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ABSTRACT i

Background: acute kidney injury (AKIl) is a global healthcare priority, with
strategies to improve associated outcomes desirable. Prediction models or
clinical prediction rules (CPRs), utilise multiple predictors to provide objective
estimates of future risk and their use has been suggested in the field of AKI. A
rapid expansion in derived CPRs has rarely been followed by external
validation, with even fewer models undergoing impact analysis on patient
outcomes. Using e-alert systems to identify AKI has become commonplace in
the UK, though few studies have assessed their efficacy. Combining an in-
hospital e-alert system with an AKI CPR has not previously been described.

Methods: a systematic review of CPRs to predict hospital-acquired AKI (HA-AKI)
in acute hospital settings was performed, followed by an external validation of
one — the AKI prediction score (APS). Thirdly an impact analysis study using a
controlled, before-and-after design on acute medical admissions to two adult
non-specialist hospital sites was conducted (2014-16). At admission, the CPR
highlighted patients at risk of HA-AKI in conjunction with an e-alert which
triggered care bundles of interventions. Primary outcome was incident HA-AKI
using a difference-in-differences analysis. Secondary outcomes in those
developing HA-AKI included: in-hospital mortality, AKI progression, intensive
care unit (ICU) escalation and effects on process measures. Patients with
established community-acquired AKI (CA-AKI) were also highlighted only at the
intervention site.

Results:

I. A systematic review found 53 CPR studies, the majority in specialised
areas; of the 11 in general hospital settings five had external validation.
Significant shortcomings in design and reporting were found.

II.  External validation of the APS model found modest discrimination with
area under the receiver operating characteristic curves (AUROCS)
ranging 0.65-0.71 and acceptable calibration plots.

[ll.  Animpact analysis combining the CPR with an AKI e-alert found a
reduction in HA-AKI at the intervention site (odds ratio, OR 0-990 (0-981-
1-:000), P=0-049). Of cases who developed HA-AKI mortality significantly
reduced on unadjusted (27-46% pre vs 21:67% post intervention, OR
0-731 (0-560-0-954) P=0-021) and difference-in-differences analysis (OR
0-924 [95% CI1 0-858-0-996] P=0-038). Process measures significantly
improved at the intervention site. In contrast no outcome improvements
were found in patients presenting with CA-AKI following introduction of
an AKIl e-alert.

Conclusions: Few validated AKI CPRs have been described in general hospital
settings. An external validation of one model, the APS, led on to an impact
analysis of this CPR. This innovative study utilised IT to integrate the CPR and
an AKI e-alert in an acute hospital setting. The major findings were a reduction
in de novo hospital-acquired AKI and reduced mortality in those who developed
AKI. Future research should assess if these findings are generalisable and
sustainable. Integration with primary care IT and the employment of biomarkers
to apply precision care are further avenues following on from this case study.
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Chapter 1 - Introduction

1.1 Acute Kidney Injury (AKI)

1.1.1 An introduction to AKI

Acute kidney injury (AKIl) is a syndrome,(1) characterised by a rapid
decrease in renal excretory function, with the accumulation of products of
nitrogen metabolism, decreased urine output (not always), accumulation
of metabolic acids, potassium and phosphate.(2, 3) The term AKI
replaced acute renal failure (ARF) in part to emphasise a continuum of
injury exists long before sufficient loss of excretory kidney function can be
measured with standard laboratory tests ie serum creatinine (SCr).(2, 4)
William Heberden in 1802 gave the first description of ARF, then termed
“‘ischuria renalis.”(5) During the First World War the syndrome was
named “war nephritis,”(6) and was largely forgotten until Bywaters and
Beall’s seminal paper on crush syndrome at the time of the Second World
War.(7) Acute tubular necrosis (ATN) was the term used to describe this
clinical entity, based on patchy necrosis of renal tubules seen at autopsy.
In clinical practice, the terms ATN and ARF were used interchangeably
for years and until recently, a precise biochemical definition for ARF was
lacking. With no consensus on diagnostic criteria, a 2002 survey revealed
at least 35 definitions of ARF described in the scientific literature.(8) Such
knowledge undoubtedly stimulated more recent efforts to provide
consensus definitions for both research and clinical practice.(3)
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1.1.2 AKl is a research priority

AKI has long been recognised as an important marker of the gravity of an
underlying disease but was not felt to be directly responsible for
outcomes.(9, 10) However, recent studies have demonstrated AKl is
independently associated with mortality, morbidity, increased length of
hospital stay, occurrence or progression of chronic kidney disease (CKD)
and the need for renal replacement therapy (RRT) including dialysis and
transplantation, and health care costs.(11-14) However the absence of a
consensus definition contributed to a marked heterogeneity of published
studies hindering comparison between patients and groups and
extrapolation of studies.(4, 8) In 2005 the American Society of
Nephrology Renal Research Report highlighted significant knowledge
gaps relating to AKI from its natural history, spectrum, risk factors and
underlying aetiology. Data on long-term outcomes and the influence on
CKD was particularly limited.(15) The US Centre for Disease Control
2008 report found that between 1984 and 2005 much of the observed
increase in reported kidney disease was a result of increases in
hospitalisation for AKI.(16) They highlighted a need for research to
determine the causes for this and examine the risk for associated CKD.

Both the Acute Dialysis Quality Initiative (ADQI) Group, who proposed a
graded classification system known as the RIFLE (Risk Injury Failure
Loss End Stage Renal Disease) criteria(17) and the Acute Kidney Injury
Network (AKIN)(18) aimed to standardise the definition of AKI to facilitate
research and collaboration. In 2012 KDIGO (Kidney Disease: Improving
Global Outcomes) proposed a single definition of AKI for practice,
research and public health, combining the RIFLE and AKIN definitions
with some modifications.(3) KDIGO AKI is defined as an acute (hours to
days) increase in serum creatinine (SCr) or a reduction in urine volume
(table 1.1 definitions).(3)
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AKIN staging RIFLE KDIGO Urine output
(all
Stage SCr Class SCr or GFR Stage SCr definitions)
Increase Increase SCr Increase
1 226.5 ymol/l or Risk 150-200% 1 226.5 ymol/l or <0.5 ml/kg/hr
increase 150- baseline or GFR increase 150- >6 hrs
200% baseline decrease >25% 200% baseline
. 0,
2 Increased >200- Injury grcéliéoo 300% 2 Increase 200- <0.5 ml/kg/hr
0, H 0, H
300% baseline decreased >50% 300% baseline >12 hrs
Increased >300% SCr >300%, or Increase
baseline, or SCr >354 umol/l >300% <0.3 mi/kg/hr
2354 ymol/l & . & acute rise .
3 ) Failure 3 baseline, or >24 hrs or
acute increase >44 pymol/l or .
2354 ymol/l or anuria >12 hrs
244 pmol/l or on GFR decreased on RRT
RRT >75%
Persistent acute
renal failure =
Loss complete loss of
kidney function
>4 weeks
End-
stage ESRD >3 months

Table 1.1 AKI definitions. For AKIN, the increase in SCr must occur in <48 hours. For
RIFLE, AKI should be abrupt (1-7 days) and sustained (>24 hours). ESRD — end-stage
kidney disease, RRT — renal-replacement therapy, SCr — serum creatinine. Adapted
from AKIN, RIFLE, KDIGO definitions.(3, 17, 18)

1.1.3 The purpose for this research

AKIl is now recognised to be a global healthcare priority.(19, 20)

Research in AKI prevention and improved management are significant

areas identified by healthcare leaders. Though much research has

highlighted AKI risk factors, few studies have investigated targeted

interventions to recognise risk, prevent AKI development and improve

management of those who have met AKI criteria in a general hospital

setting, outside the intensive care unit. This research aims to study the

utility of prognostic prediction models in the field by first reviewing

currently available models in general and specialised hospitalised

populations. Secondly, an external validation of one model will be

performed. Finally an impact analysis study will investigate the effects of

a complex healthcare intervention, including the use of a prediction model

and an AKI e-alert, on patient outcomes.
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1.2 The Kidney — anatomy and function

1.2.1 Introduction

The nephron is the functioning unit of the kidney, made up of a
glomerulus and tubule system. Each kidney has over a million nephrons.
The glomerulus is made up of the afferent arteriole, bringing blood from
the systemic circulation, a tuft of capillaries with drainage through the
efferent arteriole. Blood is filtered across the glomerular basement
membrane into the space in Bowman’s Capsule to form an ultrafiltrate of
plasma which then passes through the tubules and is subjected to
selective secretion and reabsorption of electrolytes and other solutes.
Through this process the kidney maintains water, electrolyte and acid
base balance. The urine produced is concentrated according to prevailing
physiological conditions and is excreted via the ureters into the bladder.
The kidneys are a crucial regulator of body homeostasis. Primarily the
kidney regulates fluid and electrolyte balance, acid/base balance, and
excretes metabolic waste products. However, the kidney also produces

hormones and has some metabolic functions (table 1.2).

Functions of the kidney

1. Maintenance of electrolyte balance

2. Maintenance of fluid balance

3. Maintenance of Acid/Base balance

4. Elimination of metabolic waste products including urea and creatinine.

5. Endocrine & Metabolic: production of Erythropoetin, Renin and Calcitriol;
metabolism of Insulin

Table 1.2 — summary of kidney functions.

1.2.2 Measuring kidney function — glomerular filtration rate
(GFR)

The glomerular filtration rate (GFR), the rate in unit time at which fluid is

filtered by the glomerulus, is accepted as the best index of kidney
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function.(21) What constitutes normal GFR is debatable with two of the
most widely cited studies dating back to the 1950s and 1960s.(22) A
more recent study found when adjusted for body surface area healthy
females had a mean GFR of 108.7 £17.5 ml/min and males 106.1 £15.8
ml/min per 1.73 m2.(23) The glomerular capillary hydrostatic pressure
provides the driving force for filtration and is dependent on cardiac output
(the kidneys receive around 25% of the cardiac output) and circulating
volume. Oncotic or colloid osmotic pressure from plasma proteins within
the filtered blood and the hydrostatic pressure in Bowman'’s space
oppose this pressure. The net filtration pressure is the difference between
these opposing pressures (figure 1.1).(24) GFR is also determined by the
glomerular filtration coefficient reflecting the permeability and surface
area of the basement membrane across which fluid is filtered. GFR and
its change over time are vital to detection of kidney disease and its
severity.(25) In AKI the GFR is usually decreased compromising the

functional capabilities of the kidney.
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Mean glomerular capillary pressure:
45 mmHg
- Intracapsular pressure: 10 mmHg

Mean hydrostatic pressure gradient: ————— e
35 mmHg
- Mean colloid pressure: 25 mmHg

Mean pressure driving
ultrafiltration: 10 mmHg

Figure 1.1 Glomerular haemodynamics adapted from Prowle et al 2010.(26)

An ideal endogenous marker of renal filtration function would exhibit the

following characteristics:

constant rate of production,

water soluble,

no protein binding,

freely filtered at glomerulus,

no tubular secretion or reabsorption,

no extrarenal metabolism or elimination and,

an assay for measurement which is precise, reliable, rapid,

inexpensive, and widely available.

Unfortunately, to date no such perfect endogenous marker has been

described. Renal clearance is based on the premise that the rate by

which a substance is removed from the plasma by the kidney must be

equal to the rate of excretion into the urine. Knowing the urine and

plasma concentrations of a substance and the urine flow rate, allows

calculation of clearance which may be conceptualised as the virtual

23



volume of plasma from which this substance is completely removed
during a time period.(27) Inulin is the gold standard filtration marker,
however, the requirement for an intravenous infusion and a difficult
chemical assay makes it impractical for clinical use.(27) Although there
are other established exogenous serum markers to estimate GFR such
as iothalamate, ethylenediaminetetraacetic acid and iohexol, their use is
expensive and impractical for routine use.(28) Thus, in clinical practice,
measurement of serum creatinine (SCr) and urea remain the mainstay for

determining changes in renal function.

1.2.3 Creatinine

Creatinine was named by Liebig in 1847. In 1926 Poul Brandt Rehberg
made the assumption that creatinine was exclusively excreted through
glomeruli, and proposed that by measuring creatinine in urine and blood,
a glomerular filtration rate could be derived from the clearance rate of
creatinine.(29) In popular use since the 1940s, Creatinine remains the
laboratory hallmark of AKI in daily practice, in part because of its
convenience and low cost.(30-32) Creatinine is an amino acid compound
with a molecular weight of 113 daltons (Da), derived from the conversion
of creatine (Cr) to phosphorylcreatine in skeletal muscle and subsequent
liver metabolism of creatine (summary in figure 1.2). In health creatinine
is released into the plasma at a relatively constant rate, is freely filtered
by the glomerulus, and is not reabsorbed or metabolised by the kidney.
Clearance of SCr is the most widely used means for estimating GFR and
SCr levels generally have an inverse relationship to GFR.(33) SCr
together with a urine collection can be used to estimate GFR by
measuring creatinine clearance (CrCl) while several equations have been
developed to estimate GFR based on SCr alone. However, as a filtration
marker SCr has multiple limitations (figure 1.3 and table 1.3 which also
highlights the limitations of urea).(2) Firstly, baseline SCr (often not
known)(34) can be affected by a host of factors including age, ethnicity,
sex and dietary intake. In acute iliness the release of creatinine into the

serum can be variable including because of reduced production. In a
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study of patients with glomerulonephritis, when compared with inulin,
creatinine grossly and unpredictably overestimated GFR.(35) Several
drugs (e.g. trimethoprim and Ha receptor blockers),(36) impair creatinine
secretion causing a transient and reversible increases in SCr. In diabetic
ketoacidosis, increased serum concentration of acetoacetate can cause
interference with selected assays and present a falsely elevated SCr
referred to as the Jaffe reaction.(37) SCr does not reflect real-time
changes in GFR or always a genuine acute injurious process;(28) as
GFR falls, fractional hypersecretion of creatinine in glomerular disease
increases as the disease worsens;(35, 38, 39) due to the nonlinear
relation between concentrations of SCr and GFR, the former becomes
abnormal only when the latter decreases by more than 50% and does not
reflect dynamic changes in filtration rates.(40, 41) This time taken to
accumulate may delay the diagnosis of AKI and, hence, delay appropriate
supportive and therapeutic interventions. For these reasons SCr has

been termed an ‘imperfect gold standard’.(42)

Dietary Cr

AdoHcy + Cr

ATP ADP
GAMT A\ =

Cr PCr
AdoMet + GAA

VW

SCr

\

GAA +
Ornithine

AGAT A\

Arg + Gly

Urine excretion of SCr

Figure 1.2 Major routes of Creatine metabolism. The majority of Cr is in muscular
tissues with daily demand met by intestinal absorption of dietary Cr or biosynthesis. The
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first step of Cr biosynthesis probably occurs mainly in the kidney, whereas the liver is
likely to be the principal organ accomplishing methylation of GAA to Cr. Muscular Cr and
PCr are non-enzymatically converted at an almost steady rate (~2% of total Cr per day)
to serum Creatinine (SCr), which diffuses out of the cells and is excreted by the kidneys
into the urine. AdoHcy -S-adenosyl-L-homocysteine, AdoMet — S-adenosyl-L--
methionine, Arg — Arginine, - Cr — Creatine, GAA - Guanidinoacetic acid, GAMT -
glycine amidinotransferase, Gly -Glycine , PCr — phosphorylcreatine SCr — serum
Creatinine.

SCr is marker of GFR Not as WGFR = fractional
tubular damage; NSCr SCr hypersecretion by
observed in hypo- tubules in glomerular
_ perfusion when kidneys disease; N  as disease
Baseline: affected by~ structurally intact worsens
age, ethnicity, sex,
diet, muscle mass \ I l
Acutely ill: release variable, SCr: an abnormal Delay in
Wproduction, exacerbated imperfect —» only when AK
by disease states, eg WGFR by ) .
rhabdomyolysis gOId >50% diagnosis
standard

Drugs may impair /
secretion causing

transient, reversible
ANSCr nonlinear relation

e between [SCr] & GFR

SCr Assay can be does not

interfered eg in DKA reflect real-
time change
in GFR

Figure 3. Creatinine the imperfect gold standard. GFR — glomerular filtration rate, SCr —
serum creatinine.
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Increase Decrease

Male

Female
Younger age

Older age
Large muscle mass

Protein restriction (renal disease, liver

Ethnicity disease)
Creatinine Ingestion of cooked meat Vegetarian diet
Jaffe reaction (ketotic states, Muscle wasting (neuromuscular

diseases, malnutrition)

hyperglycemia) A
mputation

Drugs (cimetidine, trimethoprim)
Jaffe reaction (hyperbilirubinemia)

Vigorous exercise

Urea

Decreased circulating volume .
Volume expansion

Increased dietary protein Pregnancy

Crltlgal illness (fever, trauma, burns, SIADH
sepsis)

Gastrointestinal bleeding Dietary protein restriction

Drugs (corticosteroids, tetracyclines) Liver disease

Table 1.3 - Causes of alterations in creatinine and urea to consider when using these
markers as a measure of renal function. SIADH — syndrome of inappropriate Antidiuretic
Hormone secretion.

1.2.4 Creatinine kinetics and relevance to AKI

There is a well-described inverse correlation between CrCl and SCr. Thus
if all determinants of SCr concentration are kept constant except for CrCl,
then a 50% reduction in CrCl from baseline will lead at steady state to a
100% increase in SCr, irrespective of baseline function. Steady state,
however, may not be reached for several days after an episode of
AKI.(43) Waikar and Bonventre simulated creatinine kinetics after AKI in
the setting of normal baseline kidney function and CKD stages 2-4 (stage
2 GFR 60-89 mL/min, stage 3 GFR 30-59, stage 4 GFR 15-29).(44) They
found that the percentage changes in SCr after severe AKI are highly
dependent on baseline kidney function. Twenty-four hours after a 90%
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reduction in CrCl, rise in SCr was 246% with normal baseline kidney
function, 174% in stage 2 CKD, 92% in stage 3 CKD, and only 47% in
stage 4 CKD. In contrast, absolute increase was nearly identical across
the spectrum of baseline function. Time to reach a 50% increase in SCr
was directly related to baseline kidney function: normal baseline took 4
hours whilst stage 4 CKD took 27 hours. Again in contrast, the time to
reach a 44.2 ymol/L in SCr was virtually identical after a >50% reduction
in CrCl.

Alterations in the volume of distribution (VD) of creatinine can in turn alter
SCr concentration. Though studies have suggested that the VD of SCr is
roughly equivalent to total body water (TBW)(45), among critically-ill
patients (e.g. following resuscitation for sepsis, burns and pancreatitis),
increase in TBW can reach >10% within 72 hours.(46) In critically-ill
patients with AKI, Macedo and colleagues calculated cumulative fluid
balance and computed a fluid-adjusted SCr concentration reflecting the
effect of VD during the development phase of AKI.(47) They
demonstrated that dilution of SCr may lead to underestimation of the
severity of AKI and increases the time required to identify its
development. However, this approach has been criticised by others, who
have argued that this fails to account for the actual kinetics of creatinine
excretion.(48) A study by Pickering et al, also demonstrated using a
model combining creatinine kinetic and volume kinetics that fluid
resuscitation leads to an underestimation of both SCr concentration and
AKI severity.(49)

1.2.5 Urea

Measurement of urea marked the beginning of efforts to quantify renal
function with its isolation by Rouelle in 1773 and subsequent use as a
diagnostic test by Strauss in 1903.(32) Urea is a low molecular weight (60

Da) water-soluble, by-product of protein and amino acid metabolism
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produced by the liver, used as a serum marker of uraemic solute
retention and elimination. In chronic hemodialysis, the degree of urea
clearance correlates with outcome and is used to model hemodialysis
adequacy. Acute and large rises in serum urea concentration are
characteristic of the development of the uraemic syndrome and retention
of a large variety of toxins. In a review of 857 publications 90 such
compounds were described.(50) The accumulation of urea itself is
believed to predispose to adverse bio-chemical, and physiologic and
metabolic effects, such as increased oxidative stress, altered function of
co-transport pathways important in regulation of intracellular electrolytes
and water, and alterations in immune function.(51, 52) Furthermore,
retention of uraemic toxins may contribute to secondary organ
dysfunction.(53) Similar to SCr, urea levels exhibit a nonlinear and
inverse relationship with GFR. However, the use of urea levels to
estimate GFR is problematic due to numerous extrarenal factors that
influence its endogenous production and renal clearance independent of
GFR (table 1.3). The rate of urea production is not constant with serum
values modified by a high protein intake, critical illness (sepsis, burns,
trauma), gastrointestinal hemorrhage (due to absorption of degraded
blood products), level of hydration and drug therapy, such as
corticosteroids. Of note patients with chronic liver disease may have near
normal values for both SCr (decreased production due to decreased
hepatic creatine synthesis, increased tubular creatinine secretion, or loss
of skeletal muscle mass)(54) and urea (decreased production and protein
restriction) despite severely reduced GFR and impaired kidney function.
The rate of renal clearance of urea is also not constant. An estimated 40—
50% of filtered urea is passively reabsorbed by proximal and distal renal
tubular cells and in states of decreased effective circulating volume there
is enhanced resorption of sodium and water in the proximal renal tubular
cells along with a corresponding increase in urea resorption.
Consequently, serum urea may increase out of proportion to changes in

SCr and be under-representative of GFR.
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Overall urea concentration is a poor measure of GFR, being produced at
variable rates, affected by a number of disease states and undergoes
renal tubular reabsorption.(32) Furthermore it does not represent real-
time changes in GFR and requires time to accumulate. Likewise, urea
does not reflect true “acute” kidney injury. As such, reliance on urea could
lead to potential delays in diagnosis of acute changes to GFR or
detection of AKI. As a result of these limitations it is not generally used in
the setting of AKI, nor is not used in any of the GFR estimating equations

in current use.

1.2.6 Oliguria

The English physician Heberden used the definition of oliguria associated
with acute renal failure over 200 years ago.(55) Though part of
consensus definitions of AKI oliguria is often neglected, in part due to the
large number of patients outside the ICU setting with no urinary catheter
to accurately measure urine output. Furthermore, though urine output is
an important clinical marker it is not renal specific.(56, 57) Indeed a
reduction in output may be an appropriate physiological response during
periods of hypovolaemia, fasting, post-operatively, following pain or
trauma.(58) For example, as a response to hypovolaemia, antidiuretic
hormone (ADH) is released leading to oliguria. A study nearly 80 years
ago demonstrated that up to 60 hours fasting resulted in a concentrated
urine of less than 20 ml/hour,(59) supported by a more recent study of
oliguric on-call junior doctors.(60) As such oliguria may be misleading,
reflecting normal physiological responses or a transient haemodynamic
disturbance, not necessarily indicative of glomerular or tubular injury.
Moreover, severe tubular injury may not be apparent initially as oliguria
given that concentrating ability is disturbed.(55) Under such
circumstances, urine flow reflects GFR and oliguria will not be apparent
until GFR has fallen significantly. AKI Studies have suggested that
oliguria in isolation is associated with the least elevation in mortality

risk.(61) However, in combination with elevations in SCr, oliguria is
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associated with the highest mortality.(56) This combination probably
represents stress and impairment of renal function coupled with a
significant fall in GFR manifesting as oligoanuria.(56)

1.2.7 Beyond creatinine and oliguria

Due to limitations of existing markers of renal injury, there has been much
interest in the detection and validation of new biomarkers for AKI to
replace or complement SCr.(57, 62-64) Such biomarkers vary in
anatomical origin, physiological function, release time, kinetics, and
distribution (see table 1.4).(65) Both serum and urine biomarkers have

been described.

Biomarker Reflects

Cystatin C Glomerular filtration
Albuminuria Glomerular integrity
IGFBP-7 and TIMP2 Tubular stress

NGAL, KIM-1, NAG, L-FAB Tubular damage

IL-18 Intra-renal inflammation

Table 1.4 — renal biomarkers. IGFBP-7 - Insulin-like growth factor binding protein-7, IL-
18 - interleukin-18, KIM-1 - kidney injury molecule-1, L-FAB - liver fatty acid-binding
protein, NAG - N-acetyl-B-d-glucosaminidase, NGAL - neutrophil gelatinase-associated
lipocalin, TIMP2 - tissue inhibitor metalloproteinase 2.

Biomarkers may allow detection of subtle changes in renal function prior
to SCr rises.(66) Of note, patients who are biomarker-positive, without
SCr elevations appear to have a greater risk of complications, a longer
stay in hospital and higher mortality.(67) Indeed international guidance
have suggested that biomarkers be utilised in combination with traditional
markers to better define and characterise AKI.(66) To date few of these

tests are in routine hospital use however.
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1.3 AKI Significance

1.3.1 Epidemiology of AKI

The epidemiology of AKI has been difficult to ascertain in part due to the
variety of definitions in use prior to RIFLE, AKIN and KDIGO.(3, 17, 18)
Furthermore, a recent review found the long-term prognosis following an
episode of AKI varies, depending not just on cause and clinical setting,
but may also be explained by underlying pre-AKI and post-AKI renal
function rather than the AKI episode itself.(68) Using the KDIGO definition
one in five adults worldwide admitted to hospital either have AKI at
presentation, or develop AKI during their hospital admission.(69)
However, widely differing rates of AKI are reported across a spectrum of
emergency and elective admissions. For example following general
surgery incidence has been reported to be around 1%,(70, 71) whilst
amongst critically ill patients it can be as high as 70%, with an in-hospital
mortality of 50%.(69, 72-76) Cardiac surgery is one of the areas in which
AKI has been extensively studied, with incidence rates of 3—30%,(77-80)
and up to 5% of patients requiring RRT, associated with significant acute
mortality.(81) In this speciality many of the studies preceded consensus
definitions. One recent UK study by Bernie et al using KDIGO criteria
suggested an overall incidence of 23% with 4% progressing to AKI stage
3. In this study 30-day mortality increased with severity: 2% in those
stage 1, 4% stage 2 and 28% with stage 3 AKI, compared to 0.5% in
those without AKI.(82) In the field of Liver transplantation requirement for
RRT has been reported in up to 17% of transplant recipients.(83) In
studies of general hospitalised populations using KDIGO criteria

incidence of hospital-acquired AKI ranged 7-10%.(84-86)

Current understanding of the epidemiology of AKl is largely based on
studies of patients who developed hospital-acquired AKI (HA-AKI).
However, the majority of cases probably arise from the community (CA-

AKIl),(84, 87-91) with volume depletion the most commonly identified
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cause.(88) Interestingly, recent studies demonstrate a significant
proportion of CA-AKI patients are never admitted.(92, 93) The study by
Johnson and colleagues described the potential role of linked hospital
and community clinical records to improve recognition as well as
definitions of AKI. In this population based study over the course of a year
0.8% met AKI criteria with over two-thirds of cases having their first alert
in the community, with fewer than half of such cases requiring hospital

admission.(93)

Disentangling whether a patient has community-acquired (CA-AKI),
hospital acquired AKI (HA-AKI), a combination, or indeed neither, can be
difficult for a number of reasons. First, on admission to hospital a
previous SCr result may not be available or may be from a number of
months ago, making baseline establishment problematic. Second, as
rises in SCr may lag significantly behind an insult, an injury may have
already been sustained prior to admission, but not initially identified as
AKI.(30) Third, a patient may have a degree of community injury and then
over the course of initial hospital management be exposed to further
insult, for example, through iatrogenic interventions or medications.
Fourth recognition of AKI relies on repeat testing and a proportion of
cases may never come to medical attention, or have only a single blood
sample or have two blood samples spaced far enough apart to miss AKI
criteria if renal function has recovered and creatinine values have fallen.
A number of studies suggest that whilst not all community cases are
admitted to hospital, a significant number are, with significant potential to
harness data linkage between these two settings. Such real time data
could aid establishment of baseline values and potentially improve
recognition and track the trajectory of renal function at a population
level.(92, 93)

Worldwide, in developed and developing regions there are both

similarities and differences in incidence, cause, pathophysiology, and
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public health implications of AKI.(19) For example in rural areas of
developing countries, AKI is commonly a consequence of community-
acquired diseases such as diarrhoea, dehydration, infectious diseases
and animal venoms. Furthermore, under-reporting of AKI is a major
problem in understanding the true knowledge of its impact in many parts

of the world, especially in developing countries.

