.

Primary Objective:

To develop and validate an oxygen therapy adjusted NEWS2 score at predicting deterioration in
hospitalised adults.

Study Population

We willinclude all adults (age = 16) admitted to hospital. Admissions with no recorded vital signs
will be excluded. We will exclude admissions which were < 24 hours in duration, to account for
emergency department attendances, same day ambulatory unit attendances and patients
admitted for palliation. We will also exclude admissions to the emergency department and
admissions direct to the ICU from ED.

We will also exclude observation sets taken after admission to the ICU.

Each patient admission will be handled as an individual source of data, meaning there could be
multiple admissions analysed for the same patient within the study period.

We will consider a subgroup analysis in patients at risk of type 2 respiratory failure, and only those
with an oxygen requirement.

Repeated measures

We will use a random sampling method of one observation set per admission. In a sensitivity
analysis, we will include all observations, essentially treating them as independent(17). Other
resampling procedures will be evaluated as part of a sensitivity analysis. Multiple imputation will
be performed prior to random sampling.

Outcome

Our primary outcome of deterioration will be a composite of unplanned ICU admission and
death. Where a patient experienced more than one type of deterioration, the first event will be
used. Secondary outcomes will be unplanned ICU admission and death treated separately. We
will use a time horizon of 24 hours, consistent with other literature on NEWS/NEWS2(7, 18-20).

Sample size

Model development:

For model development, we used the sample size formula for a binary outcome as per Riley et
al(21, 22), employed via the “pmsampsize” package in R statistical software. In the previously
published HAVEN dataset(23), the outcome prevalence was 1.2% in the model development
cohort. Given the current NEWS2 has 25 potential variable categories(3), we will consider up to
35 model parameters, and anticipate a c-statistic of 0.8. Overall, this will require a minimum of
19,390 patients with 233 events. We will not constrain the sample where more
patients/admissions are available.

Model validation:

We used guidance provided by Riley et al(24) to calculate the sample size required for external
validation, using the “pmvalsampsize” package in R statistical software. The calculation is based
on the following assumptions, taken from an FiO2 adjusted NEWS2 score published on the
HAVEN dataset(4).



- The O/E ratio. The O/E will be based on the outcome prevalence (3.5%), with a 95%
confidence interval width of 0.2.

- Calibration slope. We will assume good model calibration with intercept = 0 and slope =
1.

- Linear predictor. We will assume the linear predictor is normally distributed

- C-statistic. We will assume a target c-statistic of 0.876

This estimates a final minimum sample size required for validation of 10,601, including 372
events. We will not constrain the sample where more patients/admissions are available. These
assumptions will be updated to calculate an accurate sample size once model development is
completed.

Statistical analysis methods
1. Missing data

Distribution of variables will be inspected, and any biologically implausible results (according to
clinical expertise) will be regarded as missing. It is common for prediction model studies of
deterioration to perform complete case analysis(2), despite the implications this has on the
overall model(25). Instead, we will use multiple imputation, which is widely considered the best
approach(2, 26, 27), and can account for data missing completely at random (MCAR) and data
missing not at random (MNAR). Multiple imputation will be completed prior to random sampling.

2. Model building

The new model will keep the intrinsic NEWS2 structure, keeping the categories and points
assigned to heart rate, respiratory rate, consciousness, blood pressure and temperature
unchanged.

Overall, we aim to expand upon the supplemental oxygen category, by increasing the number of
points available for increasing oxygen requirement.

We will aim to quantify supplemental oxygen requirement based on estimated FiO2. As part of
preliminary analyses (see secondary objective 1), we will explore different formulae(28-30) for
estimating FiO2 for devices where FiO2 is not established (e.g. nasal cannulae). We will choose
the formula which causes the earliest rise in FiO2 in patients requiring supplemental oxygen, in
order to increase speed of detection of deterioration.

Preliminary analyses to be undertaken in secondary object 2 will benchmark the performance
of a range of oxygen graded EWS. We will use the top performing (according to discrimination
and decision curve analysis) five models to guide the number of categories, points and potential
interactions with oxygen saturations (e.g. the SpO2/FiO2 ratio) applied to supplemental oxygen
therapy. If the SpO2/FiO2 ratio is selected based on the benchmarking exercise, SpO2 will only
be handled within the ratio, and will not also be counted separately.