Large epidemiologic investigations have indicated that the incidence of
AKl is increasing.(94) For example, a US national study of cases of
dialysis-requiring AKI found that from 2000 to 2009, incidence increased
from 222 to 533 cases per million person-years.(95) The authors reported
that temporal changes in the population distribution of age, race, and sex,
trends of sepsis, acute heart failure, and receipt of cardiac catheterisation
and mechanical ventilation accounted for only about a third of the
observed increase. In this study the total number of deaths associated
with dialysis-requiring AKI rose from 18,000 to nearly 39,000 over the
time period. Of particular relevance in developed countries with ageing
populations, a number of studies have described an age-dependent
relationship with AKI.(96, 97) This is attributed to both anatomic and
physiologic changes in the ageing kidney and to comorbidities (i.e. CKD,
CCF, hypertension, cardiovascular disease),(98) that may require
procedures and/or medications that act as stressors and alter renal
haemodynamics or are directly nephrotoxic.(99)

In the critically ill with AKI survival remains poor even after key
developments in the supportive care afforded to such patients including
protective lung ventilation(100) and improved survival from sepsis.(101)
Although RRT is the mainstay of supportive treatment for advanced AKI,
this therapy is potentially harmful and not readily available in all settings
and global regions.(102) Indeed different resuscitation strategies for
sepsis in two recent large multi-centre international randomised controlled
trials (RCTs) showed no difference in AKI incidence.(103) This may
relate, in part, to changes that have occurred in the typical ICU patient,
who is often older with more comorbid illness (including CKD) with
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diminished physiological reserve.(28) However, another explanation is
the limited capacity of conventional markers of kidney function to
detection early injury to the kidney. This may partly explain why
therapeutic interventions showing promise in animal models have proven
disappointing in human trials,(104, 105) where a delay in diagnosis from
time of insult to recognition of AKI may have attenuated the opportunity
for early successful intervention before established injury occurs. AKI is
thought to also contribute to the CKD population by permanently reducing
renal function in people with and without prior CKD.(106) For these
reasons AKIl is regarded as a priority for clinical practice, policy and
research.(19) Indeed, in 2015 The Lancet and the International Society of
Nephrology in a joint commission issued a call to arms - the Global Oby25
initiative - to reduce mortality from preventable and avoidable AKI.(20)
This commission put forward five ‘Rs’ (risk assessment, recognition,
response, renal support, and rehabilitation) as specific areas to target to
improve patient outcomes. As most cases of AKI are attributable to
simple causes such as volume depletion, hypotension, and exposure to
nephrotoxic medications,(107) attention has shifted from treatment to
prevention, early detection, and proactive management to avoid further
damage.(102)

1.3.2 Aetiology

1.3.2.1 Traditional concepts

A report by Bywaters and Beal in 1941 linking crush injury to acute
impairment of renal function is arguably the starting point for modern
medicine’s discussion of AKI.(108) Traditionally ARF was split into pre-
renal (a decline in glomerular filtration due to renal hypoperfusion),
intrinsic (structural damage to the kidney including acute nephritis), and
post-renal (obstructive) causes.(109) Mechanical obstruction of urinary
flow and intrinsic renal aetiologies categorised by the structure primarily
affected (i.e. tubular, glomerular, interstitial, or vascular) are relatively well

understood mechanisms, with the latter having a clear histopathological
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rationale. However, the majority of AKI is not due to obstruction or
intrinsic disease. The term ‘pre-renal’ was used to convey the notion of a
systemic or distant insult subsequently resulting in renal dysfunction. For
example, an acute myocardial infarction (M) leading to poor cardiac
output or acute haemorrhage leading to hypovolaemia. However, the
pathophysiology of AKI is rarely so simply explained, with probably
multiple acute factors combing in an augmented fashion to affect a
vulnerable host.(110) A heterogeneous group of hospitalised patients are
affected by AKI, usually with pre-existing risk factors such as age,
diabetes, heart failure, CKD, liver disease and cancer.(3, 111) Acute
insults, may include sepsis, volume depletion including haemorrhage and

dehydration, surgery, nephrotoxic drugs and contrast agents.

The mechanism of pre-renal AKI had previously been postulated to result
from global renal ischaemia, cellular damage and ATN. However, this
paradigm has been challenged.(112) ATN describes a form of intrinsic
AKI due to severe, persistent hypoperfusion of the kidneys not thought to
be associated with histopathological changes, therefore not classified as
intrinsic AKI and expected to resolve within days. The term is
conceptually flawed implying as it does a degree of certainty from taking
a history, performing an examination and doing blood/urine tests that no
histopathological tubular injury is present with a renal biopsy rarely
performed.(113) Furthermore, pre-renal azotaemia and ATN imply that

AKI does not represent a continuum of injury.

Given that the leading clinical conditions associated with AKI, namely
sepsis, major surgery, heart failure and hypovolaemia,(114) are all
associated with shock, AKI has frequently been attributed to ischaemia
on the basis of macro-haemodynamic changes. Consistent morphological
findings in ischaemic AKI are apoptotic cell death in distal and proximal
tubules,(115, 116) and vascular congestion, endothelial damage, and
leukocyte accumulation in peritubular capillaries.(117, 118) An increasing
body of evidence suggests AKI can occur in the absence of overt signs of
hypoperfusion, global or regional.(110) A complex series of alterations
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are thought to take place in the renal tubular system. These include
tubular dynamics such as activation of tubuloglomerular feedback, which
may even include increased blood flow.(119) Tubular metabolism
alterations including depletion of Adenosine triphosphate (ATP) lead to
the generation of reactive oxygen molecules and impaired calcium
sequestration.(119) The structural response of the tubule cell is multi-
faceted and includes loss of cell polarity and brush borders, cell death
and proliferation. Surviving tubule cells have a remarkable ability to
regenerate and proliferate following AKI.(120) This regeneration involves
the appearance of dedifferentiated epithelial cells, followed by up-
regulation of genes that encode for a variety of growth factors cells,
expression of differentiation factors and finally undergo re-
differentiation.(121)

1.3.2.2 New paradigms - septic AKI and organ cross-talk

1.3.2.2.1 Septic AKI
Sepsis, defined as life-threatening organ dysfunction caused by a
dysregulated host response to infection, is a frequent cause of AKI
amongst hospitalised patients.(122) Though sepsis-induced AKI is
increasingly recognised to be more complex than a simple pre-renal
insult, understanding the mechanisms of sepsis-induced AKI phenotype
have been limited by the lack of pathologic specimens available to study
as a consequence of the inherent risks of performing renal biopsies in this
patient group. A consistent observation in human and animal studies is
the presence of:

» diffuse microcirculatory flow abnormalities,(123)

* inflammation and,(124)

* adaptive cellular responses to injury.(125)
Current evidence suggests the origin of most cases of sepsis-induced
AKIl is multifaceted, rather than the result of an individual insult.(110)
Despite controversy about the role of global renal blood flow (RBF), both

animal models and human studies have shown that the occurrence of
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sepsis-induced AKIl is not exclusive of decreased RBF states (126), and
indeed can develop in the setting of increased RBF.(127, 128)
Interestingly in one study of patients following cardiac arrest, only a small
proportion developed significant AKI, unless post-arrest cardiogenic
shock was present.(129) One proposed theory suggests sepsis-induced
AKI reflects the early manifestation of an adaptive response of the tubular
cells to a danger signal.(110) Inflammation and microvascular dysfunction
both characterise and amplify this signal and in response, mitochondria
within tubular cells orchestrate a metabolic downregulation and
reprioritisation, favouring cell survival processes (such as maintenance of
membrane potential and cell cycle arrest), at the expense of “kidney

function” (i.e. tubular absorption and secretion of solutes).(110, 130)

1.3.2.2.2 Organ cross-talk

Increasing evidence has suggested that the effects of metabolic and fluid
disturbances seen in AKI cases may be immunosuppressive and have
adverse effects on distant organs — so-called organ cross-talk.(131-133)
Though full explanations remain to be elucidated as to why AKIl is an
independent contributor to mortality,(134) the adverse effects of complex
organ interactions may contribute.(135) In animal models, there is a clear
causal effect: injuring or removing the kidneys results in deleterious
systemic effects and distant organ dysfunction. Potential mechanisms
include dysfunctional inflammatory cascades, oxidative stress, activation
of pro-apoptotic pathways, differential molecular expression, and
leukocyte trafficking.(134) Almost all the major organs have now been
found to be affected in AKI cases as cause of the AKI, impairment due to
the effects of AKI or a combination of the two (figure 1.4 and appendix
table A1.1 for summary).(134, 136, 137)
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Figure 14. Organ cross-talk in AKI in part adapted from Scheel et al.(136) G-CSF —

granulocyte colony-stimulating factor, GFAP — glial fibrillary acidic protein, Gl —
gastrointestinal, GSH — glutathione, IL — interleukin, KC — keratinocyte-derived

chemokine, TNF — tumour necrosis factor.

1.3.3 Morbidity, mortality and origin of AKI

Despite a well known association between AKI and mortality, Levy et al’s

study in 1996 was perhaps the first to separate the effect of ARF on

outcome from the effect of an underlying disease process complicated by

ARF. After adjusting for differences in comorbidity, ARF was associated

with an odds ratio of dying of 5.5.(138) Mortality figures vary in the
literature depending on AKI definition and population studied with

contemporary work using consensus definitions suggest a short-term
mortality of around 9-34% in those hospitalised.(139-141) A UK study
using hospital episode statistics (HES) suggested AKI has an in-patient

mortality of 28%.(142) In one recent study thirty-day mortality was similar

for HA-AKI and CA-AKI, but significantly lower in cases not admitted
(24.2%, 20.2% and 2.6%, respectively).(92) Five-year mortality was high
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in all groups, but followed a similar pattern (67.1%, 64.7% and 46.2%).

A substantial body of evidence suggests even small acute changes in
kidney function are associated with both an increase in mortality and the
development or worsening of existing of CKD with its associated
morbidity and costs.(12, 106, 143-145) For example, incident CKD rates
of up to 30% after a period of AKI following cardiac surgery have been
reported.(146-151) A meta-analysis of 13 studies found pooled
incidences of CKD and end stage renal failure (ESRF) post-AKI were
25.8/100 person-years and 8.6/100, respectively.(106) Compared to
patients without AKI, adjusted hazard ratios (HRs) were 8.8 for
developing CKD, 3.1 for ESRF and 2.0 for mortality.

Both Cruz et al in the ICU setting and Uchino in all admissions found a
graded increased risk of mortality with worsening RIFLE class.(152, 153)
Increased mortality has also been reported when oliguria in addition to a
rise in SCr has been present.(56, 152) Coca’s 2010 study of post-
operative AKI found that for each AKI stage, longer duration of AKI was
associated with higher mortality. Of further note mortality rate for those
with severe AKI of short duration was much lower than the mortality
associated with stage 1 AKI but of longer duration. They postulated that
duration could discriminate those with true renal injury and those with
only ‘prerenal’ AKI.

The link between AKI and CKD has been the subject of a multiple
studies,(154-157) though demonstration of a clear association does not
necessarily confer causation. Epidemiological studies often struggle to
identify accurate pre-morbid and post-AKI renal function in order to
precisely interpret long-term data. For example, in retrospective studies
follow-up data may be missing or may have been captured at times of

intercurrent iliness, hence blunt endpoints, such as dialysis dependence
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or mortality, are used. In addition, SCr and the derived eGFR, despite
their limitations, are often the only markers of renal function used. Critical
illness in particular, may be associated with significant decreases in SCr
through many potential mechanisms and these changes may persist
through to hospital discharge hence confounding assessment of renal
function.(158) Moreover, elevated SCr levels at hospital discharge may
represent pre-existing CKD rather than non-recovery, depending on the

completeness of data availability on prior renal function.

Several studies have reported lower mortality in patients with AKI who
had pre-existing CKD.(111, 159, 160) The reason for this finding is not
clear though for example, Khosla et al postulated process of care for
those with CKD may be differ such as access to nephrology.(159)
Patients with CKD may also require a lesser burden of acute iliness to
reach the same level of AKI. One study found no difference in outcomes
when adjustment was made for acute illness severity.(161) The threshold
definition of AKI within the CKD cohort may also be different with a study
by Broce et al finding in an adjusted model the odds ratio for in-hospital
mortality became significant with a creatinine increment of >0.2mg/dl in
those with a baseline eGFR >60mls/min, whilst in those with an eGFR
<30mls/min this was not significant until an increment of >0.5mg/dl was
reached.(162)

1.3.4 Economic consequences

Most cost estimates of AKI have come from single-centre studies of
academic hospitals.(163) For example, in a 2005 study using KDIGO SCr
criteria, AKI was associated with an average $7,082 increase in costs,
ranging $5,400 for KDIGO stage 1 to $27,300 for KDIGO stage 3.(12)
Kerr et al, using routine data for NHS England, after sensitivity analyses,
estimated in-patient costs related to AKI ranged £894,193,943 to
£1,153,732,733, or approximately £1,100 per episode. This amount was
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just over 1% of the NHS budget in 2010-11.(142) Silver et al, used
International Classification of Diseases (ICD) codes to ascertain AKI,
known to identify patients with more severe AKI.(164) Estimated in-
patient costs related to AKI in the United States ranged from $5.4-24
billion.(165) In this study, additional costs attributed to dialysis-requiring
AKI ranged from $11,016 to $42,077. Using a Markov model to estimate
long-term costs arising from CKD and ESRD in patients who have had
AKI relative to a matched group without AKI, Kerr et al, found that post-
discharge care cost the NHS an additional £179 million. Further research
has been called for in this area to better quantify the costs associated
with post-discharge AKI care.(163)

1.3.5 Deficits in AKI management and interventions to

address these concerns

Significant deficits in the recognition and subsequent management of
patients who have developed AKI have been shown.(166, 167) The 2009
National Confidential Enquiry into Patient Outcome and Death (NCEPQOD)
report suggested poor management of patients who died with AKI in 40%
of cases.(166) In England the National Institute for Health and Care
Excellence (NICE) guidance for AKI has emphasised risk assessment to
be integral to improving care. In 2014 NHS England issued a patient
safety alert mandating the flagging of patients with AKI in hospital and in
primary care. Studies have reported the impact of electronic hospital
systems flagging patients with AKI,(141, 168-170) but not those at risk of
developing AKI. Two of the studies found a reduction in mortality in the
subgroup of patients who had a care bundle completed.(141, 169)
However, a recent large well conducted US single centre RCT did not
detect any clinical benefit in alerting patients with hospitalised AKI to the
clinical care team, though the authors argued this may have been
because minor AKI is an artefact of multiple testing of an inherently
variable substance (SCr).(170) Additionally, it is likely that the issue of an

alert in isolation is unlikely to be effective without an effector arm, for
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instance simple accessible guidance, education and effective treatment.
Finally, it is possible that the study was open to cross-contamination,
whereby there were improvements in recognition and care of non-alerted
AKI cases.(170) There has been much recent interest in highlighting
patients at risk of AKI or at an earlier stage of the evolution of AKI at
which point interventions, or avoidance of harms, could have most

benefit.

Though change in SCr is the most common way AKI is diagnosed, there
are a number of issues using this at scale electronically in healthcare
systems:

* Optimal measurement using enzymatic assay and calibration
traceable to a reference method based on isotope dilution-mass
spectrometry (IDMS) standard and the presence of chromogens
that interfere with measurement,(171)

* relevance of e-alert systems using estimated baseline and how
baseline is defined, with a significant number of cases lacking a
prior SCr,

» differentiating community from hospital-acquired cases,

* management of multiple alerts in the same patient,

* the significance of small changes in SCr in patients with low weight
or pre-existing CKD,

* influence of fluid balance / dilution / volume of distribution and,

* biological variation in production, for example in sepsis.(172)

All the above can contribute to false positive and false negative
alerts.(173) However, despite these limitations a pragmatic AKI algorithm
has been suggested for use within the NHS.(174) Indeed this has been
shown to work reasonably well,(175) though in individual cases will fall
short of expert assessment. Future developments would ideally include
comprehensive data linkage between hospital and community settings to
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aid with baseline establishment, early correct identification of the setting
of the AKI and the significance of this setting.

In summary AKI is now a global health priority, with measures to reduce
associated mortality urgently called for. The Global Oby25 initiative
commission put forward five ‘Rs’ (risk assessment, recognition, response,
renal support, and rehabilitation) as specific areas to target to improve

patient outcomes.(20)

1.4 Prediction Models

1.4.1 Background

For millennia, there has been a desire to predict the future. Though it is
widely believed that most complex systems are computationally
irreducible, with their future time evolution inherently unpredictable,(176)
this has not prevented the application of the scientific method to the
prediction of novel phenomena.(177) For example, the prediction of
Neptune’s existence from calculations of perturbations in the orbit of
Uranus by Leverrier,(178) the deviation of light by the sun's gravitation
field by Einstein and the helical structure of DNA by Watson and Crick
based on predictions by Pauling and Bragg.(179) Over a century ago
Abbe(180) and Bjerknes(181) proposed that the laws of physics could be
used to forecast the weather by integrating the governing partial
differential equations, starting from the observed current weather.(182)
Today complex forecasting is employed across society from the
weather,(183) to financial markets,(184) to attempts to beat the bookie in
football betting.(185)

In medicine prognosis has remained central to the art of clinical decision-
making from the time of Hippocrates.(186) A clinician uses multiple

predictors to estimate the probability of an outcome to support
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subsequent management. Accurate identification of characteristics
associated with an outcome may be crucial when comparing treatments,
counseling individuals or designing a clinical trial.(187) However because
of the biases of subjective estimates, physicians’ ability to correctly
predict outcomes is inconsistent and flawed.(188-192)

Prediction research investigates the ability of variables, to predict the
presence, or absence, of a specific diagnosis (diagnostic), or future
outcome (prognostic).(186, 193) Aetiological research aims to explain
whether an outcome can reliably be attributed to a particular risk factor
with adjustment for other causal factors - confounders. Prognostic
research using a multivariable approach with positive or negative
associations between exposures, termed variables or predictors and
outcomes derived to predict the risk of a future outcome. All variables
potentially associated with the outcome, not necessarily causally, can be
considered in a prognostic study. Every causal factor is a predictor but
not every predictor is a cause. Furthermore, not all causal factors end up
being included in the most valid predictor model. To guide individual
prognostication, analysis and reporting of prognostic studies should focus
on absolute risk estimates of outcomes given combinations of predictor
values. Relative risk estimates, including odds and hazard ratios, have no
direct meaning or relevance to prognostication in practice. In contrast the
calibration and discrimination of a multivariable model are highly relevant
to prognostic research but meaningless in aetiological research.(186)
Multivariable regression analysis quantifies the relation between two or
more predictors and an outcome.(194) By combining independent
predictors and assigning relative weighting a prediction model, also called
a clinical prediction rule (CPR) or risk score can be produced. Such
models are not meant to replace the role of the health professional,(195-
198) rather, they are intended to help clinicians make decisions by
providing objective estimates of probability as a supplement to other

relevant information. Model performance is assessed in the original
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development (or derivation) data set, with validation recommended

internally and externally. Quantifying the effect of using a prediction

model on patient and physician behaviours and outcomes is termed

impact analysis. Though prognostic research has grown in prominence,

evidence of impact on clinical outcomes has to date remained

scarce.(199)

1.4.2 A brief history of prediction models

A pubmed

search reveals the number of articles with the term ‘clinical

prediction rule’ have rapidly increased since the turn of the century (figure

1.5). In the field of cardiovascular disease alone CPR articles increased
from just over 100 a year in 2000 to more than 500 by 2012.(200)
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Figure 1.5 -

CPR (Clinical prediction rule) studies increasing over time.
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2010 and

1980s 1990s 2000s beyond
ICU Mortality Ottawa, Stroke risk - ABCD Big data,
- APACHE Canadian MSK (TIA) - CHADS; (AF)  Machine
scores learning
Pneumonia —
CURB65

Fracture risk - FRAX

Table 1.5 — Prediction models across the decades. AF — atrial fibrillation, ICU — intensive
care unit, MSK — musculoskeletal, TIA — transient ischaemic attack.

In 1952 Dr Virgina Apgar devised arguably the earliest enduring
prediction model which bears her name (table 1.5 highlights significant
models over time).(201) Validated in 1958,(202) it remains in worldwide
use, providing a rapid method of assessing the newborn infant. As with
any good model, the Apgar is parsimonious, comprising heart rate,
respiratory effort, muscle tone, reflex irritability, and colour. As with most
scores there are limitations with inclusion of subjective components and
can be influenced for example by medications and prematurity.(203) Two
decades later the Framingham cardiovascular score was published,(204)
and despite not having excellent prediction in all populations,(205) is one
of the most widely used predictors of cardiovascular risk. In the same
decade there was great interest in developing scores to differentiate a
viral sore throat from streptococcal infection, to limit antibiotic use and
need for investigations, whilst not missing a potentially serious, treatable
infection. The most widely used of these scores, the Centor score,
combines clinical exam (tonsillar exudates, swollen tender nodes, fever)
with history (no cough). In the original description the score outperformed

clinicians who tended to over rely on clinical examination.(206)

In the 1980s many complex scoring systems were described to predict
ICU mortality, utilising multiple parameters, the most well-known being
the APACHE (acute physiology and chronic health evaluation).(207)
However, such scores are time consuming — for example the APACHE IV
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score is said to take 37 minutes to calculate.(208) In the 1990s the
Canadian group led by Stiell published a number of musculoskeletal
(MSK) rules designed models with high negative predictive value,(209) to

reduce unnecessary investigations.(209-212)

In the 2000s prediction models were described to improve stratification of
patients at risk of stroke. First in patients presenting with transient
ischaemic attack (TIA), to avoid unnecessary admission to hospital or
premature discharge the ABCD score,(213) with subsequently updating is
probably the most widely used.(214) Secondly, in patients with atrial
fibrillation the CHADS; score was derived to influence the use of
anticoagulation, with subsequent updates.(215) The CURB-65 score was
one of a number of Pneumonia associated mortality scores combining
age, a blood parameter (urea) and physiological parameters (confusion,
tachypnea and hypotension).(216) This has subsequently been used by
guidelines to influence place of care (consideration for ICU, or at the
other extreme discharge home) and antibiotics (intravenous, dual or
single agent).(217) In the ageing Western population, the need for
accurate assessment of fracture risk led to the development of the FRAX
score (fracture risk assessment tool) through the WHO.(218) Finally, the
2000s also witnessed the evolution of CPRs combining physiological
observations as track and trigger systems in the acute hospital
environment, to influence frequency of observations and seniority of
personnel involved. For example the NEWS based on the VIEWS
score,(219) is recommended by the Royal College of Physicians to
standardise the physiological assessment of patients in hospital and has
recently been updated.(220, 221)

The current decade has seen interest in embedding prediction models
into the complex electronic technology increasingly central to healthcare
practice. Furthermore potentially powerful techniques such as machine
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learning, whereby computers improve through experience, are
increasingly being reported, with examples including prediction of death
after surgery,(222) or a MI.(223) Such tools are of great interest to
multinational companies for example Google® and their healthcare

research spin-off Deepmind.®

1.4.3 Indications and shortcomings of prediction models

in stratified medicine

Stratified medicine refers to the targeting of treatments according to
characteristics shared by subgroups of patients.(224, 225) Prediction
models may offer advantages over pure clinical acumen. For example,
statistical models can accommodate more factors than the human brain is
capable of taking into consideration.(226) When given identical data a
statistical model consistently gives the same result whereas human
clinical judgment results in both inconsistency and disparity, especially
with less experienced clinicians.(188-192, 227) Overconfident physicians
tend to underestimate mortality risk, whereas those who lack self-
confidence tend to overestimate mortality.(192) A number of prediction
models have been shown to be more accurate than clinical judgment
alone.(189, 228-230) Prognostic models can estimate absolute risk of an
outcome for an individual; those with the highest absolute risk may derive
the largest absolute benefit from treatment, when the treatment effect
expressed in relative terms is the same for all.(224) For example, in the
field of AKI in an acute clinical environment, with finite resources, such as
staffing, this could allow restricted or personalised management to those
who will benefit the most or who are at highest risk of an outcome. An

accurate prediction model thus offers a number of potential applications:

1. Inform the individual patient about prognosis,

2. provide estimates of prognosis as a guide for ordering additional
tests such as an expensive renal biomarker and/or therapies,

3. health technology evaluation: prognostic estimates derived
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with/without results of a test to measure incremental prognostic
information provided by that test,(231)

estimate the effect of a single factor such as a treatment on
prognosis in an observational study with many uncontrolled
confounding factors; to estimate the effect of the factor, efforts to
control the simultaneous effects of the confounding variables must
be attempted,

evaluation of a factor in a trial or cost effectiveness evaluation: e.g.
decision analytic models require valid estimates of prognosis
under different scenarios, based on treatment with/without
knowledge of the predictor,

RCT design: who to randomise, the randomisation process using
prognostic factors and adjusting for case mix when analysing
results including health economics,(232)

test for differential therapeutic benefit or to estimate the clinical
benefit for an individual in a clinical trial, taking into account the
fact that low-risk patients must have less absolute benefit
and,(233)

back translation: models that predict differential treatment
response incorporation in practice guidelines tests may help define
the disease.

Premature implementation of stratified medicine approaches however,

may be harmful if people who might otherwise benefit from treatment are

denied access. It is therefore crucial that the research that underpins this

approach is robust. Unfortunately a number of methodological challenges

and research deficiencies are well known to exist in the field.(234-236) A

small proportion of prediction models have made their way into

established clinical practice. Poor clinical uptake may be explained by five

themes that will be explored in this thesis using AKI prediction as the

case study:

1.

Models are frequently not user-friendly and fail to take into account

the continual, dynamic way in which clinicians gather
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information,(226)

. large number of models are available, with comparisons difficult to
interpret, (234, 235)

. a tacit acknowledgment clinicians do not know how to take
advantage of such tools,(226)

. the crucial importance of prognostication, that may explain
reluctance for relinquish control of decision-making to a prediction
model and,

. lack of external validation and impact analysis leaving questions
around generalisability and efficacy.
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1.4.4 Stages of prediction research

Prediction model research can be broadly split along three lines:

development (or derivation), validation and impact analysis (table 1.6).

The final step is implementation into clinical practice.

Identify predictors and assign relative weights

Development

Estimate performance: calibration and discrimination, potential for
optimism (internal validation) and adjust for overfitting

Test performance in new participants
Validation Narrow: same institution or researchers at a later time

Broad: other institutions, populations or wider inclusion criteria

Quantifying model impact on decision making, patient outcome and
costs

Table 1.6 — 3 stages of prediction model research

1.4.5 Model Development

1.4.5.1 Introduction

Though there is no consensus on the ideal method for model
development, a growing body of guidance can help avoid well-known
design shortcomings.(237-240) Logistic and Cox regression are most

frequently used for short-term and long-term outcomes, respectively.(238,

241, 242) Firstly, the relationships of interest, outcome and potential

predictors should be specified, which should follow from clinical

experience and previous studies.(243) Royston and colleagues advocate

a number of preliminary steps to minimise bias and maximise

reproducibility (summary table 1.7).(238) Of course there are other

important considerations including assessing robustness of the model to

influential observations and outliers, interaction between predictors,

adjusting the final model for over-fitting and exploring reproducibility.
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Objective(s) Clearly defined

Sample Include those at risk who require prognostication

Prospective cohort enables optimal data collection
Retrospective studies using cohorts already assembled for other
reasons allow longer follow-up and are quicker, often at the
expense of data quality

Design

Clinically relevant parameters e.g. demographics, socio-
economic, history, examination, test results, previous treatment
and functional state

Define, standardised, reproducible and available at time when
model intended to be used.(244, 245)

Subjective predictors risk studying the observer’s predictive ability

Predictors

Strategy to deal with missing values, handling continuous

Data quality predictors and selecting important predictors

Selecting measure(s) of model performance relevant to patients;
Outcome(s) define period and methods of measurement; measure blinded to
potential predictors to prevent information bias

If number of predictors larger than outcome events, there is a risk
of overestimating performance

Suggested for each candidate predictor at least 10 events
required.(243, 246-248)

Sample size

Model Selecting measures of performance including discrimination and
performance calibration

Table 1.7 - Preliminary steps for model derivation.

1.4.5.2 Candidate predictors

Predictors already reported as prognostic would usually be candidates for
assessment. For example, in AKI prediction, evaluating chronic co-
morbidities including CKD would be sensible. Studies often measure
more predictors than can easily be used and runs the risk of having too
few events per predictor.(248) Predictors that are highly correlated can be
excluded beforehand.(238) Frequently derivation studies employ
univariate analysis to select for candidates for multivariate analysis: this
implies multiple testing, underestimation of standard errors and P-values,
a limited power to select diagnostically important predictors, and an
unstable selection of predictors, resulting in overfitting.(194, 249, 250)
Furthermore, this technique risks rejection of candidate predictors that
may well be significant on multivariate analysis.(243, 251) Predictors
need to be available at the time the model would be employed, for
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example in AKI prediction at hospital admission not every test will be
available, some would not be routinely requested, nor would a diagnosis

necessarily have been made.

1.4.5.3 Quality of data and strategies to deal with missing data
Judgement is required to guide data quality assessment, with consistent
measurement of predictors and outcomes. Most studies have missing
predictor or outcome data, yet this is rarely discussed or statistically
addressed.(193, 252, 253) Of particular relevance in AKI prediction is
when previous renal function is missing. A complete-case analysis
removes participants with missing data, which may be a reasonable
strategy when few observations are missing.(240) However, this reduces
sample size and may lead to biased results, with included cases
potentially unrepresentative of the whole cohort.(254) Where a candidate
predictor has a lot of missing data it may be excluded as this problem is
likely to recur.(238) Rather than omitting individuals imputation
techniques can be employed, with simple methods including use of the
median or mean, however, this is biased and inefficient when predictors
are correlated.(255) Kuhfeld decribed a general imputation method
allowing predictors to be non-linearly related to one another, modified by
Harrell.(243) Multiple imputation is preferred as single imputation, by
estimating standard errors and p values too small, can increase chance
findings.(254, 256) This technique creates multiple copies of the data set,
with missing values replaced by imputed values drawn from their
predicted distribution by using the observed data.(257, 258) Standard
statistical analyses can be applied on each imputed data set, then
combined to produce an overall estimate of each regression coefficient or

model performance measure.(237)

Maximum information should be extracted from predictors; thus when
there is a choice of a categorical or a continuous variable, the latter is

preferred.(243, 259) For ordered categorical variables, such as stage of
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CKD, collapsing of categories may be required. Harrell et al, suggested
types of interactions that have frequently been found to be important in
predicting outcomes and can be pre-specified (appendix table A1.2). No
consensus exists on what constitutes the best method for selecting
variables for inclusion.(238) Investigating a concise number of clinically
sensible variables can minimse overfitting and aid reproducibility.(240,
243) A full model approach and stepwise selection methods have their
own strengths and weaknesses (see appendix table A1.2 and text for
further discussion).(194, 238, 240, 243, 260)

1.4.5.5 Sample size

In developing predictions based on 100 patients, it would be foolish to
divide the patients into 50 subgroups and quote the average outcome for
each subgroup, yet such instances with models using up to 50 variables
in small populations exist in the prediction literature!(243) To enhance
accuracy, variables must be limited or the model simplified unless the
sample is large. Harrell et al, described data reduction methods and
regression modelling strategies to yield reliable models,(187) and
proposed a ‘rule of thumb’ to have predictive discrimination that validates
on a new sample, no more than one variable per ten events should be
examined in derivation.(243) This has been supported by subsequent
researchers.(246-248)

1.4.5.6 Internal validation

Internal validation quantifies optimism using the original study sample. A
popular approach is to randomly split the training data in two parts: one to
develop and another to measure performance. However, this approach is
weak and inefficient because not all available data are used to develop
the model.(250) A more sophisticated approach may be to apply
shrinkage techniques such as bootstrapping (figure 1.6) and cross-
validation (appendix table A1.3.(237, 261, 262)
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Figure 1.6 — schematic of bootstrapping for internal validation.

1.4.6 Statistics to assess performance

1.4.6.1 Discrimination

Performance of a logistic regression model is assessed by calibration and
discrimination.(238) Discrimination is a measure of how well a model can
separate those who do and do not have the outcome of interest.(263) If
predicted values for cases are all higher than for non-cases, the model
would be said to discriminate perfectly, even if the predicted risk does not
match the proportion with disease. The area under the receiver operating
characteristic curve (AUROC) allows assessment of predictive value over
various cut-offs of probability of outcome, derived from plotting sensitivity
vs. 1-specificity.(264) AUROC is used as a measure of discrimination
related to a rank correlation between predicted and observed outcomes.
The AUROC value represents the probability that a randomly selected
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pair of cases, one with and one without the outcome, the case with the
outcome will be ranked higher than the case without the outcome. The
denominator is the number of patients with disease, multiplied by the
number without disease. AUROC ranges from 0.5 (no discrimination, no
better than chance) to 1.0 (perfect discrimination). In external validation
the AUROC is sensitive to sample size and incidence of predicted
outcome, requiring large sample sizes for adequate performance and

comparison assessments.(265-267)

Because the AUROC focuses solely on accuracy without incorporating
information on consequences it cannot tell us whether a model is worth
using, or if more than model is being assessed, which is best.(268) For
example, when a false-negative result is much more harmful than a false-
positive result, a model with much greater specificity but slightly lower
sensitivity than another would have a higher AUROC, but would be a
poorer choice for clinical use.(268) The AUROC has a number of other
drawbacks (discussion in appendix),(263) that must be recognised when
performing prediction research in complex diseases or syndromes such
as AKI with multiple causes and patient groups affected, where the
outcome has yet to take place. In the case of an AKI prediction this is
crucial to understand and consider when assessing: is the model robust,
will validation succeed, what is the scope for improvement and if
implemented, will the predictions offer sufficient utility to help improve
outcomes? It is clear clinically that attempting to predict an outcome such
as AKIl, defined by a magnitude rise in SCr, is a complex process. Thus,
accurately estimations of risk and classification into risk strata, may be

the most pragmatic achievable goals.(269)

1.4.6.2 Calibration
Calibration refers to the degree of agreement between observed and
predictive probabilities, and is often assessed by testing for lack-of-

fit.(270, 271) Whilst discrimination measures a predictor’s ability to
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separate patients with different responses, calibration refers to the extent
of bias; the degree of under or overestimation across the range and may
reflect the degree of generalisability of the model. Calibration can be
assessed by forming subgroups eg by deciles, ordered by expected
probability and check for bias by comparing with observed responses.
When the average predicted risk within subgroups of a prospective
cohort, for example, matches the proportion that actually develops

disease, we say a model is well calibrated.(263)

Investigators often use the Hosmer-Lemeshow (H-L) goodness-of-fit test
for calibration of a prediction model.(271) This compares estimated-to-
observed likelihood of outcome for groups of patients. In a well-fitting
model estimated likelihood will be similar to observed likelihood and the
H-L P value non significant (>0.05). However limitations of this test are
well documented, (267, 272, 273) with non-significance found in small
datasets and the opposite in large datasets. The later phenomenon was
explained at length by Kramer and Zimmermann using large intensive
care populations.(267) Furthermore, the test does not convey the
indication of magnitude or direction of any miscalibration, hence there is a

growing preference for calibration plots.(237)

When calibration is reported graphically predicted outcome probabilities,
on the x-axis, are plotted against observed outcome frequencies, on the
y-axis, commonly by tenths of predicted risk. This can be augmented by a
smoothed (lowess) line over the predicted probability range.(240, 274) A
plot displays direction and magnitude of model miscalibration across a
probability range which can be combined with estimates of the calibration
slope and intercept.(275) The calibration slope proposed by Cox can be
calculated to quantify miscalibration,(276) being the regression coefficient
B in a logistic model with the linear predictor as the only covariate:
observed mortality = a +  linear predictor.(277) A well-calibrated model

shows predictions lying on or around the 45° line of the calibration plot.
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Perfect calibration shows a slope of 1 and intercept of 0, although
caveats have been identified recently for example by Vach.(278)
Calibration plots tend to show good calibration in the data set from which
they were developed. They may be accompanied by a test for calibration
intercept equals 0 and slope equals 1.(279) Comparing predicted versus
observed outcome probabilities may also be in tabular form, commonly by
deciles of predicted risk. Finally calibration plots may also be evaluated in
relation to key predictors, for example, Bannister et al examined
calibration regarding age and gender.(280)

Though calibration has been overlooked,(263) there will always be a
trade-off between discrimination and calibration when assessing
prediction models. Indeed it has been shown that a perfectly calibrated
model, in which the predicted risk equals the observed risk for all
subgroups, cannot achieve an AUROC equal to 1 in usual settings.(281)
With the assumption of a uniform distribution of risk in the population it
has been calculated that the maximum AUROC is 0.83 and this upper
limit varies with the distribution of risk in the population.(282) Internal
calibration refers to agreement between observed and predicted
probabilities in the sample in which the model was developed. Lack of
internal calibration is related to issues of lack of model fit and
misspecification of the fitted logistic regression model.(274) External
calibration refers to agreement between observed and predicted
probabilities and may be suboptimal if the original model was overfitted,
especially with small sample sizes, or when a model is tested on a
different population with a different underlying hazard. For example,
applying the Framingham model predicting cardiovascular disease in two
countries or ethnic groups may require re-calibration by changing the
intercept.(204, 205) There are a number of methods for model updating
including updated regression coefficients, for example, using the slope of
the calibration plot of the original model in the validation set, reporting the

re-estimated intercept, or the estimated regression coefficients of the
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model, including new predictors.(237)

The appendix discusses some of the more recent measures proposed to
allow researchers to go beyond the AUROC when either comparing

models, updating an existing model or adding a biomarker to a model. To
date such techniques remain rarely employed with the majority of studies

only reporting discrimination with or without measures of calibration.

1.4.7 External Validation

It is not enough to demonstrate good model performance on the
development sample only, because most show optimistic results, even
after corrections such as bootstrapping.(283, 284) Randomly splitting a
single data set into development and validation data sets is frequent but
is a weak, inefficient form of validation, because not all available data are
used to develop the model.(250, 285) If the data set is large enough, a
temporal split is a stronger approach and can be considered intermediate
between internal and external validation.(237) Bootstrapping provides
nearly unbiased estimates of predictive accuracy, however, only sampling
variability is considered with no change in the patient population.(284) In
external validation predictions are made using the original model and
compared with those observed. Such studies differs from the original
temporally or spatially, sometimes with different definitions,
measurements, population cohorts or even the outcome event (table
1.8).(242, 283)

Unfortunately external validation studies are scarce (286) and when
performed, the models tend to show reduced accuracy,(243, 284, 286)
often due to a combination of statistical and clinical factors.(199, 242,
284) For example, a prediction model for bacterial infection in children
presenting with fever performed disappointingly when applied to patients
from another hospital in a later period, which the authors concluded could

have been because of flaws in derivation with too few events in relation to

60



predictors tested and insufficient correction for optimism.(287) A second
example pertains to the EuroSCORE (European System for Cardiac
Operative Risk Evaluation), developed in Europe to predict mortality in
cardiac patients.(288) When validated in Australia predictions were poorly
calibrated.(289) The authors felt the reasons were likely to be
multifactorial including different surgical indications, co-morbidities and
the timeframe between derivation and validation. A further reason
suggested for reduced performance in validation is such studies often
include fewer events producing populations that may be different due to
random variation.(285) It has been suggested that validation should
contain at least 100 events and 100 non-events to detect substantial

change in accuracy with 80% power.(265)

Example
Temporal or Spatial Rural, urban populations
Data Different measurements, definitions
Care setting Secondary vs. Primary Care
Participant Race - White Caucasian vs. Afro-Caribbean
Outcome Mortality vs. Length of stay

Table 1.8 — types of external validation.

When a validation study shows disappointing results, researchers often
reject the original model and develop a new one from their own
data.(290) However, the new model often also has limitations and
multiple models for the same outcome create confusion. For example,
there are over 100 published models for predicting long-term outcome in
patients with neurotrauma.(291) Building on previous knowledge is a
principle well recognised and used in intervention studies (e.g. meta-
analyses of randomised trials) yet to date in the predictive research field
this is rarely enacted. An alternative, recommended solution is to update
existing models including the addition of biomarkers,(292) A number of
techniques have been suggested in the literature for updating (appendix
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table A1.4).(237, 271, 290, 292-294) For example, if a model was derived
where the outcome had a higher prevalence, calibration of the rule in a
lower prevalence area may be poor as a result of systematically too high
predicted probabilities. By adjusting only the intercept of the original
prediction model, poor calibration can be improved.(242, 292)

Validation like derivation requires assessment of discrimination and
calibration and follow reporting guidance.(237) There is no consensus on
acceptable performance, however, even moderately performing models
are likely to do better than clinicians’ own assessments.(295, 296) For
example, the Framingham risk model has an AUROC of little over 0.70,
yet is widely used. Even if performance is less good than in derivation,
the model may still be useful and requires both contextualisation and
clinical judgment.(297) Of note more complex models tend to give
overoptimistic predictions when validation is attempted.(298) Finally,
clinically valuable risk scores splitting population into for example three
prognostic groups is often thought useful and validation can investigate
whether the observed proportions of events were similar in these groups
and whether separation in outcome was maintained.(242)

62



1.4.8 Impact analysis and implementation

Prognostic models are developed to provide objective estimates of
outcome probabilities, with an underlying assumption such information
can improve clinician decision making and consequently outcomes.(294)
However, outcomes can improve only when the information provided by
the model changes behaviour and management decisions.(186, 286)
Studying these effects is termed an impact analysis. Despite the
proliferation of prognostic models, there remains a dearth of such studies
with more called for.(199, 293)

A number of study designs can be employed summarised in table 1.9 and

further discussed in chapter 4 of this thesis.

Design Explanation

RCT Strong methodology, expensive, time-
consuming

Cluster, stepped-wedge Clusters of centres randomly allocated a
time period with the intervention

Before-after Prone to underlying time-dependent trends
in outcomes

One-off impact Outcome measured in alternating periods

when prediction is present or absent

Before-after with control using difference Uses comparison group experiencing
in differences same trends and external drivers, but not
exposed to intervention

Table 1.9 impact analysis designs. RCT — randomised controlled trial.

1.4.9 Why are prediction models not more widely used?
Prediction models are widely recommended within practice guidelines to
inform decision-making.(299, 300) The use of high quality models has
been shown to benefit patients, physicians, health care systems and
reduce costs.(209, 211, 301, 302) However, most models suffer from
significant methodological and reporting shortcomings, one explanation
for a lack of implementation.(186, 237, 253, 293, 303, 304) For example,
a systematic review of 71 studies published in 2008 in high impact
journals described widespread limitations, including lack of validation and
impact analysis.(193) Only with full and clear reporting of information can

risk of bias and potential usefulness be adequately assessed. To address
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these issues the Transparent Reporting of a multivariable prediction
model for Individual Prognosis Or Diagnosis (TRIPOD) initiative
developed a set of recommendations and a checklist for the reporting of
studies developing, validating, or updating a prediction model.(237)
Whether such guidance has permeated the field of AKI research will form
part of the presented thesis. In addition to shortcomings in model design,
the lack of impact studies in many fields warrants caution in
implementation into practice. For example a recent Cochrane systematic
review of cluster-RCTs of interventions identified 15 studies suitable for
inclusion.(305) The review concluded tailored implementation can be
effective, but the effect is variable and tends to be small to moderate and
that more research in the field was justified. Indeed there are a number of
impact studies that demonstrated no benefit for example in falls
prevention,(306) community-acquired pneumonia,(307) and induced
abortion care.(308) This knowledge emphasises the need to rigorously
assess models prior to widespread clinical implementation. A systematic
review by Kawamoto and colleagues included 70 impact analysis studies
and found four independent predictors of success (figure 1.7) Of 32
systems possessing all four features, 30 (94%) significantly improved

clinical practice.
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Automatic as part
of clinician
workflow

Provision of
recommendations

Available at time
& location of Computer based
decision making

Figure 1.7 — Key factors to enable successful Impact of prediction models (from
Kawamoto 2005) (309)

Some models have been widely accepted such as the Framingham
cardiovascular risk score,(204) despite not necessarily having excellent
prediction in all populations.(205) This may be because of high face
validity, with clinicians trusting the model to guide practice rather than
their own experience.(186) Other successfully implemented models such
as the Ottowa Canadian MSK rules all arose from the same clinical
researchers who gained international respect for their work, including
impact analysis, which could further encourage uptake.(310-312) The
Nottingham prognostic index for breast cancer is easy to use, maintains
prediction in long-term follow-up and has been widely validated and
revised over time.(313) There is a relative paucity of studies looking at
the acceptability of prediction models though the researchers behind the
Ottawa rules have produced an instrument to measure this (appendix
table A1.5).(314) Table 1.10 summarises enablers and barriers to model

implementation discussed.
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Enablers

Evidence of benefit, experienced
research group — Ottawa MSK rules

Computer based decision support

Ease of use at bedside, delivered at time
& location of decision making

Face validity — Framingham
cardiovascular risk

Automatic provision of decision support
as part of clinician workflow

Recommendations not just
assessments

Barriers

Lack of evidence of benefit

Requires manual input and/or calculation

Complexity

Poor calibration at individual level

Ambiguous terms

Changes in practice over time

Table 1.10 — Summary of enablers and barriers to implementation of prediction models.

MSK — musculo-skeletal.
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1.5 Summary and study aims

This introduction has described the increasing burden of AKI, its
multifactorial nature and challenges both in recognising those at risk and
implementing strategies to improve outcomes when AKI develops. The
role of prediction modelling holds promise in this area, however, the
majority of research studies to date have only described derivation of a
model. For scientific rigour and clinical application it is imperative that
external validation and impact analysis studies be performed. Information
technology holds great promise in healthcare, with integration of
prediction models one avenue of interest that has yet to be extensively
explored. Finally future studies are likely to increasing investigate the
effects of incorporating biomarkers with prediction models to further risk

stratify patient populations.

The body of this thesis aims to explore prognostic prediction in the acute
care setting through a case study of AKI. Building on the opening chapter
that has set out the methodological considerations in the field the
following chapters will cover:

1. A systematic review of the literature of hospital-acquired AKI
prediction models, with an in-depth appraisal of models derived in
general hospital settings,

2. external validation of one prediction model - the acute kidney injury
physiological score (APS) and,

3. implementation and impact analysis of the APS as part of a
complex electronic healthcare intervention.
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Chapter 2. A systematic review of prognostic
prediction models for acute kidney injury
(AKI)

2.1 Summary of the chapter

Multiple prognostic prediction models across hospital settings have been
published, to provide clinicians with objective evidence to identify those at
highest risk of developing AKI. This systematic review searched Medline,
EMBASE & Web of Science using recommended filters and appraised
available models in the field of HA-AKI. 53 prediction model studies were
found, over half in cardiac surgery (n=15) or contrast-induced AKI (n=15)
with over 2 million patient episodes; 15 of the 53 models have external
validation. A further 21 studies have been published purely as external
validation studies of one of the 53 models. Only 11 models were
described in general medicine and/or non-specialist surgical populations
(474,478 patient episodes), five externally validated. No impact analysis

studies were found.

Outcome definitions were heterogenous with a minority using consensus
definitions. The median number of variables was 7 (interquartile range 5-
10); most commonly age, CKD, diabetes, and heart failure. Definitions of
CKD and establishment of baseline renal function differed markedly, with
frequent use of admission SCr as baseline, thus potentially confusing
community-acquired AKI with HA-AKI. Of the 53 models, in derivation
AUROC:s, to predict the outcome ranged 0.66-0.93 (median 0.80). Of 37
studies reporting internal validation AUROCSs ranged 0.61-0.95 (median
0.80). No internal validation calibration information was available in 26/53
models. AUROCSs dropped considerably in external validation: median
0.72 (range 0.57-0.93). Calibration information was only provided in 25/61
external validations; the Hosmer-Lemeshow p-value was <0.05 in 8 of the
16 studies where reported, suggesting lack of fit. Across the 11 general
admission models AUROCSs ranged 0.71-0.80 (median 0.75) for

69



derivation. Excluding studies using non-consensus definitions or those
including admission SCr as predictor and/or baseline, left only four
studies with AUROCs ranging 0.71-0.74 in derivation (n=3 studies), 0.67-
0.76 for internal validation (n=3) and 0.65-0.71 for external validation
(n=3). Only one model study presented a calibration plot for both

derivation and validation, with re-calibration required in validation.

Conclusions

A large number of AKI prediction models have been described,
predominantly in specialist areas. There are few externally validated
models for general emergency admissions. Common deficiencies in
methodology and statistical reporting were present, with handling of SCr
(baseline function and use as a predictor) a particular concern.
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2.2 Introduction - prediction models in AKI

Chapter 1 described the urgent need to improve outcomes associated
with AKI and the use of prediction models / CPRs have been suggested
to enhance identification of high-risk patients and allow preventive
strategies to be employed.(17, 315, 316) Early models in the field were
derived from small single-centre ICU studies, using risk of mortality
associated with acute renal failure as the outcome, rather than
development of AKI per se.(317-328) Currently, models for AKI defined
as requiring RRT following cardiac surgery are the most robust, however,
such events are relatively rare, limiting generalisability. Prediction models
using a variety of definitions of renal impairment have been published in
other specialist areas including non-cardiac surgery, following
intravenous contrast (contrast-induced AKI, CI-AKI) and in general
hospital emergency admissions. Systematic reviews have been called for
in the field of prediction research.(329, 330) Four reviews have recently
been published in the aforementioned specialised fields but these models
may lack generalisability (table 2.1).

Study, year Field Studies reviewed
Huen et al, 2012(331) Cardiac surgery 7
Silver et al 2015(332) CI-AKI 12
Caragata ef al 2016(333) Liver transplantation 7

Non-cardiac surgery:
general (n=1), liver
transplantation (n=3),
liver resection (n=2)

Wilson et al, 2016(334)

Table 2.1 Recent systematic reviews of AKI prediction models.
Two areas will be covered by this review: AKI prediction models in

specialised fields including cardiac and transplant surgery and CI-AKI;

second, models derived in general hospital populations.
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2.3 Methods

The CHecklist for critical Appraisal and data extraction for systematic
Reviews of prediction Modelling Studies (CHARMS)(335) and

TRIPOD(237) guidance were followed, to frame the review question,

determine details to extract and perform critical appraisal. The CHARMS

checklist suggests seven items to focus the review question (table 2.2).

Item

Explanation

1. Study type (prognostic or
diagnostic)

Prognostic prediction models

2. Scope

All published prognostic prediction models for
development of AKI in a hospital setting; to
inform risk stratification & potential uses in
decision-making in different patient groups

3. Type of modelling

Model development +/- external validation in
independent data; external model validation &
model updating, if present

4. Target population

Adult (218) Patients in acute hospital
environment

5. Outcome predicted

Development of AKI (or equivalent definition,
including RRT) after an admission to hospital or
procedure (such as surgery), or contrast

6. Time span of prediction

In-hospital development of the outcome

7. Intended moment of using the
model

Pre-operatively to predict the risk of post-op
AKI or need for RRT; at admission to risk
stratify or guide therapy

Table 2.2 - CHARMS checklist for systematic review. AKI — acute kidney injury, RRT —

renal replacement therapy.
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2.3.1 Research question, rationale and objectives
What are the available prognostic prediction models for the development
of HA-AKIl in:

1. specialised populations and,

2. non-specialised populations?

AKIl is an important independent contributor to mortality and international
guidance has highlighted an urgent requirement to improve recognition
and risk stratification.(3, 12, 143-145, 316) Prediction models could
potentially contribute to this effort, however, as chapter 1 outlined clinical
application has been hampered for a number of reasons:
1. the number of potential new predictors and prediction models
continuously increases, but few models are externally validated,
2. new studies often find conflicting results on predictors, possibly
due to small sample sizes and,(336)
3. reporting of individual studies’ methodology and results has been
substandard making conclusions and comparisons
problematic.(193, 237, 241)

This review aimed to collate all empirical evidence for prediction models
in AKI across hospital patient settings, fitting the pre-specified eligibility
criteria for inclusion. Explicit, systematic methods were selected with a
view to minimising bias and provide reliable findings from which

conclusions can be drawn and decisions made.(337, 338)

The study objectives were to systematically search the available literature
on multivariable prediction models for AKI (or equivalent definition of
acute renal dysfunction) in hospitalised patients and the variables most
commonly used. Each prediction model was assessed against published
(TRIPOD) recommendations for reporting of prediction models.(237)
Further analysis including a risk of bias assessment was performed in the
models assessing general hospital populations.
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2.3.2 Inclusion and exclusion criteria (table 2.3),
identification and screening

Inclusion criteria

Papers in peer-reviewed journals reporting a prognostic multivariable prediction model
(scoring system or algorithm) identifying patients who developed AKI, or other measures
of renal dysfunction such as requirement for RRT in older studies

Validation studies (and update) of an existing model

Retrospective, prospective and case-control studies

Adults (=18 years) in a hospital setting including cardiac surgery; non-cardiac surgery,
general patients acutely admitted to hospital & patients receiving contrast

Statistical measures of discrimination (AUROC or or c-statistic)

Exclusion criteria

Research involving paediatric patients (<18 years old)

Non-human studies

Case reports & conference abstracts

Only logistic regression without a prediction model

Lack of discrimination statistics eg AUROC (unless model validated elsewhere)
Studies that investigated a single predictor, test, or marker

Studies that investigated only causality between one or more variables & an outcome
Use of patients already with the outcome (eg AKI already present on admission to
hospital)

Patients in primary care

Renal transplantation

Novel, not widely available tests, such as biomarkers

Table 2.3 - Inclusion and Exclusion criteria of all prediction studies. AUROC - area under
the receiver-operating characteristic curve.

Following the advice of a librarian experienced performing systematic
reviews and existing guidance on database search strategies,(339) this
review searched Medline, EMBASE and Web of Science databases with
no language restrictions from inception to November 2015 and repeated
in November 2016 using recommended filters for prediction studies
(appendix tables A2.2-5).(340) Several search filters have been
developed that can be used to find relevant prediction research studies
that combine epidemiological terms related to prediction research and
can be combined with disease specific terms to find relevant studies in
electronic databases.(340) The sensitive filter for Haynes Broad Filter has
been shown to retrieve 98% of clinical prediction rules and was used to
maximise retrieval of articles.(341, 342) The terms searched in addition

were “acute kidney injury,” “acute renal failure,” “AKI,” “ARF” and

“contrast induced nephropathy.”
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Titles and abstracts from all three databases were screened, full articles
reviewed if thought to be eligible for inclusion and duplicates were
removed. Reference lists were examined from retrieved articles,
reference literature (systematic reviews, national(316) and international
guidance(3)) and the authors own literature files were also analysed. The
data extraction form was based on previous systemic reviews,(193, 253)
and the CHARMS(335) and TRIPOD checklists(237) (summary table
2.4). Methodological quality of included studies was assessed using the
37 point TRIPOD checklist, a quality assessment tool specifically
developed for assessment of prediction models.(237) To assess the
influence of study quality on the results, a global score for each study was
calculated, consisting of the sum of the scores for each individual criterion
(score of 1 for criterion met, score of O for each criterion not met, or if it
was unclear whether the criterion was met). For validation only studies

the maximum score was 31.

It was anticipated that the study outcome, HA-AKI, would vary given the
numerous definitions in use prior to KDIGO.(3) Thus, during the search
strategy studies were included that recruited cases with a SCr at
admission and repeated during a hospital admission to diagnose the
outcome. To assess performance discrimination and calibration were
recorded. In addition, ease of bedside use and whether the models could
be electronically automated - factors known to influence successful
uptake - were noted.(309) A quantitative synthesis of the models was not
performed, being beyond the scope of review and formal methods for

meta-analysis of prediction models are yet to be fully developed.
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Summary of Data retrieved

Data source (years, retrospective, prospective; cohort, case-control, trial data)

Participants & setting (eg cardiac surgery, single or multi-centre, country

Primary outcome (and any blinding)

Candidate predictors (definitions; continuous data dichotomised & how selected for
modelling?)

Sample size, EPP (including all predictors considered)

Type of model(s) evaluated - derivation, validation (internal, external)

Missing data, number included & excluded (criteria)

Type of model (eg full model approach), shrinkage

Incidence of outcome & mortality data

Variables in the model(s)

Performance: discrimination (AUROC or C-Statistic) & calibration (eg H-L P value,
slope/curve), risk groups

Internal & external validation (in same study)

External validation studies with relevant performance measures

Additional resources, funding

Table 2.4 — summary of data extraction. AUROC - area under the receiver-operating
characteristic curve, EPP — events per predictor, H-L — Hosmer-Lemeshow.

2.4 Results

2.4.1 Summary results of all retrieved studies
Following exclusions, 53 prediction models were included, with over 2
million patient episodes (figure 2.1).
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Figure 2.1 — breakdown of the 53 AKI prediction models across the different specialist
fields. CI-AKI — contrast-induced AKI, T&O — Trauma and Orthopaedics.