The new model will be developed using multivariable logistic regression, allowing for non-linear
terms, and we may consider interactions between oxygen therapy and other variables.

After modelling, we will simplify the oxygen therapy variable into categories that reflect the
NEWS2 structure (e.g. 0, 1, 2, 3). We will explore a range of approaches to categorise oxygen
therapy, including pre-specification on clinical grounds, inflexion analysis of non-linear
variables and decision tree analysis.



3. Internal and external validation

We will develop our model on all eligible admissions in all four sites for model development.
Then, we will assess performance using 4-fold internal-external cross validation(31, 32); by
rerunning the model building procedure on three sites and assessing performance on the held-
out site, repeated four times. Clustering will be at the site level (e.g. OUH, RBH, SWFT, LTH). This
is in line with best practice guidance for model development and evaluation(32-34), as it
maximises the use of data for model development and provides an assessment of heterogeneity
and generalisability in model performance across sites.

4. Performance assessment

We will report patient demographics and clinical information using descriptive statistics. We will
compare the performance of the final model compared to NEWS2.

We will report an assessment of calibration (calibration plots, calibration-in-the-large),
discrimination (area under receiver operating characteristic), precision-recall curves,
performance analysis at key NEWS2 thresholds (score =5, score = 7) and decision curve analysis.

On the final model, we will also plot the relationship between the score and risk of outcome. We
will explore agreement between models, such as back-to-back histograms and likelihood ratio
tests for the fraction of new prognostic information provided in the new model versus NEWS2,
(e.g. (35, 36)).

We will also perform a subgroup analysis in patients with confirmed hypercapnia, as we
anticipate their interaction with oxygen therapy and risk of deterioration to be different to patients
without hypercapnia.

Analysis will be repeated for the secondary outcomes.



Secondary Objective 1:
To explore the temporal relationships between oxygen requirement, vital signs and NEWS2 score
preceding deterioration in hospitalised adults.

Study Population

We willinclude all adults (age = 16) admitted to hospital. Admissions with no recorded vital signs
will be excluded.

We will exclude admissions which were < 24 hours in duration, admissions to the emergency
department and admissions direct to the ICU from ED.

We will include all vital sign observation sets from 7 days prior to hospital discharge or
deterioration (defined below). We will exclude any vital signs occurring after the first event.

Each new patient admission will be handled as an individual source of data, meaning there could
be multiple admissions analysed for the same patient within the study period.

Repeated measures

We anticipate that there will be multiple observation sets per patient. We will explore different
approaches to handling this, as per previous studies in this area(17). We will employ the following
approaches:

1. Using all observation sets, making no adjustments, essentially treating all observations
as independent.

2. Asper (1) but weighting according to number of vital signs per patient within the GAMLSS
package.

3. Random sampling of two sets of observations per day per admission.

Outcome

We will model time to deterioration, a composite of unplanned ICU admission or death. Where a
patient experiences more than one deterioration event, we will use the first event. Our secondary
outcome will be modelling time to unplanned ICU admission or death treated separately.

In those that do not experience a deterioration, we will model time to hospital discharge.

Sample Size
This aspect of the study is purely descriptive; hence the sample size will be determined by the
number of deteriorations available to the research team at the time of analysis.

Statistical analysis methods

We will summarise patient demographics and clinical information using descriptive statistics.

We will model changes in individualvital signs over time . The vital signs of interest include oxygen
therapy (yes/no), oxygen flow rate, estimated FiO2, heart rate, respiratory rate, systolic blood
pressure, diastolic blood pressure, oxygen saturations, temperature and total NEWS2 score.

We will use the time to event as the covariate. We will present the trajectories of each vital sign in
the 7 days prior to deterioration or discharge graphically. All time dependent distributions will be
modelled using the GAMLSS package(37). We will repeat the analysis for the secondary
outcomes.