Of the 53 studies 18 had external validation. A further 21 articles
described the external validation of one, or more of the models, with a
number of models externally validated on multiple occasions. 15 model
and 11 validation studies have been published in cardiac surgery alone
with 793,653 patient episodes. This compares to a review in 2012 which
included seven models.(331) The field of CI-AKI accounted for 23
studies, including 15 prediction models and 1,416,982 patient episodes. A
recent systematic review in this field included 12 model studies and four
external validation studies.(332) Of 15 non-cardiac surgical models
(257,956 patient episodes), ten were transplant studies (seven liver, two
cardiac, one lung), two in liver resection, two general surgical cohorts and
one in trauma and orthopaedics (T&O). Three models were in the context
of patients presenting to hospital with heart failure. Finally, five general
population studies at admission to hospital were reported (summary table

77



2.5). The median TRIPOD reporting score (out of 37pts) in derivation
studies was 26 (IQR 25-30) and in those validating an existing model (out
of 31pts) was 22 (20-24), suggesting significant shortcomings, increasing

risk of bias.
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Table 2.5 — summary of AKI prediction models. *Liver (n=7), Heart (n=2), Lung (n=1) transplantation, liver resection (n=2). **Models EV on >1 occasions.
AUROC - area under the receiver operating characteristic curve, EV — external validation, IV — internal validation, H-L — Hosmer-Lemeshow test, T&O —
trauma and orthopaedics.

Field (n=)

Specialised
populations

General Heart
populations  ¢aijyre
n=3

Derivation

v v v . v EV EV EV
AUROC v . . v IV risk EV . . EV H-L "
R AUROC calibration H-L Plot/ EV calibration risk Plot/
2:\::;2? (n=) AUROC (n=) H-L <0.05 ranges slope AUROC (n=) H-L P<0.05 ranges slope

0.80 (0.66-
0.84)

0.83 (0.69-
0.93)

0.81 (0.70-
0.91)

0.79 (0.77,
0.80)

0.74

0.74 (0.71,
0.76)

0.65,

1 0.76 1 1 0 0 1 0.65

0.73 (0.72-

Total = 53

0.75)

0.80 072
37 (0.61- 27 10 1 16 2 18 (057 17 16 8 6 3
0.95) 0.93)

0.80 (0.66-
0.93)




The first cardiac surgery study included patient data from 1987,(148) with 27
models using data preceding RIFLE.(17) The majority of studies were
retrospective or retrospectively extracted prospectively collected databases or
registries, though the exact design was not always clear. Most model studies
were single-centre (n=33/53), with the USA accounting for almost half of the
studies. In the model studies, no information on missing data was given in 20
(37%); cases were excluded in 22 (41%) with only three using imputation
techniques. A median 24 (IQR 18-40) variables were analysed, though a
number of studies only reported those significant on univariate or multivariate

analysis.

Outcome was clearly reported, though blinding was only mentioned
twice.(343, 344) Blinding of assessment of predictors, was mentioned in two
derivation(343, 344) and no validation studies. However, predictor
measurement was probably blinded for the outcome in 26 studies, simply
because of the prospective design. Continuous variables were dichotomised
in a quarter and univariate analysis used to select variables for multivariate
analysis in 47/53 studies. A variety of selection techniques were described
including backward, forward or both, with six using a full model approach.
Only five studies mentioned sample size calculations. Events per predictor
(EPP) was calculated for the predictors in the final model and for total number
of predictors assessed. For the former, 9/53 studies had <10 EPP. However,
from the reported candidate predictors 35 studies had <10 EPP. There was
hetereogenity in outcome definitions: 16 studies reported incidence using
consensus definitions and 13 used these definitions as the outcome, though
time frame measured was variable. When the outcome was requirement for
RRT this was predominantly (13/14) in surgical cohorts. No CI-AKI studies
used current KDIGO CI-AKI definitions; most commonly a rise in SCr of >44
pMmol/L, over a variety of timeframes was employed. The 53 models included
93 different predictor variables, including demographics, past medical or
surgical history, procedure information, laboratory parameters, observations
and admission diagnosis. The median number of variables included was 7
(IQR 5-10). Age, CKD, diabetes and heart failure were most frequently
included. Anaemia was the most frequently employed blood parameter. In the
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surgical studies type, urgency, shock and use of an intra-aortic balloon pump
(cardiac surgery) were the most frequently included.

Discrimination and calibration are presented in table 2.5. In derivation median
AUROC was 0.80 (range 0.66-0.93), with calibration reported in 33
derivations; 27 reporting the H-L statistic and one study used a calibration
plot.(345) For internal validation AUROC ranged 0.61-0.95 (median 0.80)
where reported (absent in 16/53). Shrinkage techniques such as
bootstrapping, discussed in chapter 1, were employed in 15/53 models for
internal validation. Where calibration was reported, 16 studies used a risk
range or compared outcome in derivation vs validation in different risk groups;
10 reported the H-L statistic, 9/10 with a p-value >0.05 suggesting satisfactory
calibration; two studies used a calibration plot.(345, 346) 18 of the 53 models
have been externally validated, 10 at least twice, predominantly in cardiac
surgery and CI-AKI fields. Median AUROC dropped to 0.72 (range 0.57-0.93).
Excluding the cardiac studies where RRT was predominantly the outcome
median AUROC in external validations was 0.66. Calibration information was
available for 17 models (some more than once) in the form of risk groups
(n=5) or H-L statistic (n=16), with half of these reporting a p-value <0.05
suggesting inadequate calibration. A calibration plot was provided in three
recent studies, (345, 347, 348) with one suggesting re-calibration was
required.(345)
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2.4.2 Specialist Prediction Models

2.4.2.1 Cardiac Surgery studies

15 model studies (667,622 patient episodes) were found in the field of cardiac
surgery, with a further 11 external validation studies; nine models have been
externally validated at least once,(82, 148, 150, 349-354) five more than
once.(148, 150, 349-351) Table 2.6 highlights the number of different

outcome definitions used.

Outcome Studies
RRT (148, 150, 349, 350, 354)
AKI (RIFLE, AKIN or KDIGO) or RRT (82, 355-357)

Increase in SCr to >176.8 umol/l if baseline <132.6 ymol/l, or  (351)
a 50% increase if SCr 132.6-265.2 ymol/l, <7 days post-op

SCr 2176.8 pmol/l & increase 261.9 ymol/l from baseline, or  (344)
RRT or evidence of renal failure at autopsy

duration of AKI defined as an increase =26.5umol/l or 250% (353)
SCr from baseline

2 of: increase of SCr to >200umol/L or doubling of SCr over (352)
baseline or RRT

RRT & composite of doubling of SCr or RRT <2 weeks (358)
Fall in eGFR to <30 ml/min/1.73m* (359)

Table 2.6 - Outcome definition for the 15 Cardiac prediction models.

RRT was required in 1.6% of the 21 derivation or validation studies reporting
this outcome. In-patient mortality was 51% (n=1,464, range 14-66%) for
patients requiring RRT and 2.5% (n=98,369, range 0.9-2.6%) if not (recorded
in 7 studies). In 12 studies where information was limited to patients requiring
RRT, mortality was 53.5% (range 12.5-83.3%). Where AKI was the primary
outcome, in-hospital mortality in those with AKI ranged 9.8-29.2% (3 studies).
The median number of variables used was 9 (8-11), most frequently CKD
(n=14), heart failure (n=11), age (n=10) and diabetes (n=10). The large
number of models including type of surgery, use of adjuncts, such as intra-
aortic balloon pumps and intra-op events, such as inotropes and cardio-
pulmonary bypass (CPB) duration, are shortcomings when attempting to
implement a prediction model before an intervention. Median AUROC in
derivation was 0.80 (range 0.66-0.84), 0.80 (range 0.69-0.85) in 9 models with
internal derivation and 0.76 (range 0.60-0.88) in external validation studies.

Calibration was missing in 7/15 derivation, 7/15 internal validations and 23/39
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external validations. In derivation studies median TRIPOD score (out of 37)
was 27 (IQR 26-31) and in 11 purely external validation studies (out of 31),
median score was 24 (22-25). There were significant shortcomings, for
example, no studies gave information on blinding assessment of the
predictors or the outcome; only three mentioned sample size, two discussed
model updating and missing data was not mentioned in eight. In summary
multiple, similar, have been described, most frequently predicting need for
RRT, which is rare but has high associated mortality. To date there have been
no reports of implementation or impact analysis.

2.4.2.2 Non-cardiac specialist surgery

Ten transplantation populations and two liver resection studies were included
with no external validation (table 2.7 summarises outcome definitions). A
specific potential benefit of a prediction model in organ transplantation could
be tailoring peri-operative immunosuppressive drug strategy according to the
degree of (renal) risk. Of the transplant models, six used RRT as the
outcome, with an overall incidence of 7% (n=1,935/27,473). In the four liver
transplant studies reporting mortality in those requiring RRT mortality was
22% (n=39/178) compared to 4.1% (n=42/1,033) without RRT.(360-363)

Number

Type surgery studies Outcome
Liver resection 2 RIFLE(364, 365)

RRT(360-363)
Liver 7 SCr >133 ymol/L & increase >50% or RRT<7 days(366)
Transplantation RIFLE increase SCr <1 month post-op(367)

KDIGO 72hrs(368)
Heart
Transplantation 2 RRT(369, 370)
Lung 1 RRT(371)

Transplantation

Table 2.7 - Non-cardiac specialist surgical studies. RR T- renal replacement therapy, SCr —
serum creatinine.
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The median number of variables included was 7 (IQR 4-8), most commonly
intra-op events, CKD and diabetes. In four liver transplant studies the model
for end stage liver disease (MELD) score (incorporating bilirubin, SCr and
international normalised ratio) was employed on its own,(362) or in
combination with other variables.(361, 363, 367) The study by Sanchez et al,
included post-op ICU stay as well as combining SCr with the MELD score
(which includes SCr) which does not make clinical sense.(361) Median
derivation AUROCs 0.81 (range 0.70-0.91) with internal validation median
0.79 (range 0.70-0.90), though was missing from four. Internal validation
calibration was presented in three studies (H-L test in two, risk range in one).
No specialist surgical models had external validation. Median score on the
TRIPOD checklists was 25 (IQR 23-28). Blinding strategies, sample size
explanations and model updating were not reported. In summary, a number of
AKI prediction models have been described in non-cardiac surgery specialist
areas, without external validation. Though these areas are of interest in light
of the high-risk cohorts and issues of nephrotoxic medications, no impact
analysis studies exist that could help clinicians decide whether

implementation is warranted.

2.4.2.3 Contrast-induced AKI (CI-AKIl)

AKI following administration of contrast (CI-AKI) has previously been referred
to as contrast induced nephropathy,(372) with a recent definition implemented
to align with KDIGO definitions.(3) Alterations in renal haemodynamics and
tubular toxicity are considered potential factors in the pathogenesis of CI-
AKI,(373) which is associated with adverse outcomes.(374, 375) This review
retrieved 15 model studies and eight purely externally validations of four
existing models, (343, 376-378) using a variety of outcomes (n=808,570
patient episodes). The majority of external validations (n=10) were of the
Mehran model.(343) 14 models derived from general percutaneous coronary
intervention (PCI) populations, with one using a cohort undergoing PCI for ST-
elevation myocardial infarction (STEMI). Of the eight purely external validation
studies, six were in the STEMI cohort and two in the general PCI population.
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One model used RRT as the primary outcome, required in 0.4% (60/14,624),
with an in-patient mortality of 35%.(379) In the general PCI studies incidence
of CI-AKI was 6.7% (range 0.75-32.6%, variable definitions). In the six studies
reporting mortality, of those who developed CI-AKI 9% died in-hospital vs.
0.5% of patients without the outcome. In the seven STEMI CI-AKI studies the
outcome developed in 16% (n=882/5,515); mortality was 21.5% (n=26/121,
n=3 studies) who developed CI-AKI vs 0.01% (n=7/652) in those who did not.
The most frequently included predictors were: CKD (n=14), diabetes (11),
CCF (11), age (10), hypotension or cardiogenic shock (8) and contrast volume
or type (7) (table 2.8). A number of studies include predictors related to the

procedure, limiting clinical utility, if risk is to be predicted before intervention.

Variable Number of times used

Diabetes 12

CKD 12

CCF

—_
—_

Age

Hypotension / Cardiogenic Shock

Contrast volume/type

IABP

MI / location

Anaemia

A O O] OO N| 0 ©

Urgent/Emergency

PVD 4

Table 2.8 — Variables used in CI-AKI Prediction models in order of frequency. Abbreviations -
CKD = Chronic kidney disease, CCF = congestive cardiac failure, IABP = Intra-aortic balloon
pump, PVD = Peripheral vascular disease, Ml = Myocardial infarction.

Median AUROCs were 0.83 (range 0.69-0.93) in derivation, 0.82 (0.61-0.95)
internal validation (reported in 13 models) and 0.60 (0.57-0.86) on external
validation (n=16). Calibration was not reported in eight derivation and five
internal validation studies; of the latter two reported the H-L test, two risk
ranges and one a calibration slope; only five external validation reported
calibration. TRIPOD checklist median score (out of 37) for the studies with a
derivation model was 26 (IQR 22-30) and for validation studies (out of 31
points) was 21 (20-22).
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In summary this group represent a heterogenous population, yet as with
cardiac surgery, multiple model studies have been reported using similar
predictors. A significant reduction in discrimination in the limited number of
external validations and frequent absence of calibration are significant
limitations. Finally no impact analyses have to date been reported.

Further details of all 42 models studies in specialist areas can be found in
appendix tables A2.12-13.

2.4.2.4 Summary of specialist AKI prediction models

Since the first cardiac surgery prediction model in 1997(148) numerous
models have been published in this field, CI-AKI and transplantation
populations. Despite different populations and excluding some surgical
specific predictors, the most frequently included predictors were CKD,
diabetes, age and heart failure. Appraisal against recommended reporting
suggested shortcomings in the majority of the studies;(237) including
reporting of blinding, handling of missing data, sample size, absent calibration
and model updating. Validation studies rarely showed a comparison of the
distribution of variables with the development data. The majority of surgical
studies used RRT as the outcome, though few gave criteria for initiating it;
furthermore this requirement is in most populations rare, at the most severe
spectrum of AKI. As few used consensus definitions, making comparisons
and drawing conclusions around generalisability are problematic.

Even in groups with heterogenous populations discrimination was moderate,
including studies with small numbers of events that carry the risk of optimism
and indeed in models with multiple external validations, very few maintain
discrimination performance. Indeed with the 2005 Thakar cardiac surgery
model, the only model with multiple external validations showing
discrimination AUROCs >0.80, performance dropped when predicting AKI by
recent consensus definitions used by Heise (0.66),(380) Kim (0.63)(356) and

Birnie (0.70).(82) Although a number of models have been externally
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validated, none have undergone published impact analysis, nor is there
evidence they are used in clinical practice. Table 2.9 summarises the major
shortcomings of these models.

Increasingly large number of similar models

Lack of model updating

Reduced performance where externally validated

No impact analysis studies or evidence of implementation
Reporting including methodology and performance

Table 2.9 Summary of shortcomings in specialist AKI prediction models

2.4.3 General models

Of particular interest to the presented thesis were models derived in general
hospital populations routinely seen in both specialist and non-specialist
hospitals. The remainder of the systematic review is narrowed to include only
AKI prediction models in these settings.

2.4.3.1 Methods

This section utilised the search methodology already described and used the
same data extraction form for the specialist models. Further information was
extracted on definitions of baseline renal function, handling of community AKI
cases, whether SCr was used as a predictor in analysis and finally the
magnitude and timeframe used to define the outcome. The same performance
statistics were retrieved as for the specialist models; in addition ease of
bedside use and potential electronic automation were recorded.(309) A global
TRIPOD score quantified reporting and furthermore quality (risk of bias) was
assessed by piloting a version of PROBAST (Prediction study Risk Of Bias
Assessment Tool), nearing completion and ready for piloting when this review
was undertaken (Wolff R, Whiting P, Mallett S, et al, personal communication,

website: http://s371539711.initial-website.co.uk/probast/). Elements were

considered in the following domains: participants, predictors, outcome,
sample size, missing data, statistical analysis and overall judgement of bias

and applicability.
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2.4.3.2 Results

From 14,046 articles identified by the initial search strategy, 254 full articles
were reviewed (PRISMA flow chart, figure 2.2). Following the exclusion of the
specialised fields models (n=42) left 11 general model studies (n=474,478
patient episodes), in general surgery,(70, 71) T&O,(345) general hospital
cohorts (predominantly medicine and surgery),(84-86, 381, 382) and heart
failure (summarised in table 2.9 and appendix table A2.6).(383-385) Two
further studies were purely external validations.(386, 387) HA-AKI incidence
was 7% (21,641 events), though this varied from <1% in the general surgery
models,(70, 71) to 28% across the heart failure studies with heterogeneous
definitions (timeframe and marker) employed (table 2.10 for definitions, further
information in appendix table A2.6). For example, five studies took admission
SCr to represent baseline function, potentially confusing CKD, established
CA-AKI and emerging AKI.(71, 86, 382, 384, 385) One study produced a
model to predict admission AKI as well as HA-AKI at 72 hours, with the former
not considered suitable for analysis in this review.(85) In seven of nine studies
reporting age, this was significantly higher in the group with the outcome, with
eight reporting a mean or median age over 65 years in the outcome group
(table 2.10). Mortality was significantly higher in those who developed the

outcome in the six studies where data were available (ranging 6-42%).
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Ovid MEDLINE ®
n=9646

Embase
n=9102

Web of Science
n=8002

Results from primary database searches (n=26,750)

Duplicates removed

Refined search

Records title screened
(n=14,046)

Abstract reading
(n=1002)

Full Articles reviewed
(n=254)

y

Model studies reviewed (n=74)
53 models,
21 external validations

v

n=12,704

n=13,044
Omitted due to not meeting inclusion criteria /
clearly not a prediction model study

n=748
Omitted due to not meeting inclusion criteria / not a
prediction model study

n=201

Omitted due to not meeting inclusion criteria:
110 No model

45 Single marker / prognostic test

31 Not prediction of a patient outcome

15 No discrimination (internally or externally)

n=21
Articles from references

Included in analysis (n=13)
11 models,
2 external validations

n=61 omitted:

Cardiac Surgery 15
Transplantation 10
Contrast-Induced AKI 15
Other: 2

Figure 2.2 PRISMA flow chart for general prediction models.
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Table 2.10 Summary of HA-AKI prediction models in general populations.

Population General Surgery T&O General (Medical & Surgical) Heart failure
Author, year Kheterpal Kheterpal Bell 2015 B)I;zwz gltl)?:heny ;(0‘1)%’ nen ZBo?ngI'd Forni2013 Forman 2004 Breidthardt Wang 2013
(n=derivation) 2007 (n=14,066) 2009 (n=57,080) (n=6,220) (n=360) (n=26,107) (n=202,961)  (n=7.556) (n=1,867) (n=1,004) 2011 (n=657)  (n=1,010)
Centres, Design 1,R 121, R 3,R 3,CC 1,R 5 R 3,R 1,P 11,R 1,P 1,R
Age (with outcome) 59 65 (+15) 77 (£11) 67 - 70 (£16) - 80 (70-86) 68.7 79 (72-85) 73 (67-78)
Age (no outcome) 47 54 (+17) 70 (£16) 63 - 63 (£19) - 73 (61-81) 66.8 79 (70-85) 71 (63-75)
Outcome eGFR<50  MSCr KDIGO . RIFLE KDIGO  KDIGO KDIGO ASCr ASCr AKIN SCr
predicted (<7 days) z177umolt, RRT o ASCr ASCr ASCr ASCr ASCr(ST o6 Bumon  >26.5umon  (<48hr)

Y (30 day) (24hr) (72hr) days) oK oK
Events 121 561 672 120 1,352 17,541 222 95 271 136 341
Mortality with 15% 42% - - ; 6% - 20% 27% 17% 17%
Mortality no 3% 8% - - ; 1% - 4% ; 6% 2%
Predictors 30 19 11 19 23 29 45 25 29 48 35
tested
Predictors 7 9 7 7 27 29 12 7 4 3 8
included
EPP 30 61 605 10

Inappropriate
handling of SCr

Derivation

AUROC 0.77 0.80 0.74 0.73 0.75 - - 0.72 - 0.71 0.76
IV AUROC - 0.80 0.73 0.66 - 0.74 0.67 0.76 - - 0.76
EV AUROC 0.67 0.71 0.65-0.71*
Derivation H-L H-L
Calibration RR RR Plot - P=0.29 P=0.96
. . H-L
IV Calibration - RR Plot RR - P=0.04 -
H-L HL
EV Calibration RR - Plot - - P=0.12 P=0.06- RR - -
e 0.09, Plot
TRIPOD items 25 28 34 26 28 24 29 29 26 23 30
Bed5|de. - - - - - - - Yes Yes Yes Yes
calculation
Electronl.c - - Yes*** Yes - Yes - Yes Yes Yes Yes
Automation
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Design: R - retrospective, P — prospective, CC — case-control, Mortality - In-hospital. AUROC — area under the receiver operating characteristic curve, Plot —
Calibration plot, EPP — Events per predictor, EV — external validation, H-L — Hosmer-Lemeshow test, IV — internal validation, RR — risk range, RRT — renal
replacement therapy, SCr — serum creatinine, T&0O — Trauma & Orthopaedics, TRIPOD — how many of the 37 recommended items were reported. *Increase
sCr 244umol/L if baseline SCr of <168umol/L, 288umol/L baseline 177-433umol/L & 2133umol/L baseline >442umol/L. **During admission, ***Used linked
community and hospital data, *Propensity matched, *yvalidations in medicine/surgery with/without baseline SCr.
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Area of concern

Description

Missing data

Imputation recommended to avoid bias, rarely described(237,
254)

Definitions of outcome &

predictors

No consistent strategy to differentiate CA-AKI from HA-AKI; 2
studies excluded patients with CKD;(70, 381)

5 took admission SCr as baseline; 5 included SCr as predictor
despite it forming outcome;

Co-morbidities inconsistently defined

Blinding predictors or
outcome

Not reported

Sample size

Calculations not described, 6 studies had <10 EPP, increasing
risk of overfitting & underfitting(237, 248)

Univariate to select for
multivariate analysis

Not recommended, used in 10/11 models(237)

Bootstrapping

Adjustment for optimism rarely described(345, 385)

Calibration plots

Present in 1 model & 1 external validation(237, 345, 387)

External validation &
updating

Validation adjusts for optimism, assesses generalisability. but
was scarce; updating not described(237)

Newer performance
measures

Techniques such as decision curve analysis offer insight into
clinical consequences - not described(268)

Use of data linkage

Only one study utilised data linkage(345)

Table 2.11 - Summary of limitations in methodology and reporting. CA-AKI — community-

acquired AKI, CKD - chronic kidney disease, EPP — events per predictor, HA-AKI — hospital-

acquired AKI, SCr — serum Creatinine.



Study reporting

The median recommended reporting items was 28 (IQR 25-30, out of 37)
suggesting significant shortcomings (summary table 2.11, with TRIPOD
reporting summarised in appendix table A2.8). Eight studies were
retrospective, two prospective and one a case control. Five studies were
single-centre; the USA (n=6) and UK (n=3) accounted for the majority. Only
three studies used imputation techniques for missing data.(71, 345, 382)
Definitions were heterogenous with five using RIFLE,(381) AKIN,(384) or
KDIGO criteria for changes in SCr (table 2.10).(84, 85, 345) One study used
KDIGO SCr change within a 24-hour timeframe of predictors being
measured.(86)

Candidate predictors, model building and sample size

A median of 29 (IQR 19-35) predictors were considered, though frequently
studies only reported those significant on univariate or multivariate analysis.
Blinding of predictor assessment and outcome was not mentioned.
Continuous predictors were dichotomised in four and ten studies used
univariate analysis to select for multivariate analysis. Two models employed
bootstrapping, (345, 385) with no study reporting sample size calculations.
Median number of outcome events was 271 (121-672). All of the studies had
>10 EPP included in the model, however the EPP was <10 in six studies,
when accounting for the total number of candidate predictors assessed.(70,
84, 85, 382, 383, 385) Of 56 predictors a median of 7 (7-12) were included,
such as demographics, past history, procedure information, laboratory
parameters, physiological observations and hospital admission diagnoses
(most common in figure 2.3, full details appendix tables A2.9-10). Only 4
studies included physiological parameters.(84, 86, 382, 385) Seven studies
included admission SCr as potential predictor, with five including this in the
final model, potentially confusing prediction with a diagnosis of AKI.(71, 86,
381, 384, 385) Each study’s handling of SCr in terms of when a baseline was
calculated (prior or at admission) and whether SCr was used as a predictor

are summarised in appendix table A2.11.
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Figure 2.3 ACEi — Angiotensin-converting enzyme inhibitors, ARBs — Angiotensin-receptor
blockers, Bloods — laboratory parameters, CKD — chronic kidney disease, WHCO; — reduced
serum bicarbonate, SCr — serum creatinine, AWCC - raised white cell count.

Model performance (table 2.10)

Median AUROC was 0.745 (range 0.71-0.80) for derivation (n=8), 0.74 (range
0.66-0.80) for internal validation (n=7) and range 0.65-0.71 for five models
externally validated. Excluding studies using non-consensus definitions and
those including admission SCr as predictor and/or baseline, left only four
studies.(84, 85, 345, 383) with AUROCSs ranged 0.71-0.74 in derivation (n=3),
0.67-0.76 for internal validation (n=3) and 0.65-0.71 for external validation
(n=3). Only one model study presented a calibration plot for derivation and
validation and required re-calibration as the model over-predicted the
outcome.(345) The H-L statistic was used in three derivations,(84, 381, 384)
and two internal validations.(85, 384) Of those reporting the H-L p-value, only
the Bedford internal validation study reported a value <0.05 indicating
suboptimal calibration. In this study the model under-predicted AKI in the
lowest-risk groups whilst over-predicting risk in the upper risk group.(85)
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Five models have been externally validated: on separate populations within
the same study;(85, 345) other model studies;(385) or stand alone external
validations.(70, 387) One validation provided a calibration plot,(345) one the
H-L statistic,(85) and one reported both.(387) In the external validation of the
Forni study calibration plots showed agreement at low probability rates whilst
at higher rates calibration deviated in the medical cohort.(387) Two of the
three surgical models have been externally validated: the Kheterpal
model,(70) in a Chinese population (AUROC 0.66),(386) and the UK T&O
study used a third centre for external validation.(345) Two of the mixed
general population models have external validation,(84, 85) the latter having
been derived on medical patients and externally validated in medical and
surgical cohorts.(387) The first of the three heart failure studies was externally
validated in the subsequent two studies with inferior discrimination (AUROC
0.65 in both validations).(383-385) No model updating or impact analysis were
reported.

Quality assessment and risk of bias summary

Quality assessment based on a draft version of the PROBAST tool suggested
evidence in 9/11 studies a high risk of bias with significant shortcomings
(summary table 2.12). For example, one study used a case-control design
which is inappropriate for developing a prediction model as it does not enable
calculation of absolute risks and thus yields incorrect estimates of model
intercept or baseline hazard.(335) A wide variety of predictors were
considered with use of univariate analysis to select for multivariate in 10/11 of
the studies. Six studies were potentially underpowered having <10 EPP.
Seven of the studies introduced potential bias in handling of renal function
and SCr either in failing to establish a reliable baseline renal function,
excluding patients with reduced renal function, or employing it as a predictor.
Finally, outcome definition frequently varied, in part owing to a number of the
studies preceding consensus definitions.
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Table 2.12. Risk of bias summary based on PROBAST (Prediction study Risk Of Bias Assessment Tool, permission from Wolff R, personal
communication).

Population

General Surgery T&O General (Medical & Surgical) Heart failure

Model, year | Kheterpal Kheterpal Drawz Matheny Koyner Bedford Forni Forman Breidthardt Wang
(2007) (2009) (2008) (2010) (2016) (2016) (2013) (2004) (2011) (2013)

Bell (2015)

Study
participants
Predictors

Outcome

Sample size
& missing
data
Statistical
analysis
Overall
judgement
of bias
Overall
judgement of
applicabilit
Usability of
the model
Study participants domain - design of the included study, and inclusion and exclusion of its participants; Predictors domain - definition, timing, and
measurement of predictors (also assesses whether predictors have not been measured and were therefore omitted from the model); Outcome domain -
definition, timing, and measurement of predicted outcomes; Sample size and missing data domain - number of participants in the study and exclusions owing
to missing data; Statistical analysis domain - methods (eg appropriate presentation of discrimination and calibration). Red = “high”, Green = “low” or Amber =
“unclear” risk of bias.




2.4.4 Discussion

2.4.4.1 Principal findings

In this first systematic review of HA-AKI prediction in general hospital settings,
the most common predictors were age, diabetes, CKD, drugs (ACEi/ARBs
and diuretics), heart failure, (admission) serum creatinine and bicarbonate.
Modest discrimination is unsurprising when attempting at a single time point to
predict a future event reflecting diverse aetiologies and affecting
heterogeneous patient groups. Significant shortcomings mirror those
described elsewhere:(193, 252, 253, 388)

* multiple similar models, rarely externally validated,

* no impact analysis or evidence of clinical implementation,

* incomplete reporting, including calibration with a high risk of bias and,

* little consideration of electronic automation, allowing presentation
without additional data input beyond usual clinical care, which
influences uptake.(309)

Methodological and reporting shortcomings in the studies included six studies
having <10 EPP potentially leading to overfitting, with only three employing
multiple imputation to handle missing data which can increase sample size
and power (summary table 2.11).(237, 248, 254) Handling of SCr and CKD
was of particular concern. First, in part due to a previous lack of a consensus
definition, the outcome - HA-AKI - had heterogeneous definitions, in
magnitude of SCr rise and time-frame. For example, the Kheterpal study
(2009)(71) used a rise in SCr 2177 pmol/L which has been shown to
significantly underestimate rates of AKI when compared with more recent
definitions.(389) Koyner et al used a rolling timeframe of 24 hours, whilst
others used SCr elevation at any point during admission.(86) Indeed one
study produced a separate model to predict AKI at admission to hospital.(85)
This was further confused by seven studies inclusion of admission SCr as a
potential predictor, with subsequent inclusion in five models, five studies
taking admission SCr to represent a patient’s baseline and two studies
excluding all patients with a reduced admission eGFR from analysis. This
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risks confusing prediction and detection of AKI events. Issues with definitions
have been described before in systematic reviews of prediction models and
should be considered when researchers embark on future studies.(390, 391)
A formal risk of bias assessment suggested the majority of studies had
domains placing the studies at high risk of bias (table 2.12). Published after
TRIPOD, Bell and colleagues’ model provides researchers with a good
template for adherence to reporting guidance, with a low risk of bias and
demonstrates the utility of data linkage (for example between community and
hospital), though lack of validation in other populations tempers
recommendation for implementation.(345)

2.4.4.2 Strengths and limitations of this review

This review summarises available AKI prediction models in general
populations who account for the majority of hospital admissions and AKI
cases.(169, 392, 393) Selection following an extensive literature search and
critical appraisal.(237, 335) The large number of patient episodes provides
important insights into AKI prediction complementing recent reviews in sub-
specialist areas, also presented in the first part of this review.(331-334) In-
patient mortality in those who developed the outcome ranged 6-42% (in the
six studies reporting mortality) emphasising this is a crucial group to promptly
identify.

The first limitation is the small number of externally validated models, which
tempers recommending a model. Second, though the review aimed to include
general populations, caution should be employed, for example, when
comparing a model derived on Heart Failure patients to one from an
Orthopaedic cohort. However, in many UK hospitals, such populations share
similarities being a predominantly elderly demographic with co-morbidities and
if one aim of a prediction model is generalisability, a model should be tested in
these different fields. Third, as study outcome definitions and handling of SCr

(baseline and as predictor of outcome) were heterogenous, model
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comparisons are problematic, though recent studies were more likely to use
KDIGO SCr change. Fourth, no studies included urine output, probably
reflecting the small number of patients outside the ICU environment who have
this marker closely monitored. Fifth, TRIPOD recommendations were used as
a reporting benchmark, however, the relative importance of individual items
and what constitutes an acceptable ‘score’ is arguable, though a formal
PROBAST risk of bias assessment was also carried out providing further
insight. The absence of impact analysis limits the recommendation of one
model over another. Finally, a meta-analysis was not performed without
access to individual participant data (IPD). Expert guidance now exists in this
area and offers opportunities to improve the scope of external validation
research.(391, 394)

2.4.4.3 Comparison with previous systematic reviews

Both this study and a review of CI-AKI models found pre-existing predictors -
age, CKD, diabetes and heart failure - to be the most commonly
included.(332) A Cardiac surgery review reported specialty specific predictors
in addition to these chronic co-morbidities. A non-Cardiac surgery review (5/6
studies in liver transplantation or resection) reported age, CKD and diabetes
in at least two models.(334) Finally, a liver transplantation review highlighted
the importance of CKD and unsurprisingly degree of liver dysfunction.(333)
The present review found drugs or acute laboratory values frequently
included, though only five models included acute physiological parameters.
This review and the non-Cardiac surgery review included adherence to
recommended TRIPOD reporting with similar shortcomings. Across the other
reviews, only in the fields of CI-AKI and Cardiac surgery were external
validations reported.(331, 332) Ease of use, including if necessary a
calculator and potential for electronic automation were rarely considered. No

impact analysis studies have been described.
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2.4.4.4 Future directions

Management of HA-AKI presents a significant challenge, that could be helped
by robust prediction models to risk stratify, encourage prevention and prompt
recognition, key healthcare priorities.(166, 315) Appraisal and synthesis of
prediction studies may enable clinicians and policymakers judge model utility
however, this is problematic when key study details go unreported.(237)
Though much of the AKI literature is on (often assumed) hospital-acquired
AKIl, the maijority of cases arise from the community.(87, 91) Indeed, a recent
study demonstrated a significant proportion of such patients are never
hospitalised.(92) This review suggests even in HA-AKI, the strongest
predictors are pre-existing patient factors. The two laboratory measures
frequently included — serum creatinine and bicarbonate — may also reflect a
chronic component. It is likely a proportion of cases classed as HA-AKI
represent evolving community cases, thus, models using such pre-existing
risk factors makes clinical sense. This continuum of harm between community
and hospital suggests that a risk prediction model in place at, or even before
hospital admission, combined with early flagging of those who have met AKI

criteria, may be required to improve outcomes.

Electronic linkage of patient records between community and hospital data is
desirable to ensure accurate inclusion of predictors: from the community
comprehensive data on chronic morbidity and medications, and acute in-
hospital laboratory and physiological parameters. This may also enable
bedside automation as part of clinical workflow, which as chapter one
discussed can encourage beneficial implementation.(309, 395) Acute
physiological parameters rarely assessed overall in the models, could be an
avenue of future research to improve modest performance at a single time
point. As hospitals increasingly employ electronic track and trigger
observation systems, this may enable the application of complex statistics
(e.g. machine learning) to account for the effects of trends and repeated
measures. Risk stratification using chronic comorbidity and medication(s) with
trends in physiology, could be further enhanced by measurement of urine
output and/or newer biomarkers. To date research has relied on retrospective

100



databases often only at a single time point. Future research would thus
require prospective collection of rich data to achieve accurate prediction
modelling demanded by clinicians and patients prior to implementation.

Impact analysis in prediction research is sparse making it difficult to
recommend model implementation alongside, or replacing, usual care.(199)
Potential areas for impact analysis (summarised in table 2.13) include in
specific populations how a model could influence location of peri-operative
care of surgical patients or drug and/or contrast dosing in patients with heart
failure. Second, in a wider hospital setting, the effects of highlighting those at
highest risk to teams (ward, outreach critical care or Nephrology) with an
adequate effector arm. This has been demonstrated by existing AKI alerts in
established AKI where outcome benefit has been limited to patients who had
best practice delivered.(141, 170, 396) Third, as healthcare embraces
complex technology, the inclusion of physiological (including urine output) or
laboratory trends may significantly improve model performance and effects on
outcome. Fourth, by identifying a high risk group, further risk stratification
could be achieved by employing one of the increasing number of renal
biomarkers,(66) or response to an intervention such as a frusemide stress
test.(397) Finally, one external validation study found patients high risk on the
prediction model who developed AKI had a higher rate of mortality than the
low risk group who developed HA-AKI, indicating the model predicts disease
severity.(387) This could allow early review of such patients to help inform
whether escalation of care may be required, or indeed be appropriate in the

increasing number of frail elderly patients admitted to hospitals.

Table 2.13 Potential areas for future Impact analysis of general AKI prediction models.

Population Impact analysis to inform Clinical use

General Surgery

Peri-operative: haemodynamic targets, place of care, drugs, contrast

Trauma & delivery

Orthopaedics

General Risk stra.tification of large pop_ulations:' e.g. influepcing intengity of

Populations observations, n_emot.e monitoring, application of biomarkers in
subgroups at high-risk

Heart failure Optimise haemodynamic status: diuretic dosing, use/volume of

contrast
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To conclude this chapter, improving the management of patients to prevent
AKI, or reduce associated complications, is a global priority. This review
suggests there are few externally validated prediction models to help identify
those at risk of AKI across general hospital populations, with the majority of
models in specialised fields. Future research should concentrate on model
development and validation, combining primary care data with acute
electronic patient records (EPR), with subsequent exploration of electronic

implementation to enable clinical uptake and impact analysis.
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Chapter 3. Predicting AKI in emergency
admissions: an external validation study of the
acute kidney injury prediction score (APS)

3.1 Chapter summary

Chapter 1 highlighted the importance of HA-AKI and how prediction models
may identify those at risk of its” development. Chapter 2 suggested a dearth of
validated models in general hospital settings. This third chapter presents an
external validation of one model: the Acute kidney injury Prediction Score
(APS) in a single UK non-specialist acute hospital (2013-2015, 12,554
episodes). Four cohorts were studied: adult medical and general surgical
populations, with and without a known pre-admission baseline serum

creatinine (SCr). Model performance and reporting followed expert guidance.

Results: HA-AKI incidence within 7 days (KDIGO change in SCr) was 8.1%
(n=409) of medical patients with known baseline SCr, 6.6% (n=141) in those
without a baseline, 4.9% (n=204) in surgical patients with baseline and 4%
(n=49) in those without. Across the four cohorts AUROCSs were: medical with
known baseline 0.65 (95% Cls 0.62-0.67) and no baseline 0.71 (0.67-0.75),
surgical with baseline 0.66 (0.62-0.70) and no baseline 0.68 (0.58-0.75). For
calibration, in medicine and surgical cohorts with baseline SCr, Hosmer-
Lemeshow p-values were non-significant, suggesting acceptable calibration.
In the medical cohort, at a cut-off of 5 points on the APS to predict HA-AKI,
positive predictive value was 16% (13-18%) and negative predictive value
94% (93-94%). Of medical patients with HA-AKI, those with an APS 25 had a
significantly increased risk of death (28% vs 18%, odds ratio 1.8 [95% CI 1.1-
2.9], p =0.015).

Conclusions: this external validation of the APS found moderate
discrimination and acceptable calibration to predict HA-AKI. The model may
be useful as a severity marker when HA-AKI does occur. Harnessing linked

data from primary care may be one way to improve risk prediction.
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3.2 Introduction

Chapter 1 revealed a continuum of injury exists before loss of excretory
kidney function can be measured with the most commonly employed
laboratory test, SCr. This has encouraged investigators to explore the
potential role of prediction models to highlight patients before AKI is
established.(195-198) Though most prediction research involves derivation
studies, external validation is crucial to address overfitting and
generalisability.(199, 237, 241, 242, 286) Chapter 2 revealed the majority of
HA-AKI models focus on specialist groups such as cardiac surgery, with few
in acute medicine or surgery.(84, 85, 381, 382) One such model is the acute
kidney injury prediction score (APS), derived in acute medicine patients in a
single UK centre which uses a combination of co-morbidities and acute
physiological variables derived from a hospital electronic data system
(Appendix Table 3A.1 for variables). Discrimination assessed by the AUROC
to predict HA-AKI within 7 days was 0.72 in derivation and 0.76 in an internal
validation cohort (without a baseline SCr).(84) As this was deemed a
promising model in an area of general hospital interest further assessment
was thought appropriate.

This chapter describes a study which externally validated the APS in a
general medical population with a known baseline SCr. The presence of this
baseline accounts for patients with CKD allowing more confident conclusions
as to whether acute deterioration in renal function has already occurred at
admission: community-acquired AKI (CA-AKI). The study also validated the
model in:

I. ageneral medical population without a known baseline SCr and,

II.  general surgical populations with and without baseline SCr.

The presence or not of a baseline SCr remains a conundrum for researchers
and clinicians. Those with previous blood tests are more likely to have chronic
disease that precipitated previous testing and/or monitoring of renal function.
Equally those without a baseline SCr may have undiagnosed disease that
would not lead to an algorithm alerting to new AKI. For example, a patient with
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a SCr of 250umol/L would not be flagged as an AKI case by the NHS
algorithm, though a clinician in the right context would interpret such a value
as probable AKI if acute illness was present. Published reporting guidance
was followed.(237)

3.3 Methods

A retrospective observational cohort external validation study of the APS (see
Appendix Table 3A.1 for variables and weightings) was performed on the
adult medical and surgical units of St Richard’s Hospital site of Western
Sussex Hospitals NHS Foundation Trust (WSHFT), for the period March 2013
to February 2015. St Richard’s is a separate hospital site from Worthing
hospital where in 2011 the APS was derived on general medical patients.
There was no cross-site contamination of staff, though catchment populations
for the two sites, 20 miles apart, are similar. Surgery at the Trust includes
general surgery, urology and trauma and orthopaedics, but does not include
major trauma, neurosurgery, cardiac, major vascular or transplantation. (See
Appendix Table 3A.2 for clinical and demographic values for the derivation
and presented external validation cohorts).(84) Ethical approval was given by
NHS Research Ethics Committee London - South East (REC reference
13/LO/0884).

At admission, all acute medicine and elderly care, emergency and elective
surgery routinely had physiological observations measured and entered via
handheld systems into the clinical data software system (Patientrack®
Sydney, NSW, Australia). Previous ICD-10 electronically coded history (heart
failure, liver disease and diabetes mellitus) were retrieved and CKD was
defined as an eGFR <60mls/minute prior to admission using a National
algorithm that has been shown to perform well.(175) KDIGO Criteria for AKI
was employed (SCr increase of 21.5 from the admission value or 226.5umol/l
within a rolling 48 hours during the first seven days of the patients admission).
The cohort included only the first admission of an individual during the study
period, in contrast to the derivation study that included patients with more than

one admission. Patients were included if they were =18 years of age, stayed
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at least one night in the medical or surgical division over the 24 month period
and had at least one SCr repeated.
Exclusion criteria:
* patients with AKI on admission (defined using KDIGO change from
baseline SCr or absolute SCr value 2354pmol/l),
* patients moved directly from the A&E department to the Intensive Care
Unit (ICU) (as neither area uses the Patientrack® data system),
* aged <18 years,
* obstetrics and gynaecology admissions or,

* discharged without spending a night in hospital.

Patients were followed-up until discharge from hospital, or death during the in-
patient spell. The analysis was performed for the patients’ first admission
where more than one occurred in the study period. As all patients admitted
had an APS calculated automatically by the Patientrack® system before any
outcome had occurred, there were no missing demographic or physiological
data at admission. As past history relied on previous coded events (from
attending hospital), potentially such data could have been missing. None of
the researchers involved in analysis of the data were involved in the
management of the patients. The research team members responsible for
data analysis had access only to the fully anonymised individual level data
and were blinded to other patient data, as well as to the components of the
calculated scores in the hospital information system. Since there is no
consensus on how to determine what counts as an adequate sample size in
such studies, all available (19,276) hospital cases for the period were included

in the analysis.(237)

Following logistic regression analysis, discrimination was assessed by the
AUROC,(237) and calibration by the Hosmer-Lemeshow (H-L) test and
graphically by plotting predicted probabilities (x-axis) against the observed
event rate (y-axis) of the outcome and deriving a linear function (an intercept
of zero and a slope of one indicating perfect calibration).(237) Predictive
values and likelihood ratios were calculated to further inform on the way
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model performance could impact on clinical workload. Following extraction, all
data were fully anonymised on Microsoft® Excel® and analyses performed on
SPSS® v22.

3.4 Results

From an initial 19,276 patient episodes in medicine including elderly care and
surgery over a two-year period 12,554 episodes were analysed (n=7,170 in
medicine, n=5,384 in surgery) after excluding cases with CA-AKI (n=782) or
with no repeat SCr (n=5,940) (figure 3.1). Over a quarter of patients (n=3,329)
had no baseline SCr. Table 3.1 summarises the clinical and demographic
data of the groups. Incidence of HA-AKI was:

* Medical patients with a known SCr baseline 8.1%

* Medical patients without a known baseline SCr 6.6%

* Surgical patients with a known baseline SCr 4.9%

» Surgical patients with no known baseline was 4%
The medical cohort were significantly older than the surgical cohort: 78 years
(IQR 65-86) vs 67 (51-77), respectively (P<0.001). There was a higher
frequency of morbidity, particularly heart failure in the medical population, who
also had longer hospital stays. In-patient mortality was increased in those with
HA-AKI across all 4 groups, but in absolute terms this was greatest in medical
patients; in those with a baseline SCr mortality was 21.5% in those who
developed HA-AKI vs 4.5% in those who did not (p<0.001).

108



Total Cohort

n=19,276
Excluded:
AKl on Admission = n=782
No Repeat SCr = n=5940
\ 4
Test Cohort
n=12,554
A
Medical Patients Surgical Patients
n=7,170 n=5,384
Baseline SCr No Baseline Baseline SCr No Bassline
N SCr n=4,191 SCr
n=5,034 n=2,136 g n=1,193
HA-AKI HA-AKI HA-AKI HA-AKI
8.1% 6.6% 49% 4.0%

Figure 3.1 Consort study flow chart of external validation study participants. HA-AKI — hospital
acquired acute kidney injury. SCr — serum creatinine.
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Table 3.1 — Clinical and demographics data of the 4 cohorts.

HA-AKI

Mortality*

LOS

APS

Age

RR =20

<Alert
AVPU

CKD

Diabetes

Heart
failure

Liver
disease

NEWS

Medicine with baseline SCr

Medicine no baseline SCr (n=2,136)

Surgery with baseline SCr (n=4,191)

Surgery no baseline SCr (n=1,193)

(n=5,034)
HA-AKI 8.1 % No HA-AKI P value HA-AKI 6.6% No HA-AKI P value HA-AKI 4.9% No HA-AKI P value HA-AKI 4% No HA-AKI P value
(n=409) (n=4,625) (n=141) (n=1,995) (n=204) (n=3.987) (n=49) (n=1,144)
21.5% (n=88) 4.5% (n=209) <0.001 23% (n=32) 4% (n=72) <0.001 5.9% (n=12) 0.4% (n=15) <0.001 8.2% (n=4) 0.9% (n=10) 0.002
12 (6-21) 6 (3-12) <0.001 115 (5-20) 5 (2-11) <0.001 8 (4-14) 3 (2-5) <0.001 7 (3-17) 3(2-6) <0.001
4 (3-5) 3(2-4) <0.001 3(3-4) 2(1-3) <0.001 3(2-4) 2(0-3) <0.001 2(0-3) 0(0-2) <0.001
84 (77-89) 79 (67-86) <0.001 85 (75-91) 74 (55-85) <0.001 77 (69-84) 69 (56-78) <0.001 69 (53-83) 52 (37-67) <0.001
28% 23% 0.034 24% 19% 0.139 8% 5% 0.063 12% 6% 0.055
1.7% 1% 0.197 0.8% 0 0.619 n=0 0.2% 1 n=0 n=2 1
29% 10% <0.001 14% 3% <0.001
25% 21% 0.059 16% 10% 0.066 21% 15% 0.021 10% 5% 0.187
37% 18% <0.001 28% 9% <0.001 9% 2% <0.001 n=3 n=8 0.009
2% 0.8% 0.026 1% 1% 0.185 0.5% 0.4% 0.593 n=0 n=4 1
2 (1-4) 1(0-3) <0.001 2 (0-3) 1(0-3) 0.024 1(0-2) 1(0-2) 0376 1(0-2) 1(0-1) 0200

APS — AKI Prediction Score, AVPU — consciousness scale of best response: Alert, Vocal, Pain, Unresponsive, CKD — chronic kidney disease, HA-AKI —

hospital-acquired AKI (within 7 days of admission), LOS — length of stay (days) in hospital, Mortality — in-hospital, NEWS — national early warning score, RR -

racniratans rata (nar miniital



For the primary analysis in medical patients with a baseline SCr the AUROC
was 0.65 (95% CI 0.62-0.67) and the H-L p=0.064. In those patients without a
baseline SCr the AUROC was 0.71 (0.67-0.75), H-L P=0.014. In surgical
patients with baseline SCr: AUROC 0.66 (95% CI 0.62-0.69) and H-L
p=0.093; Surgery without SCr baseline: AUROC 0.67 (0.58-0.75) and HL
p=0.664 (figure 3.2). Calibration plots demonstrated agreement at low
probability rates whilst at higher rates calibration deviated in the medical
cohort, though the number of events were small (figure 3.3). Table 3.2
compares predicted rates of HA-AKI (from the original derivation study cohort)
compared to observed rates in the validation medical cohort (with baseline
SCr), grouped according to APS admission score.(84) The table shows in the
validation cohort 4% of patients scoring 0-2 APS points developed HA-AKI,
compared to 28% of cases scoring =7 points with an odds ratio of 4.7 (95% CI
3.1-7.2).
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Figure 3.2 Area under the receiver operating characteristic curves for APS to predict HA-AKI.
A: medicine with known baseline SCr 0.65 (95% CI 0.62-0.67); B: medicine no baseline SCr
0.71 (95% CI1 0.67-0.75); C: Surgery with known baseline SCr 0.66 (95% CI| 0.62-0.70); D:
surgery without a baseline SCr 0.67 (95% CI 0.58-0.75). SCr — serum creatinine.
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A. Medicine with baseline SCr

y =0.8753x + 0.0137
R?*=0.74945

0.20

Observed frequencies

0.10

0.00
0.00 0.10 0.20 0.30 0.40 0.50

Predicted probabilities

B. Surgery with baseline SCr
0.30

y = 1.2228x - 0.0027
R?=0.95024

0.20

0.10

Observed frequencies

0.00
0.00 0.10 0.20 0.30
Predicted probabilities
Figure 3.3 Calibration Plots of predicted probabilities vs observed rates of HA-AKI. Predicted
probabilities vs observed rates (HA-AKI) at each level of the APS score in the medical (TOP)
and surgical (BOTTOM) cohorts with a known baseline creatinine. HA-AKI — hospital-acquired
AKI.

Validation Derivation Study
APS Points HA-AKI HA-AKI
0-2 4% 3%
3-4 8% 7%
5-6 14% 19%
=7 28% 33%

Table 3.2 — Risk range for HA-AKI by APS in external validation study vs original derivation
study. APS - Acute kidney injury prediction score
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Further performance at cut-off of 3 and 5 points on the APS for medical

patients with a known baseline SCr is presented in table 3.2.

APS Sensitivity ~ Specificity PPV NPV PLR NLR
>5pts 34% 82% 16% 94% 2.1 0.79
(30-39) (81-83) (13-18)  (93-95) 1.8-24 0.73-0.84
82% 37% 10% 96% 1.3 0.48
>3pts

(78-86) (36-39)  (9-12)  (95-97) 1.25-1.38 0.39-0.59

Table 3.2 — APS prediction of HA-AKI in external validation. APS - Acute kidney injury
prediction score. (95% confidence intervals) PLR — positive likelihood ratio, PPV - positive
predictive value, NLR — negative likelihood ratio, NPV - negative predictive value.

In the medical cohort with a known baseline SCr, HA-AKI was associated with
significantly higher in-patient mortality using a cut-off of 5 points on the APS:
28% of patients who developed HA-AKI died vs 18% with a score <5 points
(odds ratio 1.8 [95% CI 1.1-2.9], p=0.015). This was also found in patients
without a baseline SCr (mortality 42% vs 19%, p=0.029).

3.5 Discussion

3.5.1 Summary of main findings

This chapter presents one of the few external validations of a HA-AKI
prediction model — the APS — for acute general medical and surgical cohorts
with and without a baseline SCr. Moderate discrimination and satisfactory
calibration were found across cohorts which is important as those lacking a
baseline SCr can be difficult to interpret as to whether AKI is firstly present or
not and secondly whether it has already occurred in the community or is a de-
novo hospital event. External validation addresses optimism and
generalisability.(237, 241, 242, 284, 304) Discrimination, assessed by
AUROC analysis was inferior to the derivation study (0.65 in the comparable
medical with baseline SCr vs 0.72, though 95% confidence intervals crossed)

probably reflecting overfitting and clinical factors such as case-mix.(242, 284,
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297) However, the observed rates of HA-AKI (8.1% vs 7.2% in the derivation)
and associated in-patient mortality were similar in those with the outcome
(20.5% vs 21.5%) and those without the outcome (3.5% vs 4.5%) in derivation
and validation cohorts, respectively. The validation cohort were older and had
higher rates of diabetes and heart failure whereas in contrast, rates of CKD
and liver disease were lower. The two physiological observations - reduced
level of consciousness and tachypnea - were also less commonly abnormal in

the validation cohort (summary appendix table 3A.2).

Different methods were used in the two studies, for example, to define CKD
(eGFR >1 and <6 months prior to admission in derivation vs national baseline
in this external validation). It is unclear to what extent this would have affected
results, though patients could conceivably have already developed AKI in the
community. For example, if the last available SCr was a number of months
ago, HA-AKI may be overestimated and CA-AKI underestimated. The
validation uses the pragmatic national baseline definition that will be
applicable in clinical practice and allows automation in an electronic hospital
system. The original APS study had relatively few events per variable, as well
as high weighting for two infrequent variables (liver disease and conscious
level) that may account for reduced validation performance. In the larger
validation population these variables, though still significant, were rarely
present. Furthermore, the derivation cohort included patients who had more
than one admission, whilst the external validation cohort included only first
admission during the study period. Patients with recurrent admissions may
have been prone to recurrent AKI episodes, and in particular a prior episode
of AKI could be incorporated to improve model prediction. This is an area of

future interest.

However, currently employed statistical markers of performance have
limitations outlined at length in chapter 1 in this thesis. Correctly predicting a
future event is more complex than diagnostics, for example pulmonary
embolism pick-up on different imaging modalities, partly due to the time
between prediction and outcome, with a significant stochastic element.
Accurate risk stratification is often the best that can be achieved. AKI, defined
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by a nominal change in SCr, may be the manifestation of a number of acute
precipitants such as sepsis and vomiting, affecting a susceptible host for
example with heart failure and reduced physiological reserve, making
accurate prediction at a single time point with high discrimination,
impossible.(269, 398) Given there is no consensus on what constitutes
acceptable discrimination, descriptors such as “poor” or "good" to a particular
AUROC are often ascribed. However the AUROCs has many shortcomings
described in chapter one.(263, 399, 400) Though calibration is often
overlooked, it is crucial in risk prediction,(263, 401) and in this validation,
calibration plots suggest adequate fit between predicted probabilities and
observed frequencies of clinical value. More nuanced alternatives such as
decision-analytic measures could help if a prediction model is to be used for
making clinical decisions. Lastly other measures of performance may be
warranted in specific applications, such as reclassification metrics to gain
insight into the value of adding a novel predictor to an established model.(268,
402, 403)

3.5.2 Potential clinical use of the APS

Firstly, using risk ranges, an APS score of 0-2 points (36% of all medical
patients with a baseline SCr) was associated with a low risk of HA-AKI (4%),
whilst a score >7 points had a 28% risk. Secondly, at 5 APS points (18% of
patients) PPV was relatively low (16% [13-18%]), however, the high NPV 94%
[93-95%] suggests an ability to identify those at low risk (as rule-out) and
importantly even if HA-AKI developed patients (with an APS <5 points) were
significantly less likely to die than those with a higher APS. Thirdly, with only 7
variables the APS is simple to calculate. Fourthly, all variables can potentially
be automatically calculated in hospitals with electronic records containing
clinical coding and physiological observation systems. Fifthly, the score in this
validation performed with similar discrimination in two other cohorts — general
surgery and in patients without a baseline SCr. Finally the score represents
an aid memoire to variables associated with HA-AKI, consistently found on

systematic review of other AKI prediction models.(332)
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3.5.3 Alternative models

Chapter 2 provided a rationale for systematic review to appraise and compare
models to inform whether a model is worth further investigating or
implementing and highlighting alternatives. Only one other model for general
emergency medical and surgical admissions has been externally validated,
with an AUROC of 0.67 in derivation and 0.71 in external validation.(85)
However, variables (age, previous admissions, admission diagnostic
category, 7 laboratory parameters, Charlson co-morbidity index and
proteinuria) may be difficult to automate and inclusion of admission diagnoses
is a shortcoming if use is required at the earliest opportunity. Two older
studies, one a retrospective cohort and the other including 27 variables have
not been externally validated.(381, 382) Importantly all three may be difficult
to calculate at the bedside. Finally the recent model produced by Koyner has
not been externally validated and was designed to predict the outcome on a
rolling 24-hour timeframe.(86)

3.5.4 Study strengths and limitations

This large study is one of the few external validations in general populations,
who at least in England account for the majority of admissions to hospital and
AKIl cases.(169, 392, 393) Stringent inclusion criteria (stayed at least one
night, repeat SCr performed), would have excluded a large proportion of ‘low
risk’ patients, recognised as such by the clinical team, making the group in
question of clinical relevance. Using only the first admission during the study
period avoids for the effects of recurrent admissions. It is likely those with
multiple attendances would be at higher risk of HA-AKI as well as scoring
higher on the APS which takes into account age and (coded) co-morbidities,
associated with an increased risk of re-admissions.(404-407) Model updating
could assess the effects of a prior episode of AKI, for example. Whilst
discrimination was only moderate, this represents a single time point from an
outcome that could occur up to 7 days later. If for example, a physiological
deterioration occurred following admission (with tachypnoea or reduced
conscious level) this would be reflected in a higher APS. Patients without a

known baseline SCr pose particular problems: firstly, CKD contributes to the
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APS and secondly assessment of whether the AKI was community or
hospital-acquired is more difficult. The study demonstrated that in this cohort
the APS had similar performance to those with a known baseline SCr.