10



Sensitivity analysis will explore the range of methods to estimate FiO2 from oxygen flow rate, such
as the “conventional prediction rule” (1U/min = +4% Fi02)(29), the Bateman equation(30) and the
Wettstein calculations(28) as identified in the preceding systematic review.

11



Secondary objective 2:

To externally validate a series of early warning scores with oxygen graded beyond binary scoring
and compare their ability to predict deterioration to NEWS2.

Study Population

We willinclude all adults (age = 16) admitted to hospital. Admissions with no recorded vital signs
will be excluded. We will exclude admissions which were < 24 hours in duration, admissions to
the emergency department and admissions direct to the ICU from ED.

We will exclude observation sets taken after admission to the ICU.

Each new patient admission will be handled as an individual source of data, meaning there could
be multiple admissions analysed for the same patient within the study period.

We will consider a subgroup analysis in patients atrisk of type 2 respiratory failure, and only those
with an oxygen requirement.

Repeated measures

We will use a random sampling method of one observation set per admission. In a sensitivity
analysis, we will include all observations, essentially treating them as independent(17). Other
resampling procedures will be evaluated as part of a sensitivity analysis. Multiple imputation will
be performed prior to random sampling.

Models

We will use the HAVEN dataset to externally validate models identified in our previous systematic
review. We will not evaluate models which handle oxygen as a continuous variable or incorporate
time-trends into weighting variables. We will also externally validate NEWS2.

Outcome

Our primary outcome of deterioration will be a composite of unplanned ICU admission and
death. Where a patient experienced more than one type of deterioration, the first event will be
used. Secondary outcomes will be unplanned ICU admission and death treated separately. We
will use a time horizon of 24 hours, consistent with other literature on NEWS/NEWS2(7, 18-20).

Sample size

We used guidance provided by Riley et al(24) to calculate the sample size required for external
validation, using the “pmvalsampsize” package in R statistical software. The calculation is based
on the following assumptions, taken from an FiO2 adjusted NEWS2 score published on the
HAVEN dataset(4).

- The O/E ratio. The O/E will be based on the outcome prevalence (3.5%), with a 95%
confidence interval width of 0.2.

- Calibration slope. We will assume good model calibration with intercept = 0 and slope =
1.

- Linear predictor. We will assume the linear predictor is normally distributed

- C-statistic. We will assume a target c-statistic of 0.876

This estimates a final minimum sample size required for validation of 10,601 admissions,
including 372 events.

12



Statistical analysis methods

We will report patient demographics and clinical information using descriptive statistics.

For each model, we will report an assessment of calibration (calibration plots, calibration-in-the-

large), discrimination (c-statistic), performance analysis and key model/NEWS2 thresholds
(score =5, score = 7) and decision curve analysis.

Results will be presented for performance overall, and performance at each individual site.

Analysis will be repeated for the secondary outcomes.

13



4. Discussion

4.1 Strengths

The protocol for the development of NEWS2-0, is based on best current practice. We will use
multi-site data across the UK to enhance generalisability. Our model development will be
informed by first, evaluating the trajectory of rising FiO2 prior to deterioration compared to other
vital signs, and secondly, to externally validate (and thus “benchmarking”) relevant examples of
oxygen graded models identified in a prior systematic review. This analysis will confirm if there is
a need to add FiO2 as a predictor and provide insight into the best way to handle FiO2. We will
then use a combination of clinically derived and data driven approaches to handle FiO2.

4.2 Limitations

This study will have limitations. We will only be able to adapt NEWS2 to be consistent with its
additive categorical structure. There may be “better” ways to handle the predictors, but the end
format will need to mimic NEWS2. This is in order to strike the balance between prediction of
deterioration and end-user functionality that allows NEWS2 to act as a universal language across
healthcare settings(7).

4.3 Generalisability and Implications

We will use best practice approaches, examples from existing literature, and data driven
methodologies to develop NEWS2-0O,. We hope NEWS2-O,will provide an example to the NEWS
Development Group to incorporate oxygen therapy into NEWS3. By externally validating NEWS2-
O, across several NHS trusts, we hope this will give an assessment of anticipated future
performance, compared to current NEWS2.

14
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