The single-centre nature of the cohort cautions against generalisability. Also
although data were collected in a prospective nature by the electronic hospital
record, past medical histories relied on previously coded events on the
hospital database, thus they are likely to underestimate disease prevalence.
This could be addressed by improved linkage with primary care databases,
that could also incorporate information on medications. Moreover, the
validation site is in the same geographical area to the derivation site and
though overall a more affluent population, bears similarities (elderly population
on the South-East Coast of England) that may not make the results widely
generalisable. Relying on a baseline SCr that could have last been measured
a number of months ago means a proportion considered to have HA-AKI may
have already fulfilled criteria for a change in SCr prior to admission, ie have
CA-AKI, however this is true in current clinical practice where the NHS

algorithm is in use.

3.5.5 Future directions

Further external validation of prediction models, with updating where
necessary is desirable.(237) Unfortunately, as AKIl is a syndrome reflecting
diverse underlying pathophysiological states imposed on a host with chronic
disease, any model at a single time-point, is unlikely to predict with high
discrimination. Improving models may require the combination of
comprehensive medical records with fluctuating physiological trends, mirroring
the traditional clinical approach to prognosis, bearing in mind the evidence of
enablers of uptake.(309, 408) Drawbacks of using urine output and SCr
known to be unpredictably affected by diverse inputs suggest that the
employment of more refined biomarkers as both predictors and markers of
significant AKI are required.(30) Lastly, no AKI prediction models have
undergone impact analysis. As no single intervention has been found to
improve outcome in AKI, a model would most likely to be used as a part of a
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systematic alert to risk and initiation of enhanced monitoring in the appropriate

clinical location with avoidance of iatrogenic harm.

Conclusion

The APS to predict HA-AKI in an external validation study of general medical
and surgical patients performed with moderate discrimination and acceptable
calibration. The prediction rule could help identify at admission those patients
at higher risk of developing HA-AKI, in order to prevent its occurrence and
avoid, or at least mitigate associated significant complications. The following
chapter will explore the effects of implementation of the model on clinical

outcomes by an impact analysis.
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Chapter 4 — Impact Analysis

This chapter covers three areas:
1. a background to impact analysis,
2. an overview of clinical decision support systems and their
implementation with reference to AKI and,
3. the ICE-AKI Study: Impact analysis of a Clinical prediction rule and
Electronic AKI alert in general medical patients.

4.1 Background to impact analysis

The final stage of evaluation of a prediction model is to test impact in practice
for relevant clinical outcomes.(199, 286, 409) Implementation is only
warranted if demonstration of effectiveness has been shown including
improved outcomes or reduced costs whilst maintaining quality.(294, 409)
Few impact studies have been performed,(410) with a review of 434 models,
finding only 2.8% had undergone impact analysis.(410) A systematic review in
primary care found only 18 studies.(411) Prediction performance of most
models deteriorates on external validation,(199, 243, 284, 286) and even if
accurate, outcomes may not be improved or the model may be rejected for a
number of reasons. First, clinicians’ intuitive estimation may be as good, if not
better. For example, Sinuff et al., found ICU physicians were more accurate
than prediction rules for mortality.(188) Second, practical barriers such as
cumbersome calculations and concern around litigation may lead to rejection
of the models.(409) Even in ICU where models have been available for
decades, with access to electronic patient records (EPRs),(412) models are
rarely in routine use,(413, 414) perhaps because most are mortality predictors
with limitations compromising generalisability.(415-421) Lack of broad
validation may lead clinicians, perhaps rightly, to mistrust the probabilities
provided.(197, 198, 286, 287). For example, the SUPPORT study showed
survival estimates combining a model with a physician’s estimate better
identified patients with high probabilities of survival or death but this failed to
improve the outcome investigated.(422) Application can also be limited by the
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inclusion of ambiguous definitions such as “alternative diagnosis just as likely”
in the Wells score for deep vein thrombosis,(423) or changes in practice over
time, such as use and/or availability of imaging. Finally one study suggested
the best predictors of implementation were familiarity acquired during training,
confidence in its usefulness, and whether the model was user-friendly.(312)

Ideally in an impact study patients, or units, are randomised to the use or not
of the model. Randomisation of individual patients is difficult however, as
learning effects will lead to a reduced contrast between the two study groups,
resulting in a diluted measured impact.(424) Randomising centres may
prevent risk of contamination.(199) Two examples of successful RCT impact
studies assessed the Ottawa ankle rule,(425) and in a cluster RCT a
pneumonia model.(307) A stepped-wedge or cluster randomised trial is
particularly useful for complex interventions with clusters (e.g. hospitals)
randomly allocated a time period when they are given the intervention.(426)

Partly because RCTs are expensive and time consuming other approaches
are employed such as a before-after with control study. Using this design two
studies from the group who derived the Ottawa rules found a positive
impact,(210, 427) whilst in a third study from an independent group of
researchers found no benefit,(428) suggesting local implementation strategies
are key to success.(429, 430) The ‘before-after’ study, using the same care
providers is sensitive to temporal changes in, for example, therapeutic
approaches. A variant, relatively cheap and easy to implement, is when
clinicians are asked to make a decision for an individual before they have
been provided with the model’s predicted risk, and subsequently after they
have been ‘exposed’ to the model predictions for the same patient.(241) In a
‘one-off " impact study the outcome is measured in alternating time periods
when the prediction model is, or is not, available. If clinicians in the centre
have changed over time, results may be biased. When the outcome of interest
is only behaviour or decision making of healthcare professionals, a cross-
sectional study may suffice.(431) Clinicians can be randomised to receiving or
not receiving predictions, with management decisions then compared. Finally
there is the difference-in-differences approach first described in the
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economics literature by Card and Krueger,(432) which uses a comparison
group experiencing the same trends but is not exposed to the intervention and
is described later in this chapter.(433)

4.2 Overview of clinical decision support systems (CDSS)

implementation, AKI alerting and care bundles

4.2.1 CDSS in healthcare

Health care delivered often falls short of optimal, evidence based
practice.(434, 435) For example, one study found it took an average of five
years for guidelines to be adopted into practice.(436) The complexity of
delivering health care routinely exceeds the bounds of human cognition, for
example the use of medications in patients with renal impairment.(437) Partly
as a response to this knowledge clinical decision support systems (CDSS)
have increasingly been introduced to provide pertinent information,
intelligently filtered or presented at appropriate times, to enhance care and
outcomes.(438) Substantial evidence exists that quality of care however, does
not improve simply through isolated introduction of electronic health records
(EHRS).(439, 440) Indeed the pros and cons of such technology have been
debated in the US since the passage of acts to mandate and incentivise
adoption.(441) Though a meta-analysis of 148 RCTs on CDSS
implementation found only 20% influenced clinical outcomes,(442) there is
evidence to suggest CDSS are effective in specific circumstances, for
example, for preventive conditions and medication-related decision
support.(309, 443) One type of CDSS is the generation of alerts of potential
errors, enabling staff to improve therapeutic decision-making.(444)

Alerting is implemented as a safety mechanisms in many industries, with the
premise that it is beneficial to indicate a particular action or a situation that
exceeds safety thresholds or when implementation of a task may compromise
safety.(444) Careful design and implementation is essential to avoid
becoming an irritation, even impeding performance.(444) For example one
interruptive alert intended to avoid drug interactions with warfarin led to
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incorrect omission of important therapy.(445) A second study found an
increase in mortality for children transferred into special care after introduction
of a computerised physician order entry, which was thought to be due to
slowing down clinicians in delivering care.(446) One study found even
experienced care givers could not identify the majority of their own ICU critical
alarm sounds partly due to the sheer number.(447) Thus, human factors

principles in implementation must be taken into account.

4.2.2 CDSS in the field of AKI

AKI alerts are recognised by international ADQI consensus guidelines to
represent an opportunity to prompt earlier clinical evaluation, further testing
and ultimately intervention, rather than as a diagnostic label.(316, 448) EHRs
including CDSS can detect changes in SCr, increase AKI recognition, whilst
reducing the time to therapeutic interventions to prevent progression, and
improve outcomes.(448) In 2015 ADQI identified 12 automated AKI alert
systems, eight in adult hospitals.(448) Delivery included interruptive as well as
non-interruptive alerts within electronic systems, paper notification, paging or
telephone calls. Few studies have evaluated the sensitivity and specificity of
the AKI detection algorithms employed, though the NHS England AKI
algorithm has been found to perform well in clinical practice.(175) The optimal
algorithm in clinical settings is currently unknown.(448) One significant
problem is establishment of baseline renal function, discussed in the
preceding chapters. Firstly in patients with prior results those results may be
old and a change in renal function may already have occurred well before the
index admission. Secondly, as seen in the external validation presented in
chapter 3, a proportion of patients admitted will not have a prior SCr to
establish a baseline of renal function. Potential surrogates to replace an
unknown baseline SCr have several limits. Use of admission SCr will fail to
detect AKI present at the time of admission while use of an estimated
baseline may ignore pre-existing CKD leading to a high rate of false positive
detection of AKI. (449, 450)
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4.2.3 Evidence to support CDSS optimal implementation

Key factors can optimise alerting (table 4.1) and these will be discussed in the
ICE-AKI study methodology section of this chapter.

Factor Explanation

Minimise number & frequency to avoid fatigue(451, 452)
Well-designed easy to acknowledge with corrective actions
improve response(444, 453)

Define situation,
alert threshold

Placement, Proximity compatibility principle(454)
visualisation Ensure optimal viewing angle(455)

Red & orange: increase hazard perception & priority(456)
Minimise number of colours to avoid confusion

Prioritisation, Shape of alert alters prioritisation.(444)

habituation Tiering increases adherence(457)
Reduce habituation: avoid excessive alerting(452)
Signal word draws attention, hazard level(458)
Written Statement about hazard
information Instruction

Consequence if instruction ignored

Understand users beliefs and association with processes

Mental models associated with the intervention.(459)

Table 4.1 — summary of key factors to optimise implementation of alerting.

Many alerts are incorporated as part of CDSSs most commonly medication-
related alerting to prevent adverse events and serve as a support aid.(444)
However, clinicians often override recommendations, even clinically
significant ones.(460-462) Furthermore, excessive alerts results in overload or
‘alert fatigue.’(463) However, relatively little evidence is available to explain
why systems succeed or fail.(464) In one review of 68 studies, CDSSs
improved drug dosing and preventive care but not convincingly for diagnosis,
with few studies on patient outcomes.(465). As mentioned in chapter 1 (figure
1.3) a systematic review suggested predictors of improved clinical practice
are: computer based, automatic provision as part of clinician workflow, at the
time and location of decision making, with recommendations rather than just
assessments.(309) The review also suggested performance feedback,
sharing recommendations with patients and requesting reasons for not
following recommendations contributed to improved outcomes. Another
review found that 57% of CDSSs affect practitioner behaviour, whereas only
30% demonstrated a positive effect on patient outcomes.(466) Moxey et al,
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reviewed 58 studies and also reported integration into workflows and
relevance and timeliness of the messages impacted uptake but also found
that availability of hardware, technical support and training were crucial.(467)
Systems endorsed by colleagues with minimal perceived threats to autonomy
were more likely to be accepted. Carroll et al, studied factors influencing
response and concluded prompts around serious issues would be addressed
though the most significant factor predicting response was position at the top
of the page.(468) Finally, Bates and colleagues, reflecting on their extensive
experience with CDSS proposed ‘Ten Commandments’ to follow summarised

in table 4.2(408):

1. Speed is everything

First consideration in a busy clinical
environment(469, 470)

2. Anticipate needs, deliver in real time

Information accessible electronically, in
isolation, has little effect(471)

3. Fit into user’s workflow

eg guideline on a single screen at time of
prescribing

4, Little things make a big difference

usability but also making flow hard to ignore
suggestions(472)

5. Recognise physicians strongly resist
stopping

if alternative not offered

6. Changing direction easier than
stopping

7. Simple interventions work best

eg guideline on a single screen

8. Ask for additional information only if
necessary

likelihood of success in implementation inversely
proportional to number of extra data elements

9. Monitor impact, get feedback,
respond

eg work out barriers, what works

10. Manage and maintain knowledge-
based systems

eg updating if changes in guidelines occur.

Table 4.2 Ten Commandments of clinical decision support systems. From Bates et al.(408)

Reflecting on this body of research in CDSS alerting, specific goals of an in-

hospital AKI alert include:

1. flag patients with reversible factors to halt progression, speed recovery

and reduce complications by intensification of management,

2. identify a cohort who require escalation of care, or decisions over

limitations of treatment and,

3. identify a cohort for the use of biomarkers to further risk stratify.
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In the single RCT of an AKI alert no difference in outcome was found,
however, the effector arm consisted solely of the alert with a link to practice
guidance without for instance a care bundle or other specific
interventions.(170) Work led by Selby and colleagues in the UK suggested
that in patients alerted and having a care bundle promptly completed
improved outcomes were found compared to those who did not, but patients
were not randomised.(141, 396) In a recent large before-after study in the US,
an AKI alert was associated with a small but statistically significant decreased
risk of death in those who developed HA-AKI alongside reduced length of stay
after adjustment for other factors.(140) Thus from evidence to date, it is not
enough to simply alert the presence of AKI, but associated with the initiation
of appropriate care may lead to outcome benefit. The second point serves to
highlight that a proportion of patients who have developed AKI are critically
unwell but may be more appropriate for end of life care rather than active,
aggressive medical management. Finally, identification of patients with or at
risk of AKI could allow employment of biomarkers to further stratify patients.
This may be of particular relevance if the biomarker is expensive or when
initial stratification is necessary prior to biomarker employment to minimise

false positives results.

4.2.4 Care bundles

A care bundle is a group of three to five evidence-based interventions which,
when performed together, have a better outcome than if performed
individually.(473) Each intervention should be accepted as good practice and
widely applicable. In a number of medical fields outside AKI care bundles
have been found to be effective, for example, relating to reductions in
catheter-related sepsis in critical care.(474) However, success is influenced
by implementation processes such as shaping of knowledge, monitoring
compliance and feedback.(475) For example, one behavioural study looking
at a sepsis care bundle found themes influencing implementation that could
then be addressed such as specific training for staff and permitting collegial
challenge.(475)
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In the absence of any specific drug to treat AKI, guidelines suggest
management is supportive including recognition and management of sepsis,
shock and hypovolaemia, avoidance of medication that could contribute or
worsen AKI, appropriate investigations and referral to specialists when
indicated.(316) However, as outlined in Chapter 1 a number of studies have
found such basic care is not delivered systematically.(166, 476, 477) The care
bundle approach holds promise to address shortcomings in this field as part of
a complex healthcare intervention. Crucially this requires behavioural change
on the part of the clinical team that can be influenced by education,
appropriate bundle design and feedback including compliance, processes of
care and outcomes. Selby and Kolhe found five AKI care bundle studies and
found limited data to support their role in improving both processes of care
and outcomes though more evidence was called for in the field.(478)

The systematic review presented in Chapter 2 suggested there are few
validated, usable prediction models in general hospital settings. Chapter 3
validated the APS in a second general hospital setting and suggested the
model compares well with others described to date and uses easily available
variables that could subsequently allow assessment of generalisability. The
two hospitals where the APS was studied had the available technology to
electronically generate the model on patients and their setting provided a
natural experiment to explore use of the this model in clinical practice.
Pragmatically therefore the APS represented a usable and workable
prediction model that could be used in clinical practice and be assessed as
part of a complex healthcare intervention. The remainder of this chapter will
present an impact analysis study utilising the APS prediction model alongside
an AKIl alert, both embedded in an electronic CDSS.
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4.3 The ICE-AKI Study:
Impact analysis of a Clinical prediction rule and Electronic AKI

alert

4.3.1 Summary

Background

Using e-alert systems to highlight community-acquired acute kidney injury
(CA-AKI) and hospital-acquired AKI (HA-AKI) has become commonplace in
the UK with the aim of triggering early intervention(s) to improve patient
outcomes. The effect of combining an e-alert system with an HA-AKI
prediction model / clinical prediction rule (CPR) has not been evaluated.
Methods

A controlled, before-and-after study on acute medical admissions to two adult
non-specialist hospital sites (one intervention, one control) in the South of
England (2014-16) was conducted. At admission, a CPR highlighted patients
at higher risk of HA-AKI in conjunction with an e-alert which triggered care
bundles of interventions based on current best evidence for practice. The
primary outcome for evaluation of the CPR was incident HA-AKI using a
difference-in-differences analysis across two ten-month time periods pre- and
post- introduction, adjusted for age and co-morbidities. Secondary outcomes
in those developing HA-AKI included: AKI progression; intensive care unit
(ICU) escalation; and in-hospital mortality.

Findings

30,295 admissions to the two sites were included in the analyses, with a
mean age of 74-5 (£17.0) years. Overall, CA-AKI was present in 8:3%
(n=2,502) and HA-AKI developed in 7.3% (n=2,040). After intervention
difference-in-differences analysis, adjusting for age and co-morbidities and
prior admissions, indicated a significant reduction in incidence compared with
the control site (OR 0-990 (0-981-1-000), P=0-049). Unadjusted HA-AKI
incidence did not change significantly at either site (intervention site, 8:28%
pre- and 7-73% post-CPR, odds ratio [OR], 0-928 (95% CI 0-824-1-045)
P=0-223; control site 6:55% pre-, 6:67% post-CPR, OR 1:019 [0-888-1-170]
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P=0-805). In-hospital mortality in HA-AKI cases significantly reduced at
intervention site on difference-in-differences analysis (OR 0-924 [95% CI
0-858-0-996] P=0-038) and unadjusted analysis (27-:46% pre- vs 21-:67%
post-CPR, OR 0-731 (0-560-0-954) P=0-021). Reductions were seen in ICU
escalation and AKI progression at the intervention site, without reaching
statistical significance. Mortality in those flagged by the AKI risk CPR reduced
following the intervention (14% pre vs 11% post, P=0-008). Outcomes for CA-
AKI cases did not significantly change. A process measure review suggested

significant improvements at the intervention site.

Interpretation

This impact assessment showed that a multi-modal intervention, including an
electronically integrated CPR alongside an e-alert for those developing HA-
AKI may improve in-hospital outcomes in acute medical admissions. CA-AKI
outcomes were not affected by an admission e-alert. The study provides a
template for investigating interventions utilising integrated electronically
generated prediction modelling. Further studies should assess generalisability
and cost effectiveness.

4.3.2 Introduction

Up to 20% of adults admitted acutely to hospital meet AKI KDIGO criteria at,
or during their stay, with high associated mortality.(69) As the introductory
chapter of this thesis outlined, this may reflect the limited ability of
conventional markers to detect renal injury in a timely fashion as well as
heterogeneity in aetiology, in turn providing some explanation as to why
clinical trials of therapeutic interventions have proved disappointing.(479)
Following the NHS patient safety alert in 2014 hospitals were mandated to
deploy an electronic alert upon AKI development,(480) however, from
evidence to date there is uncertainty around the relative benefits of AKI e-alert
systems necessitating ongoing rigorous evaluation.(481, 482) Furthermore,
chapters 1 and 2 highlight the dearth of impact analyses of the large number
of published prediction models or CPRs.

129



This impact study investigated the use of the Acute Kidney Injury prediction
score (APS), externally validated in chapter 3,(84, 387) with aims including:

(i) in emergency medical admissions, without identifiable AKI at
admission, could introduction of an electronically generated AKI
CPR reduce the incidence of HA-AKI,

(i) in concert with the CPR, does an e-alert for new HA-AKI reduce
associated complications including in-hospital mortality, escalation
to intensive care and maximal AKI stage,

(iif)  does identification of a group at high risk of HA-AKI improve their in-
hospital outcomes and,

(iv)  whatis the effect of e-alerting cases of CA-AKI at admission to

hospital?

Objectives
To address these aims required fulfillment of a number of objectives:

I. identify baseline rate of HA-AKI & CA-AKI,
II.  identify baseline outcomes of patients with HA-AKI & CA-AKI
a. in-hospital mortality, 7-day mortality,
b. progression of AKI (eg from KDIGO Stage 1 to 3),
c. length of stay,
d. escalation to ICU,
[ll.  compare historical rates at intervention site and control site
a. in-hospital mortality,
b. progression of AKI (eg from KDIGO Stage 1 to 3),
c. length of stay,
d. escalation to ICU,
IV.  evaluate effect of introducing the APS and AKI alert on new HA-AKI
and associated outcomes,
V. evaluate introduction of the nationally recommended AKI e-alert
system on AKI outcomes for those with AKI on admission

a. compared with historical rates at intervention site and,
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b. compared with control site without the AKI alert,
VI.  a process evaluation to explain and understand effects of the

interventions.

4.3.3 Methods

4.3.3.1 Study design and participants

A prospective controlled before-after impact analysis of the APS CPR and AKI
e-alert was performed on two adult general acute medical units. The two sites,
part of the same NHS Trust, were split into intervention and control and the
study ran over two ten-month periods (July 2014 — April 2015 and July 2015 —
April 2016). There was a bed down period for the intervention of two months
(see figure 4.1 for study design and appendix table A3.1 for variables and
weightings of the APS CPR). West Sussex is a county in the south of
England, bordering East Sussex, Hampshire to the west and Surrey to the
north, and to the south the English Channel. Chichester, population 26,795
with 113,794 in the non-metropolitan district (census 2011), in the southwest
is the county town and only city, with the coastal settlement of Worthing one
of the largest towns (population 104,600).
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Figure 4.1 Study intervention. At Control no traffic light seen. APS — AKI score, RED boxes =
AKI (community or hospital-acquired), AMBER = APS =5 points — cut-off for flagging patient
at risk of AKI, GREEN box — all other patients (APS <5 points). HA-AKI — Hospital-acquired
AKI, PAS — Patient administration system, SCr — serum creatinine. Patientrack AKI ALERT* -
patients with AKI at admission defined as increase >1.5 times baseline SCr using NHS

England Algorithm for calculation of baseline, *AKI Prediction Score — clinical prediction rule.

Figure 4.2 Map of England highlighting West Sussex County in Yellow.

Western Sussex Hospitals NHS Foundation Trust (WSHFT) is a non-
specialist hospital organisation of 870 beds and serves a population of around
450,000 people across a catchment area covering most of West Sussex. The
Trust runs three hospitals: St. Richard’s Hospital in Chichester, Southlands
Hospital (not a site of acute admissions) in Shoreham-by-Sea and Worthing
Hospital in the centre of Worthing. St Richard’s and Worthing hospitals
provide 24-hour A&E, acute medical care, maternity and children’s services.
In 2009 the Royal West Sussex and Worthing and Southlands Hospitals NHS
trusts merged and in 2013 the Trust became a Foundation Trust, with an
annual budget of £400 million and currently employs 6,881 staff. In 2015/16,
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the Trust treated 135,792 inpatient and day cases, saw 136,804 patients in
A&E and held 585,846 outpatient appointments. There are around 40-60
acute medical admissions per 24-hour period. The two acute sites are 20
miles apart with relatively similar catchment areas, though the control site has
a higher rural population and less socio-economic deprivation (table 4.2).(483)

Worthing Chichester National average
Life expectancy 77.8M 82.6F 79.2M 83.5F 78.3M 82.3F
Unemployment 7% 2.8% 7.8%
Very good health 44% 48% 47%
Good health 36% 35% 34%
Incapacity benefits 7% 4% 7%

Table 4.2 - 2011 Census data ONS M — male, F — female.

The APS CPR was originally derived at the intervention site.(84) The design
of the study whilst not randomised, offers a number of advantages. Having
two sites and historical baseline data allows multiple outcome comparisons
(temporal and spatial). Together these can allow for robust conclusions to be
drawn. Furthermore the location of the two sites provides a natural experiment
with a number of advantages for a study into a complex hospital intervention.
The hospitals are relatively well balanced in terms of case mix and age yet
there is little cross-contamination of front line staff: Consultant physicians do
not work on both sites, junior staff do not rotate between the hospitals and the
nursing staff work solely on one site. Ethical approval was given by NHS
Research Ethics Committee London - South East (REC reference
13/LO/0884) and the study registered with clinicaltrials.org (NCT03047382).

At admission, all in-patients routinely have physiological observations
measured and entered via handheld systems into the clinical data software
system (Patientrack® Sydney, NSW, Australia). Previous ICD-10 coded
history (heart failure, liver disease and diabetes mellitus), were retrieved and
CKD was defined as an eGFR <60mls/minute prior to admission (in those with
an available baseline SCr) and baseline SCr was defined using NHS
England’s National algorithm.(175) KDIGO criteria for AKI was employed
using only SCr as few of this patient group have routine urinary catheters

placed (SCr increase of 21-5 from baseline value or absolute value
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>354umol/l for CA-AKI, or 21-5 from the admission value or 226-5umol/l within
a rolling 48 hours during the first seven days of admission for HA-AKI). If no
baseline was available, as per national guidance, CA-AKI was assumed

absent unless SCr 2354umol/Il.

4.3.3.2 - The Patient journey and interventions

The study fits MRC definitions for a complex healthcare intervention including:
interacting components within the experimental and control sites (both
hospitals are in the same Trust and part of the wider NHS); the number of
behaviours required by those delivering the intervention; the number of
groups targeted (doctors, nurses, healthcare assistants and pharmacy); the
number and variability of outcomes; and finally the degree of tailoring the
intervention to the individual patient.(484) Implementation of the intervention
required integration of technology, education and buy-in from a
multidisciplinary team. As already outlined the technology alerted patients with
AKI and considered at high risk of developing AKI on the APS prediction
model, in multiple electronic locations visible to the multidisciplinary team,
whilst also generating electronic care bundles to be completed by the team.
Crucially, as with any complex intervention, successful implementation
required a number of educational interventions (discussed in 4.3.3.3). These
educational interventions were not limited for example to doctors.
Furthermore, the outreach nursing team could remotely identify the target
group on a daily basis and then work with the ward team to both identify and
deliver best practice care.
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The interventions are summarised in figure 4.1. At admission for the purposes
of the study those with an APS of =5 points were flagged ‘at risk of AKI,’
(coloured AMBER) in multiple electronic locations and a care bundle
generated, requiring consideration of all 4 interventions. Those with an APS
<5 points were classed GREEN, with no alert. This cut-off was chosen for its
relatively high specificity and positive predictive value in derivation and
validation work to minimise false-positives that have been shown to limit
clinical uptake.(84, 387) At the intervention site, the presence of AKI flagged
RED on admission (CA-AKI) as soon as the SCr result was calculated and
produced an initial 1-hour bundle with 4 directives, followed by prompts
depending on response. At 6 hours and lastly at 24-hours further bundles
were recommended (figure 4.4, table 4.3). The same process occurred for
those who subsequently developed HA-AKI. Response to the alerts was
multidisciplinary involving ward doctors, nurses, health care assistants and
pharmacists, together with the critical care outreach nurse team on a daily
basis reviewing patients remotely or at the bedside. None of the researchers
involved in data analysis were involved in management of the patients and
had access only to the fully anonymised individual level data and were blinded
to other patient data, as well as components of the calculated APS score.
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Back AKI Management Red Status - First Hour Guidance

©.  Hobdell,

l Local: H01010101 / NHS: -
Male, 30-Jun-1977, 38y

Ward / Bed : W10/

Assess for signs of shock, hypoperfusion and sepsis, and if NEWS = 5 request senior review

Is Sepsis suspected?
®Yes ONo

Perform blood/urine/other cuttures, lactate and give oxygen and IV antibiotics

Hypovolaemia
Is the patient hypovolaemic?
®Yes ONo

Give 250ml crystalloid fluid bolus & administer further boluses if fluid responsive. Avoid starches.

Urine tests
Conducted a Urine Test using a Urine Test Strip?
©®Yes No

If HEAVY PROTEINURIA and/or HAEMATURIA, consider renal referral
Drug chart review
Stopped NSAIDS, ACE/ARB, Metformin, diuretics, and reviewed all drug dosages?

®Yes ONo

Stop NSAIDs, ACE/ARB, Metformin, Diuretics and review drug dosages’

Figure 4.4A First hour AKI bundle for those with AKI.

Back AKI Management Red Status - Twenty Four Hour Guidance

@ Hobdell,
1 Local: H01010101 / NHS: -
Male, 30-Jun-1977, 38y
Ward / Bed : W10/

Renal tract USS to exclude obstruction
Senior clinician deems not required.

Pathology tests
Tests have been considered.

o LFTs; CPK; Protein Electrophoresis; FBC (including Eosinophil Count);

« Complement levels (C3/C4); Autoantibody Screen; ANCA plus MPO/Pr3; Anti-GBM;
o If platelet count is low, request blood film;

* Daily electrolytes and Creatinine tests.

Figure 4.4B - First 24 hours AKI bundle for those with AKI.
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Table 4.3 — summary of care bundle directives for patients with AKI - RED and at risk (APS 5)
of AKI — AMBER. SCr — serum creatinine.

1, 6 & 24 hour advice &
tasks to be considered
& submitted

Advise review / consider

Triggered when KDIGO criteria met: change SCr >1.5 baseline at
admission (or if >354umol/L) or 226.5 ymol/l increase on rolling
48hr period in hospital.

1 hour

Search for underlying cause of admission — eg. If sepsis
suspected send blood cultures, IV antibiotics.

Fluid bolus & re-assess, fluid balance chart, daily weights
Review drug chart & stop potential nephrotoxics

Urine dip

6 hour
Re-review fluid status, consider escalation of care

24 hour

Where appropriate consider imaging renal tract
Consider other specific blood tests: autoimmune, CK.
If not imprivng for discussion with Nephrology

Search for underlying cause: eg. sepsis suspected: send cultures
Assess fluid status & consider fluid bolus, re-assess; fluid balance
chart, daily weights

Review drug chart & consider stopping potential nephrotoxics
Urine dip

In addition to the bundles, the patients were flagged in a number of areas

including an AKI tile in the electronic patient summary view, the electronic

observation chart and an AKI dashboard highlighted those with AKI and those
at risk (figure 4.5-7). The AKI dashboard, including break-down of the APS
score was available to all clinical teams at the intervention site, with the critical

care outreach team in particular using this modality to access and review

patients by the bedside or remotely. Lastly a graph of SCr results could be

accessed from a link from the observation chart (figure 4.8).
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Figure 4.8 - SCr trend graph (including baseline SCr) linked from observation chart. SCr -

serum creatinine.

4.3.3.3 Inclusions, exclusions and integration of the technology

Patients were included if 218 years of age, stayed at least one night in the
medical unit over the 20-month period (2014-2016) and had at least one SCr

repeated.
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Exclusion criteria:
* patients moved directly from the A&E department to the ICU (as neither
area uses the Patientrack® data system),
* aged <18 years,
* non-medical (General Surgery, Trauma & Orthopaedics, Obstetrics and
Gynaecology) admissions and,

* discharged without spending a night in hospital.

Patients were followed-up until hospital discharge or in-hospital death. As all
patients admitted had an APS calculated automatically by the Patientrack®
system before any outcome had occurred, there were no missing
demographic or physiological data at admission. Age was defined as that at
study entrance. Ethnicity is known to be poorly recorded in routine data and
was thus not investigated. Co-morbidities were identified from appropriate
coding in the hospital’s patient administration system, PAS (Semahelix®).
Comorbidities will be defined by people having the relevant ICD for each
diagnosis (including diabetes, heart failure and liver disease). Previous CKD
was defined by the presence of at least two values of eGFR
<60ml/min/1.73m? (CKD stage 3-5) at least 3 months apart with no
intervening values =260ml/min/1.73m?. In order to avoid classifying people as
having CKD who had in fact had two isolated episodes of AKI, an upper limit
of 1 year was applied. Medication status was determined from prescription of
relevant drugs in the hospital’s electronic prescription record and a notes
review audit. From coding death, hospitalisations and AKI (ICD N17 code

‘Acute kidney failure’) were captured.

Barriers to integration and acceptance of CPRs and CDSS and expert
guidance were considered prior to incorporation into the computerised clinical
workflow,(485) as part of a multi-faceted AKI guideline implementation.(309)
The controlled before-after design has been reported in previous impact
analysis studies.(210, 427) Around the time of the study NHS England patient

safety alert mandated an e-alert for all AKI cases which limited the timeframe
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over which the study, a natural experiment, could be performed before the e-
alert was introduced at the second (control) site.

4.3.3.4 Specific methodological issues

(i) Defining AKI

Baseline kidney function was defined using the method used for NHS
England/Renal Association National AKI detection algorithm, developed from
KDIGO.(3, 174) Assessments were made as to whether a previous SCr
measure had been taken within a year. A SCr reference value was
established depending on whether the previous SCr value was within 0-7
days or >1 week and <1 year, using the lowest value for the former and the
median value for the latter. The ratio of the index creatinine value on
admission to this reference value was then calculated and used to determine
presence and degree of AKI. CKD was defined by at least two eGFR values
<60 ml/min/1.73m? at least three months apart, without values above 60
ml/min/1.73m? in between those values. Both WSHFT hospital laboratories
report eGFR calculated using the simplified MDRD equation with creatinine
assays using calibration traceable to a standardised reference material -
isotope dilution mass spectrometry. It was acknowledged as a limitation that
some patients presented with AKI without a reliable baseline SCr on record.
Furthermore missing data are an important issue when using routine data;
using coding for co-morbidities relied on previous attendance at the Trust and
could have underestimated disease prevalence.

(ii) CDSS and care bundle considerations

As explored in this chapter empirical evidence can guide CDSS
implementation (summary table 4.1). When considering an alert for risk of
AKI, a compromise between sensitivity and specificity was required to avoid
overload including alert frequency. Reliance on using the National
algorithm,(174) for baseline SCr estimation (median result over a year) is a
pragmatic solution compared to the goal standard of expert clinical review,
with inevitable instances of false positives or false negatives, with potential for
a reduction in response.(451, 452, 463)
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The multi-modal intervention aimed to display both those at risk and those
with AKI in multiple electronic areas accessed by the clinical staff involved
including nurses, health care assistants, junior doctors, pharmacists and
critical care outreach staff. To achieve this the status of each patient was
clearly displayed using the ‘proximity compatibility principle,’(454) taking into
account the visual field,(455) was employed during design within the clinical
workflow in a number of key areas in the Patientrack observation system:
Wardview with an AKI tile (figure 4.5) denoting baseline SCr and AKI stage or
risk, MyView linking to a dashboard collating relevant patients (figure 4.8) and
at the top of the Observation Chart with a link to a SCr graph (figures 4.7,
4.9). A high proximity task requires information integration, thus for the
outreach nursing team in a separate Reports section, all patients in the
hospital at risk, or with AKI, could be visualised and sorted by ward or
consultant, with SCr results, APS score and its components. The Reports
were designed for use for example at the daily elderly care handover meeting,
led by a consultant geriatrician, to improve systematic awareness of the
patient groups and to encourage compliance with the associated care
bundles.

In addition to the flagging of patients, a care bundle of actions were
automatically generated. The care bundles were designed using published
guidance and previous studies to include widely accepted interventions that
would each be deemed necessary to be delivering best practice care.(141,
473, 479) Each care bundle had four components, was designed to be quick
to complete and compliance was monitored. Any member of the care team
could complete the care bundle. At the time of study implementation a large
number of both assessments and alerts were being or had recently been
introduced across different platforms and are summarised in table 4.4 This
highlights the complexity of healthcare delivery, particularly when a mix of
CDSS and paper notes are in concurrent use.
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Direct

Location Alert Description
work
Clinical Observations input onto Patientrack & then made visible on
Patientrack
observations observation chart
NEWS thresholds Dictates level eg observation frequency, seniority response
AKI & AKI at risk Care Bundle
MUST assessment Malnutrition screening tool for nurses
Patientrack
MRSA assessment Screening for nurses
VTE assessment Screening for doctors

Dementia assessment  Screening for doctors

Patientrack Fluid

In/output charting

or Paper assessment
EPMA Prescribing Medications & Fluids

Medical Proforma for admission notes followed by daily paper input;
Paper

notes out/patient notes
Server Clinic notes Out-patient notes on server
ICU EPR All All Medical notes, Prescribing, Observations
PACS

Imaging Access to X-ray, CT, MRI, USS including reports

server

Table 4.4 Summary of hospital alerts and different systems in which clinician workflow sits.

For patients who had developed AKI the colour red was chosen, with amber
for those judged at high risk to maximise hazard perception and priority.(456)
The numbers of colours was minimised to avoid confusion.(444) Tiering of
alerts was employed to prioritise those who had developed AKI over those
who were at higher risk.(457) We aimed to mitigate habituation by minimising
rates of false positive alarms, however, inevitably amongst a plethora of other
signals over time, maintaining compliance was a concern. Evidence from
research into warning labels was considered that resulted in a signal word —
AKI — being used to draw attention and communicate level of the hazard.(458)
Instruction and hazard statements using explicit terms were employed, for
example for AKI cases ‘stop nephrotoxics’ were employed to provide
clarity.(486, 487) Finally during the research, national drivers (NHS Patient
Safety alert, NICE guidance and CQUIN)(480, 488) led to a rise in

prominence of AKI in the hospital environment. These drivers were utilised to
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ensure it was clear the area was a Trust priority, further emphasised by
employing an AKI Champion, performing ward education and nursing
Outreach work.

(iii) Education intervention

Raising awareness of AKI| was multi-modal: at the intervention site posters
were placed to explain the problem, groups at risk and what the intervention
entailed. A suite of educational interventions included outreach critical care
team reviews at the bedside with education of nursing, healthcare assistants
and junior doctors. Each case of new AKI was reviewed either remotely or at
the bedside by the outreach nursing team (composed of senior nurses with
intensive care experience) that allowed a continuous improvement and
awareness initiative to take place between the outreach nurses and the teams
on the ward. Secondly, junior doctors underwent specific training through
lectures and e-learning in AKI management and the intervention being
introduced and were encouraged by their consultant colleagues to maintain
bundle completion. Thirdly on the ward, Pharmacists not previously known to
engage with the electronic observation system were shown how to access
information and subsequently ensure AKI was highlighted with appropriate
prescribing. Finally a diagnosis of AKI was embedded into the discharge
proforma raising awareness for primary care, the patient and for subsequent
admissions (summary in appendix table A4.1). At the control site only the e-
learning module was introduced, whilst cross site senior management
emphasised the importance of the topic, cascading generic information from

the national drivers.

Prior to initiation of the study a qualitative analysis was planned to reveal
behavioural and situational barriers to implementation of the intervention and
provide insights for future studies. This would take the form of semi-structured
interviews aiming to explore the challenges surrounding implementation of an
alert and associated care bundles from the perspective of the multidisciplinary
team, and how these could be addressed. Such qualitative methodology can
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allow investigators to identify, via in-depth analysis, both personal and

contextual factors.

4.3.3.5 Outcomes

The primary outcome to assess the APS CPR was change in incidence of HA-
AKI within seven days of hospital admission following intervention when
adjusting for baseline differences in age, co-morbidity and prior attendances,
between intervention and control sites. Other outcomes assessed separately
those who went on to develop HA-AKI including mortality in-hospital and
within seven days of admission, maximal increase in AKI KDIGO Stage,
increase in SCr from admission, and ICU escalation. These outcomes were
also assessed in the subgroup patients of patients highlighted by the CPR at
high AKI risk (APS =25 AMBER). Outcomes for patients with CA-AKI were
assessed to investigate the effect of the AKI alert at admission, only present
at the intervention site. Process measures were collected to attempt to explain
the effects of the intervention including drug prescribing, completion of the
suggested care bundles and a notes review of a randomly selected collection
of cases of HA-AKI at both sites, pre and post intervention.

4.3.3.6 Statistical analysis

Descriptive statistics reveal the case mix including age and comorbidities
between the two sites and identify the characteristics of people developing
CA-AKI and HA-AKI versus those without these outcomes. Comparison was
made between the occurrence of such events and to include the clinical
identification and coding of AKI pre and post intervention. T-tests compared
the difference if continuous data was normally distributed; the Mann-Whitney
U test was employed for non-parametric continuous data comparison; x° tests

were used to compare binary outcomes.

Generalised estimating equations (GEE) with logistic link function were
chosen to estimate the risks of binary outcomes (incident HA-AKI, in-patient
mortality, death within seven days after hospital admission, progression of AKI
stage, escalation to ICU) between the intervention and control hospitals. GEE,
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described by Liang and Zeger, takes into account the clustering effects of
multiple hospital admissions for the same individuals.(489) Generalised linear
mixed models were employed to analyse continuous variables (change in SCr
and hospital length of stay) including individual patients as a random
effect.(490) To avoid potential bias due to existing background differences
between hospitals and temporal changes, we adopted the difference-in-
differences approach by including time variable (before-after) and its
interaction with the hospitals.(432, 433, 490-493) All models were adjusted by
age and co-morbidities (heart failure, CKD, vascular disease, hypertension,
diabetes mellitus and liver disease). The estimates of the intervention with a
time period interaction term with associated 95% confidence intervals were

reported.

Difference in differences

The Difference-in-differences approach was first described in the economics
literature,(432) but has increasingly been employed to assess healthcare
interventions. Before-after designs are valid only if there are no underlying
time-dependent trends in outcomes unrelated to the policy or healthcare
change. If clinical outcomes were already improving, then using a pre-post
study would lead to the erroneous conclusion that the policy was associated
with better outcomes. The difference-in-differences design addresses this by
using a comparison group that is assumed to experience the same trends but
is not exposed to the policy change.(433) Outcome after and before the policy
are compared between study group and the control group, which allows the
investigator to subtract out the background changes in outcomes. Estimates
are derived from regression models rather than simple subtraction, allowing
adjustment for factors such as patient or hospital characteristics that may
differ between the groups.(433) The association between policy
implementation and outcomes is estimated by examining the interaction
between the pre-post and exposed-unexposed variables.(433) This is
important for example in an area such as AKI, with national and local drivers
to improve outcomes that could influence a simple before-after study.(480)
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The increasing popularity of difference-in-differences in health policy and
medicine reflects the credibility of designs and ease of implementation and
estimation.(494) An example where this approach has been used in the US
was to evaluate the impact of Medicare’s bariatric surgery reimbursement
being limited to “Centers of Excellence.” A study compared complications in
Medicare patients (subject to the policy) and commercially insured patients
(not subject to the policy) before and after the initiation.(495) Prior studies,
using a simple “pre-post” study design found a beneficial impact, but failed to
account for secular trends toward improved outcomes.(496) However, using
difference-in-differences, similar declines in complications for both groups
were found, suggesting no specific beneficial effect of the program.(495)
Other recent examples include the impact of health insurance expansions,
payment policy, malpractice reform, resident work hour reform, changes in
clinical practice, smoking laws and electronic medical record
implementation.(497, 498) In the UK, Morris and colleagues used this
methodology to assess the impact of centralised stroke services in London
and Manchester.(490) Their findings suggested an improvement in London
compared to the rest of England when accounting for temporal changes.

The two main assumptions of difference-in-differences analysis are parallel
trends and common shocks. The parallel trends assumption states that the
trends in outcomes between the treated and comparison groups are the same
prior to the intervention.(499) If true, one assumes these parallel trends would
continue for both groups even if the program was not implemented. This can
be tested empirically by examining trends prior to implementation. In a
regression model, this is evaluated by assessing the significance of the
interaction term between time and policy exposure in the pre intervention
period.(433) If the prior trends are significantly different a difference-in
differences analysis would be biased and another comparison group would be
required. Secondly a ‘shock’ is an unexpected event affecting a system. The
common shocks assumptions state that any events occurring during or after
the time the policy changed will equally affect the treatment and comparison
groups. A limitation to implementing difference-in-differences design is the
difficulty finding a control group for which these assumptions are met.(433) Of
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significant importance, the presented ICE-AKI study used a control site
exposed to ‘common shocks’ nationally, (such as a drive to address AKI care)
and locally, being part of the same, Trust any financial and staffing issues

were common to both.

To test whether the groups’ case mix did not change differentially over time,
we examined for differences between patient characteristics before and after
implementation in both groups (table 4.6). The changes and risk of difference
events before and after were tested separately for intervention and control
hospital. Data were extracted fully anonymised on Microsoft® Excel® and all
analyses were conducted using SAS (V9.4°).

4.4 Results

4.4.1 Summary of results

Over the 20-month study period 30,295 admissions were analysed (figure 4.9)
with a mean age of 74-5 (standard deviation +17-0), length of stay 11 days
(x13-1) and in-hospital mortality 8-:3%. AKI was present on admission (CA-
AKIl) in 8:3% (n=2,502) and 7-3% (n=2,040) developed HA-AKI. Table 4.5
shows the sites were relatively well matched at admission pre and post
intervention, though the intervention site had higher lengths of stay, age,
admission tachypnoea and some reported co-morbidities (liver disease,
hypertension and vascular disease). Across all medical admissions between
periods, at both sites there was no overall change in mortality, whilst length of
stay reduced (table 4.6). More patients were escalated to ICU at the
intervention site in the second period (P=0-013) though on difference-in-
differences analysis there was no significant change in mortality or escalation
to ICU.
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Figure 4.9 Consort diagram inclusion and exclusions. CA-AKI — Community-acquired AKI,
HA-AKI — Hospital-acquired AKI, SCr — serum Creatinine.
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4.4.2 Incidence of HA-AKI

Difference-in-differences analysis suggested a reduction in HA-AKI at the
intervention site (OR 0.990, 95% CI 0.981-1.000, P=0.049). Unadjusted
incidence of HA-AKI did not change significantly at the intervention (8.28%
pre, 7.73% post intervention, OR 0.928, 95% CI 0.824-1.045, P=0.223) or
control sites (6.55% pre, 6.67% post intervention, OR 1.019, 95% CI 0.888-

1.170, P=0.805) (table 4.6).
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Table 4.5 Demographics and clinical characteristics of patients pre and post intervention, with p values fro within site changes over time.

Intervention Site Control Site

Pre (n=7,532) Post (n=8,636) P value Pre (n=6,749) Post (n=7,378) P value
Age, mean (SD) 75-1 (16-9) 74-2 (£17-4) 0-0012 74-6 (16-7) 74-1 (216-9) 0-1492
NEWS, median (IQR) 1(0-3) 1 (0-3) 0-0088 2 (0-3)* 1 (0-3) 0-0131
Respiratory rate 220 27-2%* 25-8%" 0-054 20-2% 18-3% 0-003
<Alert on AVPU scale 1:3% 1-3% 0-944 1-2% 1-0% 0-339
CKD 47-7% 46-5% 0-122 49-1% 45-9% <0.001
Diabetes 22-3% 23:7% 0-045 22:6% 23:2% 0-367
Heart failure 24-2% 24-4% 0-797 231% 23:4% 0-705
Liver disease 2:7%" 3-1%" 0-110 1-9% 2:0% 0-903
Hypertension 62:1%" 59-6%" 0-001 56-9% 55-1% 0-034
Vascular disease 10-3% * 10-3%" 0-959 6:5% 7-6% 0-014

IQR — Interquartile range, SD — standard deviation. AVPU — best response: Alert, Vocal, Pain, Unresponsive, CKD — chronic kidney disease (baseline
estimated glomerular filtration rate <60mls/min), NEWS — National early warning score, Respiratory rate —breaths/minute. i significant difference (P<0.05)

between sites during same period. T-test, Mann Whitney U tests or )(2.



Table 4.6 - Pre and post intervention results for all included patients.

Intervention Site Control Site
. Before After o Before After o

Metric (n=7,532) (n=8,636) P value, OR (95% CI) (n=6,749) (n=7,378) P value, OR (95% CI)
In-patient 000/ 9-06% ] ) ) 4. 120/ (= 7-10% ] ] ] 4.
Mentality 9-82% (n=740) (nred) 0100,0914 (0822-1016)  7:13% (n=ds1) [T} 0-974, 0-996 (0-876 - 1-133)

. 0, . 0,
7-day mortality  4-20% (n=316) (f’]f;é’) 0-060, 0-856 (0-730 - 1-:004)  2-84% (n=192) (i=7210€) 0645, 0-952 (0-778 - 1-163)

. 0, . 0,
ICU escalation  2:46% (n=185) (f’]=1206§) 0013, 1:272 (1:052 - 1-538)  2:44% (n=165) (ﬁ=3127/1°) 06509, 0-947 (0-762 - 1-176)
Peak SCr rise 11-65 (£35:7)  10-57 (£32-0) 0045 905 (£27-6) 922 (+27-4) 0-715
Length of stay 12:31 (#147)  11-50 (£131) <0-001 10-69 (+134)  9:57 (+10-9) <0-001

Before After Before After
(n=6,862) (n=7,881) (n=6,258) (n=6,792)

. 0, . 0,

Incident HA-AKI  8-28% (n=568) (Z]=7630g’) 0-223, 0-928 (0-824 - 1:045)  6:55% (n=410) (ﬁ=6475§) 0-805, 1-019 (0-888 - 1-170)

Mean (+ standard deviation). HA-AKI — hospital-acquired AKI, ICU — intensive care unit, SCr — serum creatinine.

Metric

P value, odds ratio (95% CI)

In-patient Mortality
7-day mortality
ICU escalation

Incident HA-AKI

0-328, 0-995 (0-985 - 1-005)
0-240, 0-996 (0-989 -1-003)
0-255, 1-003 (0-998 - 1-009)

0-049, 0-990 (0-981-1-000)

Difference in differences estimates Intervention vs Control site.
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4.4.3 HA-AKI outcomes (table 4.7)

All outcomes tended to fall at the intervention site and rise at the control site.
In cases of HA-AKI, unadjusted in-patient mortality significantly decreased at
the intervention site (27-5% pre vs 21-7% post, P=0.021, OR 0-731 [0-560-
0-954]). This remained significant when accounting for baseline differences
and control comparison using difference-in-differences analysis (P=0-038, OR
0-92 [95% CI 0-858-0-996]) (figure 4.10). A similar reduction in mortality by
day seven was found. ICU escalation, progression to stage 3 AKI and
maximal increase in SCr reduced at the intervention site, whilst increasing at
the control site, without reaching statistical significance on difference-in-

differences analysis. Length of stay was not seen to change at either site or
over time in this cohort.

HA-AKI Cases - in-patient mortality

28

N
[«

===|ntervention Site
===Control Site

Difference in differences
OR 0.924 (0.858-0.996),
P=0.038

In-patient mortality %
N

N
N

20
Before After

Fig 4.10 — In-patient mortality in cases who developed HA-AKI before and after the
intervention.



Table 4.7 Pre and post intervention outcomes for HA-AKI cases.

Intervention Site

Control Site

Metric Before (n=568) After (n=609) P value, OR (95% CI) Before (n=410)  After (n=453) P value, OR (95% CI)
'm"op:;'lﬁ;t (2n7="1‘g°6/‘; 21-67% (n=132)  0-021, 0-731 (0-560-0-954)  22-92% (n=94) (2:=ﬁ;/) 0-576, 1-104 (0-807-1-511)
7-day mortality  16:20% (n=92)  10-51% (n=64) _ 0-004, 0-608 (0-432-0-855)  9-02% (n=37) 12-58% (n=57)  0-101, 1-451 (0-937-2-247)
Stage 3 AKI 827% (n=47)  657% (n=40)  0-268, 0-779 (0-503-1:208)  4-15% (n=17)  5-52% (n=25)  0-429, 1-350 (0-718-2-538)
ICU escalation  7-39% (n=42)  6:90% (n=42)  0-821,0-928 (0-595-1-446)  7-07% (n=29)  10-6% (n=48)  0-074, 1-557 (0-962-2:521)
Peak SCr rise 710 (277-4) 661 (£76-3) 0269 646 (£610) 643 (:59:0) 0-939

Length of Stay 147 (£15-4) 150 (£13-9) 0708 15-4 (£143) 137 (£129) 0-064

Mean (Standard deviation), HA-AKI — hospital-acquired AKI, ICU — intensive care unit, SCr — serum creatinine, Stage 3 — KDIGO Staging x3 increase SCr.

Metric P value, Odds Ratio (95% CI) Intervention vs Control

In-patient mortality

0-038, 0-924 (0-858 - 0-996)

7-day mortality

<0-001, 0-907 (0-859 - 0-957)

Max Increase SCr

0-592

Stage 3 AKI

0-319, 0-980 (0-942 -1-020)

ICU escalation

0-107, 0-969 (0-931 -1-007)

Length of Stay

0-194

Difference in differences estimates.



4.4.4. Patients with CA-AKI and those flagged at high risk

There were no significant changes in outcomes in those with CA-AKI at either
site (table 4.8 and appendix table A4.2). At the intervention site of those
flagged high risk (AMBER alert) 14% developed HA-AKI, vs 5% with no flag
(GREEN) (P<0.001). In this group of patients alerted by the APS CPR at high
risk (=5 points) in-patient mortality decreased following intervention (14% pre
vs 11% post, P=0-008, OR 0-78 [0-:66-0-94]) with no change at control site
(table 4.8 and appendix table 4.2).

Intervention Site Control Site
Before After 85{ (3_5% Before After 85{ (3_5%
In-patient .79. .63-
mo?’tality 23% 23% (192799) 19% 17% (191673;
0-95 0.34
Before After Before After
AMBER (APS (n=2,057) (n=2,351) (n=1,810) (n=1,851)
25) In-patient 0-78 0-96
el 14% 1% O 10% 10% O
0-008 0-74

Table 4.8. In-patient mortality in cases with CA-AKI and in those flagged at high-risk on
admission by the CPR (AMBER - APS =5). CA-AKI — community-acquired AKI, OR — odds
ratio.

4.4.5. Process measure review

Overall electronic bundle compliance, defined as completion and submission
was 15% in those at risk and 26% in those with AKI. However, a number of
significant process measure improvements were seen at the intervention site
vs control. For example, on interrogation of the electronic prescribing system
significantly more patients had documentation of stopping potentially
nephrotoxic medications with AKI given as the reason as well as stopping
ACEI/ARB classes of drugs in those flagged (both P<0-001). In a notes review
of 181 patients, a number of measures improved at the intervention site in
before-after and between site comparisons, including AKI documentation
(P=0-033) (summarised in tables 4.9A/B and appendix table A4.3).



Intervention site

Pre-intervention intei/?es:tion P value OR (95% ClI)
Documented AKI 21% 55% 0-002 4-51313_ ((515 -77)63—
Repeated U&Es 67% 89% 0-021 3-71623_ ((511 -02)1 8-
Drugs checked 51% 55% 0-831 1-1256(&4)193—
Fluid Plan 44% 64% 0-087 2'2]51.2(34.15);35_
Search for cause 40% 46% 0-666 1 '27259(&?44'
ven MO
2 ome P

Table 4.9A Pre vs post intervention summary of process measures from notes

— urea and electrolytes.

review. U&Es

Post intervention period

Intervention Control P value OR (95% CI)
Documented AKI 53% 30% 0-033 2'7‘:594(?1’4;41—
Repeated U&Es 89% 72% 0-062 3'0’;?4(:3)7'?61-
Drugs checked 55% 23% 0-004 3'9%99(711'?73—
Fluid Plan 64% 54% 0-388 1'5%2.5(1(3);)545_
Search for cause 46% 21% 0-023 31 ‘;5.30(;;24-
e oo Some
Mogoumeted i aw om

Table 4.9B Comparison of process measures between intervention and control sites after
intervention. U&Es — urea and electrolytes.
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4.4.6 Qualitative review

Following initial implementation, a thematic analysis was conducted with 20
interviews of the members of the multidisciplinary clinical team.(496) The
audio-recordings were uploaded to a secure server and transcribed and then
checked by two researchers working with the author. Using constant
comparison, a technique derived from grounded theory,(497) transcripts were
compared within and between each other aiding the iterative search for
themes to be reviewed, defined and named.

Themes identified from the staff interviews were used to inform and optimise
implementation of the intervention and be used to inform and provide
recommendations for future similar studies. Major themes were elicited.
Positive experiences included feelings the intervention was ‘a useful tool’ and
those interviewed expressed ways through which it affected the care they
provide including prioritisation: ‘If | see an AKI red alert then my first thought is
to always go and check the person’s bloods myself’ (pharmacist), and early
identification ‘Yes, it's a warning and can help to prevent’ (healthcare
assistant). ‘Well obviously, if we’re able to identify them, then we’re able to go
and review them and then to put in place the right interventions following the
bundle’ (specialist nurse). ‘So in the morning you can direct yourself as to
which patients you are going to see first....it helps prioritise where we go as
well so it does.. yes impact on the care we provide because we get to see the
right patient first’ (Consultant). ‘Yes... its just another visual prompt.. it does
get busy especially in this environment its really, really difficult to be able to
have eyes on everything so you do use it’ (deputy ward sister)

Effective monitoring was a second theme: *...it really does.. it gives you
details what you should be doing, if you should be cutting out nephrotoxic
medications and questioning any of the practices... and so it kind of really
focuses your mind into what’s best practices and what you should be doing for
this person’ (nurse) and “...better, | think definitely better, because we have to
go up to them every hour, we are going there much more to see their output

so it helps us to see whether the patient is declining...’ (healthcare assistant)
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The traffic light system was thought to be simple and effective providing the
right amount of information with one interviewee stating ‘Red... you cannot
miss it’ (nurse) and another saying ‘Just the traffic light system, it’s quite
simple’ (Pharmacist) and ‘I think it just gives you the right amount of
information to get an idea as to how sick that patient is.” (Consultant).

However, significant barriers to use were also revealed. The hospital’s IT
capabilities were found as a problem, along with the availability and access to
computers, lack of training and confusion regarding responsibilities.

I think getting onto the system...and you know just trying to access it all
because it is very much having to get onto a computer’ (healthcare assistant)
‘access to a computer, not having enough computers and chargers’
(healthcare assistant), ‘I think that it [the system] can be slow to load up’
(Consultant) and ‘sometimes it does not work properly or not proper access
(pharmacist).

A number of interviewees thought the care bundles were a ‘tick box exercise’
with some confusion related to who should fill them out. Pharmacists thought
it more appropriate for nurses and doctors, whilst healthcare assistants
thought it a ‘nursing job’ and nurses thought it was indented for doctors to use
and complete:

‘l am aware but | can’t say that | would look at it’ (pharmacist)

‘It’s for the Doctors to do, so we don'’t tend to go into it’ (deputy sister)

‘[’'m] aware of it but things on it are mainly a nursing job’ (healthcare
assistant)

It’s a tick box exercise to say right ok yep - that doesn’t really prove whether it
has or hasn’t been done.’ (deputy ward sister)

‘I don’t find it hugely helpful that we have to click on each thing to say that
we’ve done it.’ (doctor)

In general, staff reported there could have been more training on the AKI alert
system and care bundles and indicated specific training is needed and would
be helpful.

‘[we had] no training’ (pharmacist)
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‘some online training’ (healthcare assistant)
‘not enough and ensure that everyone gets the training’ (healthcare assistant)
‘....there is a need for it [training], potentially useful’ (junior doctor)

During the interviews the staff provided a number of ideas that could

potentially improve the system and assist future practice and studies.

‘Make it more accurate... if renal function improves they (patients) remain
RED in the system.’ (pharmacist)

‘create a link between electronic prescribing and patientrack [the physiological
observation system]’ (pharmacist)

‘patient track could give you a summary of the alerts and what is missing for
each patient.” (Consultant)

‘why there is patientrack and patientrack reports, tedious to go from one
screen to the other to capture the info.” (Consultant)

These suggestions include: functionality (for example if renal function has
improved the alert could reflect this), integration with other electronic systems
such as prescribing and finally speed (including not having to flip between

different screens).

4.5 Discussion

4.5.1 Main findings

This is the first impact analysis study combining an AKI CPR and an AKI e-
alert in hospitalised patients. The intervention was associated with a decrease
in the incidence of new AKI but, importantly a significant improval in survival in
those individuals who developed HA-AKI was also found. This may reflect a
synergistic benefit of highlighting those at risk and de novo AKI, implying best
practice would be institution of a care bundle in both groups, in tandem with a
multimodal service improvement approach. Other outcome measures
including escalation of care and progression of AKI were suggested. There
was no change in outcome following introduction of an e-alert for patients with
established AKI at admission to hospital, indicating the measures introduced

did not affect the underlying disease process.
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The primary aim of the study was to investigate whether an AKI CPR could
prevent HA-AKI. On a difference-in-differences analysis a reduction was
achieved. The treatment effect may have been limited due to a lack of
specificity in the CPR - in derivation and validation the APS had moderate
discrimination (AUROC of 0.65-0.72) and to avoid alert fatigue, only patients
with a score >5 were alerted to (84, 348). Furthermore, as AKI was only
diagnosed through change in SCr, known to lag behind insult (30), it is
possible a proportion classed as HA-AKI reflected community-acquired injury.
Further important findings are that both in those highlighted as at high risk of
developing AKI (AMBER) and in patients who subsequently developed HA-
AKI, improved mortality outcomes were found, which may reflect systematic
early recognition, with prompt care initiated even without documented
evidence of a completed care bundle. Indeed without these alerts many of
these patients would not have triggered an urgent response: for example
median national early warning score (NEWS) was only 2 in the AMBER
group, yet mortality ranged 11-14%. Based on the NEWS alone, such patients
would not have been flagged high risk. This study provides evidence that
application of best practice can translate into improved outcomes even in a

heterogenous group at high risk of complications.

4.5.2 Comparison with other studies and intervention uptake

To date, the only RCT of an AKI e-alert showed no outcome benefit, though
the intervention in that study was limited to an electronic link to practice
guidelines (170). In two UK studies in patients who had developed AKI a
mortality benefit was reported in the 22-26% of those with a completed care
bundle (141, 396). A recent large before-after study in the US suggested a
significant mortality benefit for the use of an AKIl flag (140). Though rarely
reported, other CPR impact analysis studies have described successful
integration into a CDSS (500, 501).
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The majority of studies reporting on the effects of alerts incorporated as part
of CDSSs are medication related (444), however, such recommendations are
often ignored (460-462). Relatively little evidence explains why some
succeed, with a paucity of evidence to demonstrate convincing improvement
in patient outcomes (309, 464-466). However, two systematic reviews (309,
467), suggested three independent factors influence success:

* automatic provision of decision support as part of clinician workflow at

the time and location of decision-making,
* provision of recommendations rather than just assessments and,

* computer based decision support.

These factors and others were considered during study design, which
provides a proof of concept for future investigations of complex healthcare
interventions. Alerts could be quickly acknowledged, with a single alert at
admission for those at risk, with a further alert on patients who met AKI criteria
within the nursing clinical workflow (309, 408). A cut-off on the APS CPR was
chosen to minimise false positives to avoid blunting and eventual elimination
of responses (452, 463). Optimal visual field positioning and the use of
appropriate colours (red and amber) were chosen as they are associated with
an increase in hazard perception and prioritisation (454-456, 502). Despite
these measures, compliance with electronic submission of care bundles was
low ranging 15-26%, similar to previous AKI studies (396, 503, 504). This
could have been improved by making the alert interruptive however, this may
have increased frustration and alert fatigue (396, 505, 506). Doctors were
expected to submit the completed bundle however it was not part of their
workflow. However, crucially the intervention was multimodal: highly visible
flagging in multiple electronic areas accessed by all members of the clinical
team, alongside education, that may have changed group behavior not
captured by a formal bundle submission. Whilst establishing conclusive proof
of behavioural change is challenging, we found significant improvement in

process measures, such as stopping potential nephrotoxic medication.
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The qualitative interviews provided important insights into why the intervention
may have helped improve outcomes: the technology was visible and frontline
multidisciplinary staff were well aware of it and importantly had incorporated
its use as part of the daily delivery of clinical care. However, the interviews
also revealed shortcomings of implementation including education, roles and
responsibilities, lack of time in a busy environment and with the overall
infrastructure of the IT system in use in the clinical arena. Finally the
interviews suggested a number of potential improvements that future studies
and iteration of the technology could address: ongoing education, data linkage
and finally further consideration of time as the crucial element in the busy

clinical environment.

Study strengths and weaknesses

This natural experiment introducing an electronic alert intervention at one site
within a similar geographical area to a control site allows for unrelated change
in disease occurrence and practice, with adjustment for confounders and has
been described in previous impact studies (210, 427). HA-AKI associated
mortality at the two sites (20-26%) was similar to the other UK study showing
a mortality benefit (396). The process measure evaluation identified increased
documentation, coding of AKI and stopping of nephrotoxic medications at the
intervention site, which adds to the main data analysis suggesting both
improved recognition and clinician behaviours following intervention (tables
S5-6).

The study took place as part of an information technology service
improvement intervention that did not allow for a RCT design, with selection
bias a concern. Between sites in both periods overall mortality was higher at
the intervention site, as was the rate of HA-AKI, which may reflect differences
in co-morbidities and socioeconomic factors. However, the before-after
controlled design using difference-in-difference analyses is accepted as a way
of detecting the effects of an intervention, and to control for confounders and
secular trends (507, 508). Outcomes did not improve in the control hospital
suggesting other external factors did not significantly influence outcomes seen

at the intervention site. However, given the difficulty of eliminating bias, a
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single study is unlikely to be definitive and replication and synthesis of
evidence across studies is needed to support inferences about effectiveness
(484). A lack of power from two sites over ten-month periods could explain
why outcomes including ICU escalation and AKI severity, though improving at
the intervention site, did not reach statistical significance — though for example
in the second period significantly fewer patients with HA-AKI at the
intervention site were escalated than at the control site. Generalisability may
be limited by the study population on the South-Coast of England, being older
(mean age 74) than the English NHS average admitted under general
medicine (65 years), though the National average geriatric admission age is
78 (509). Both sites are non-specialist general hospitals and the analysis used
medical patients — future studies could examine generalisability to different
hospital populations. However, our population probably reflects the majority of
acute admissions in the UK given that the mean age of patients with CA-AKI
in the RISK study being 75 years (unpublished, personal communication with
study authors). The study did not assess whether impact was sustained or
whether the intervention could be successfully introduced at the control site —
the recommended fourth phase of impact analysis and implementation (485).
Other parts of the country such as inner cities would however, have higher
variety of ethnic diversity which could be studied. The before-after analysis
was by admission, not individual and this approach can have shortcomings
due to the effects of single patients having multiple admissions. Also
calculation of the APS CPR past history relied on previous coded events (from
previously attending hospital) and could therefore have been incomplete. The
predictive accuracy of the CPR is could be improved by planned linkage with
primary care as well as provide information of GP prescribed drugs, known to
be associated with an increased risk of AKI. Finally, the low level of bundle
compliance could be investigated further for example with ongoing qualitative
work to understand barriers to implementation that cannot be captured in
synthesis of quantitative data.
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4.5.3 Conclusions

In an impact analysis performed on general medical admissions, introduction
of an AKI CPR was associated with a reduction in HA-AKI. In the context of a
multi-faceted intervention, including an electronically generated care bundle
for patients at risk of AKI using a CPR and e-alert for patients with HA-AKI, a
significant reduction in mortality was demonstrated. An e-alert had no affect
on outcomes for patients admitted with established AKI from the community.
Further studies in the field are warranted to confirm or refute these findings
and assess for generalisability to other hospital populations, healthcare
systems, and for sustainability.
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Chapter 5 — Discussion

5.1 Introduction

This concluding chapter will discuss the principal findings of the thesis, with
initial focus on the significance of AKI, issues with recognition and role of
prediction models. This will be followed by an outline of the major findings of
the systematic review of AKI prediction models and external validation of one
such model. The major part of the section will explore the relevance of the
impact analysis study performed, with lessons for future research. Strengths
and limitations of the research and an outline of future directions will conclude

the discussion.

5.1.1 AKl is a global problem and the role of electronically

integrated prediction models

Chapter 1 outlined the gathering knowledge of the significance of AKI.
Consensus definitions now provide clear diagnostic criteria, raise awareness
and form the platform for rapidly increasing research efforts.(3) That there are
few reports of interventions to improve outcomes may be due to a
combination of factors. First, diagnostic criteria - creatinine and urine output -
have limitations and may lag significantly behind insult. Second, AKl is a
syndrome rather than a disease, with diverse underlying aetiologies making
one intervention unlikely to be globally helpful. Third the silent nature of AKI
means evolution may not be promptly identified, unlike, for example, a
myocardial infarction presenting with central crushing chest pain.

Prediction models hold promise to systematically improve prediction to allow
prevention and/or early recognition of AKI. Across medicine the number of
such models has rapidly increased but unfortunately most have shortcomings
in design and reporting and very few have gone through the recommended
rigorous process of validation and impact analysis prior to
implementation.(410) Information technology including CDSS, the role of e-

alerting and integration of prediction modelling could be of significant benefit
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but are not well described, with one recent review reporting only two impact
analysis studies.(500, 501)

5.1.2 Available prediction models — a systematic review
Chapter 2 explored acute hospital AKI prediction models in specialist and
general settings. An incredible 53 models have been published mostly in the
fields of cardiac surgery, CI-AKI and liver transplantation, frequently using
similar predictors, with no impact analysis. General hospital settings account
for the majority of admissions and AKI, but only five models in these areas
have been externally validated, with at best moderate discrimination and often
absent calibration data. As with the specialist models, frequent shortcomings

in design and reporting may improve with recent TRIPOD guidance.

5.1.3 External validation of a prediction model

In only the 5" external validation of a general prediction model, chapter 3
explored performance of the AKI Prediction Score (APS). Using published
guidance the model was tested in medical and surgical cohorts with and
without a baseline creatinine including analysis of calibration through plots. As
is frequently described, external validation found reduced discriminatory
performance. With more outcome events than the derivation studyj, it is likely
that this study revealed overfitting in the original study though calibration was
satisfactory. A deficiency of the validation is the lack of model updating which
could be explored in the future, for example with more comprehensive chronic
co-morbidity using primary care data linkage and acute physiological
changes, incorporating repeated observations. Pragmatically the APS, with
robust predictors of AKI that could be generated electronically was chosen to
further study through an impact analysis following implementation in clinical

practice.

5.1.4 Impact analysis and implementation
The unique impact analysis study provides a proof of concept for future

integration of prediction models and e-alerting into hospital CDSS. This
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complex healthcare intervention included the use of appropriately designed
care bundles incorporated into the electronic healthcare record. To account
for well-known drawbacks of non-randomised studies the study employed
difference-in-differences methodology. Significant findings included a
reduction in incidence of HA-AKI and of great interest a reduction in
associated mortality in those who did develop HA-AKI at the intervention site.
Importantly prospectively planned process measures were investigated and
improvements, for example, in prescribing behaviour provide insight into how,

or why, outcomes improved.

From quantitative data including low compliance of electronic bundle
submission and qualitative work including staff interviews the intervention met
challenges. Firstly, the research took place whilst an increasing number of
alert and tasks were introduced, particularly into the nursing workflow.
Individually these tasks are straightforward, however, in a busy clinical
environment frequent addition of new requirements unsurprisingly led to
resistance. Whilst the intervention met recommendations being part of the
clinical workflow for nurses,(309) this was not the case for doctors who were
expected to fill in the electronic care bundles separate to their paper based
workflow. A fully functional electronic record, may have improved
concordance. The bundle was not interruptive, however, such alerts can
potentially increase frustration and alert fatigue.(505, 506) Furthermore,
multiple alert locations coupled with education and multi-disciplinary team
involvement provided a comprehensive awareness initiative. For example, the
critical care outreach team performed distant monitoring and bedside
education that supplemented the ward based clinical team. Information
gathered from interviews suggested that the intervention was recognised and
deemed useful to the multidisciplinary team in their daily practice. However,
shortcomings including lack of education, clarity over roles and responsibilities
and problems with access to the existing technology suggested areas to
improve. Furthermore using evidence from the literature in the field, to
improve future uptake would require a number of changes to current practices

summarised in table 5.1.
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Switch Clinician work from paper to EHR with care bundles in clinical workflow or

Place responsibility for bundle completion on nurses in whose workflow they currently sit

Improve education and provide feedback on performance / compliance as part of a quality
improvement project — limited feedback existed during the study, but progress could be made
relaying benefits of the intervention

Link e-prescribing to the AKI alerts to further highlight risk of nephrotoxic medications

Future linkage to primary care to enhance co-morbidity status to improve accuracy

Table 5.1 Potential improvements to the intervention. EHR — electronic health record.

5.2 Strengths and weaknesses of this study

5.2.1 Strengths

This thesis adds new scientific knowledge to the field. The systematic review
is the first of its kind in general populations, where the majority of hospital AKI
occurs and the external validation study is one of few performed. The impact
study, to the author’s knowledge the first in the field, provides a template for
future studies looking at electronic integration of a CPR with an alert. Its
findings of outcome benefit are significant and demand replication. The study
addressed a relevant research question in the acute hospital setting, with
population, interventions, and outcome measures explicitly described and
relevant to the UK and other advanced healthcare systems. The large sample
size in a general medical cohort commonly encountered outside teaching
hospitals is a significant strength, whilst acknowledging that results require
replication and should not be applied to specialist patient groups. The acute
medical environment is a challenging area to target and measure
improvements in care with research in this field relatively sparse,(510)
perhaps owing to the heterogeneity of the patients, lack of a coherent
research structure and the acuity of the patients for example making

recruitment and consent challenging.

Despite widespread costly implementation of electronic alerting, robust
research demonstrating clear outcome benefit is lacking(442) and this study
provides important, somewhat conflicting insights. This study is the first to
date to describe the effects of the nationally recommended AKI alert
compared to a contemporaneous control site without an alert, for patients at

171



admission with established CA-AKI. This demonstrated no change in
outcomes for the alerted group both compared to before implementation and
with the control site. A combination of factors probably exist for this finding,
summarised in table 5.2, including a proportion with established injury, poor
compliance with the intervention, patients having limitations of care in place
and insufficient power to detect significant changes when including a
heterogenous group. One conclusion would be that expecting an alert to
improve outcomes for patients who have already fulfilled AKI criteria, with
diverse underlying aetiologies may be impossible, further emphasising the
need to improve earlier recognition of those at risk.

Injury established by admission and not affected by an alert at this point

Poor compliance with the intervention

Compared to HA-AKI, larger proportion of patients with ‘AKI' represented dehydration with
little room to improve outcomes thus diluting any treatment effect

Patients having limitations of care in place

Insufficient power to detect significant changes in sample size

Table 5.2 Factors that could account for lack of effect of an AKI alert for patients with
community-acquired AKI. HA-AKI — hospital-acquired AKI.

In contrast, combining a CPR for those at risk, with an AKI alert for new HA-
AKI, suggested outcome benefits in the combined group who met HA-AKI
criteria within a week of admission. Clinically this makes sense that both
patients at risk (who may be sustaining renal injury prior to an elevation in the
SCr) and at a clear early stage of AKI produces benefit when compared to the
community cohort, a proportion of whom may have sustained the renal injury
days prior to admission. A final strength of the study was that the intervention
was more comprehensive (education, outreach nursing including electronic
monitoring of patients, multidisciplinary input and electronic care bundles)
than the only RCT in the field of AKI alerting, where only a link to KDIGO

guidance was delivered.

5.5.2 Weaknesses
The study took place in a single hospital Trust, though the two separate
hospitals have little interaction at ward level and ‘contamination’ of staffing
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personnel. There are many examples in the literature where positive findings
at a single-centre are then not replicated in larger multi-centre RCTs.(101,
511-513) An RCT was not possible within the constraints of the healthcare
setting and thus concerns remain over biases associated with interventions
lacking full randomisation. However, the difference-in-differences
methodology has been applied in a number of similar healthcare wide
initiatives and overcomes a number of the shortcomings of a non-randomised
study. A time series design with cross-over could in the future assess whether
results of the impact study are generalisable. Furthermore, alert fatigue is a
well-known phenomenon and sustainability of the intervention should be
addressed. A number of the outcomes lacked power to detect a difference in
the analysis such as number of cases of HA-AKI patients progressing to AKI
Stage 3 or requiring escalation to the ICU. Due to resource constraints, follow-
up was limited to the index hospital admission.

Both the process measure results including bundle compliance and qualitative
interviews suggested acceptance of the intervention was inconsistent. Though
visibility and knowledge of the alerts and care bundles was high, submission
of electronic bundles was low, though similar to previous studies in the field.
The interviewees also highlighted the need for more comprehensive ongoing
education, clarity of roles and rapid access to the IT hardware in the busy
clinical environment. Though care bundles were designed to be usable, future
directions could include better hardware linkage such as mobile Apps and
alerts to minimise the time the clinical team have to spend away from direct

care.

Not all causes of AKI have meaningful preventive interventions and grouping
all patients together could dilute effects of truly useful timely intervention in
subgroups. For example, a general medical cohort on the South coast of
England has a large number of nursing home residents who are subsequently
palliated. Reversibility of AKI in such patients may be limited and a future
study, for example, could aim to recruit cohorts where reversible pathology
may be expected. The study was limited to using SCr to diagnose AKI as
urine output was not electronically recorded. Longer outcome data, for
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example, at 90 days and a year would significantly add to the data — was the
outcome benefit sustained in such a high-risk group? Finally in a time of
relative resource scarcity, a health economics analysis would provide
important insights. Use of technology is potentially expensive and should be
rigorously analysed as with other healthcare interventions such as

pharmaceutical agents or device.

This complex healthcare intervention involved technology (AKI alerting,
prediction model and care bundles) used by a multidisciplinary frontline
clinical team. However, consideration should also be made of the study in
context and relation to other ongoing strategies at the time to guide future
work. The presence of a control site and methodology including difference-in-
differences, process measure review and qualitative work, allows some
mitigation of external drivers. However, as described in Chapter 1 national
and international guidelines and NHS strategies (such as CQUIN incentives)
have led to a focus on AKI that was previously lacking. The NHS has
encouraged clinical leaders such as nurse specialists and there are multiple
online resources (such as think kidneys.nhs.uk awareness campaign) and the
UK Renal Registry that have helped to raise the profile of AKI. It is clear from
both the limitations of the prediction model, lack of effect of an alert on AKI at
hospital admission and limited compliance with the care bundles, that
improvement requires ongoing multi-faceted strategies. At the core of this
needs to be education of a multidisciplinary team, with appropriate available
timely technology to enable best supportive management to be delivered to
the wide variety of patients with or at risk of AKI.

5.6 Future research directions

5.6.1 Primary care linkage

Linkage of data between primary and secondary care electronic systems
holds great promise for example to allow comprehensive inclusion of co-
morbidity, previous blood results and socio-demographics. For example in

Denmark all residents have a unique civil registration number, used for all
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health-care contacts permitting unambiguous linkage with their national
patient registry.(514, 515) This has provided studies with rich data sources for
example prospective registration of bacteraemias.(516) In the UK such
linkage is rare, though for example in the Hampshire region this has been
used to explore community AKI alerting.(93) Such data linkage could improve
establishment of baseline renal function, timing of injury and subsequent
follow-up of patients. Furthermore a prediction model could then conceivably
be used in both settings, for example to allow for earlier alerting of patients

who have deteriorated in the community prior to admission.

5.6.2 Big data for external validation of models

One reason for the shortage of external validation studies is a lack of suitable
data available. However, increasingly researchers have access to big data, for
instance through meta-analyses using individual participant data (IPD),(394,
517) or by analyses of databases containing electronic health records for
potentially millions of patients.(518) For example, QRISK2 was developed and
validated on databases with over 3 million patient episodes.(519, 520) From
the systematic review presented no general HA-AKI models to date have
utilised such large datasets which could aid development of robust general
models whilst also allowing more personalised risk stratification in clinically
relevant subgroups, for example age groups. Beyond big data exploration, it is
imperative that research then goes on to assess impact on outcomes, for
example in multi-centre cluster RCTs or using a natural experiment as
presented in this thesis, to assess the utility of employing prediction models

into electronic systems.

5.6.3 Increased complexity - lessons from other scientific

fields and the learning health system

Today weather predictions solve a system of nonlinear differential equations
at half a billion points per time step, up to weeks ahead, accounting for
dynamic, thermodynamic, radiative and chemical processes.(182) This
complexity serves as a high bar in human prediction, that healthcare should
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strive to emulate. Meteorological predictions enable quantitative assessment
of the degree of confidence in a particular forecast and have been shown to
produce substantial benefits that outweigh investment costs in research,
computing and observational programmes.(521) With the complexity of large
multivariate datasets, clear visualisation is important to interpret and
communicate the data. NASA Viewpoints is an example of a tool for exploring
such multidimensional data, enabling rapid interactive analysis. Originally
created for space missions, it has been used in areas ranging from

aeronautical engineering to virology and finance.(521)

Employing such complex methodology into healthcare systems would require
clinicians and IT expertise to bring together comprehensive healthcare
records and dynamic data on physiological and blood parameters in the acute
setting. This could enable the electronic record to display risk stratification at
multiple time points from primary care to hospital admission with subsequent
updating during an in-patient stay. Trends could provide powerful data
overcoming limitations of the vast majority of current prediction models
derived at a single time point. The learning health system was described a
number of years ago as a collaboration between research, information
technology and clinical practice with each influencing the other in continuous
cycles (summarised figure 5.1).(522) The concept of a continuously learning
system was articulated by the Institute of Medicine in the US as a way of
showing how evidence informs practice and vice versa in an iterative process
of innovation.(523, 524) This concept could hold promise in the field of
prediction research where such collaboration is fundamental to successful

implementation and subsequent improvements.
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Figure 5.1 — the learning health system — AKI as a case study. Al — artificial intelligence.

The CPRs described in the systematic review all have modest predictive
performance and one further avenue of future research would be to use such
a prediction model to select a cohort for a further test such as a biomarker to
either rule in or rule out the likelihood of a disorder evolving, or predict
disease severity. For example, a number of renal biomarkers have been
investigated, most commonly in intensive care populations, with few studies in
general hospital populations. A CPR with few associated costs, at a sensitive
cut-off, which would rule-out most cases, could then identify a group for a
biomarker to provide a high positive predictive value.

Finally the impact study provides a template for future studies of electronic
integration of alerting and CPRs in other fields such as sepsis. Here early
diagnosis and management is also thought to improve outcomes and
measures to improve care for such patients has been called for by the
WHO.(525) However, this is challenging and identifying high risk groups for
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example to perform extra diagnostic testing, such as a polymerase chain
reaction (PCR) panel to identify an organism, or early intensive monitoring, is
of great interest worldwide. An accurate prediction model alongside electronic

integration is one way of investigating this conundrum.

5.7 Final summary

AKl is a significant global healthcare problem and prediction modelling may
help recognise patients at risk, enable prompt interventions and subsequently
improve outcomes. This thesis critiqued a large number of derived AKI
prediction models, usually lacking external validation, with the majority in
specialised populations. An external validation of one model in general
medical and surgical populations was followed by an impact analysis study.
This innovative, unique study utilised healthcare technology to integrate both
a prediction model and an AKI alert in an acute hospital setting. The major
findings were an associated reduction in de novo hospital-acquired AKI and
reduced mortality in those who developed AKI. Future research should
investigate whether the results of this study are generalisable and
sustainable.
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Appendices

Appendix 1 Introduction

A1.1 - Organ-cross-talk in AKI

A1.2 - Examples of interactions between predictors

A1.3 TRIPOD recommended bootstrap validation method.

A1.4 — Model updating methods.

A1.5 - The Ottawa Acceptability of Decision Rules Instrument.

Statistics in-depth: variable selection, model selection, sample size, internal validation
techniques, Discrimination — AUROC limitations; statistics beyond the AUROC - illustrated by
the addition of Biomarkers to a model; interactions between predictors

Organ cross-talk

Organ

Effects

Lung

increased vascular permeability, dysregulation of salt and water channels and
cytokine induction.(53, 526)

Heart

Increasingly recognised, poorly understood.(527)

Cardiac decompensation may affect the kidney via hemodynamic, humoral
and immune-mediated pathways, including elevated TNF-a, IL-1, neutrophil
trafficking & apoptosis, with reduced fractional shortening.

AKIl in turn may induce salt and water retention to increases preload whilst it is
also speculated that AKI induces endothelial cell activation and cytokine
secretion resulting in myocardial damage via neutrophil infiltration and
myocyte apoptosis.(528)

Though animal models in this field are limited, in one study of wild-type mice,
renal ischaemia increased cytokine expression in the heart, caused apoptosis
of myocytes, and impaired cardiac function.(529)

Liver

Altered intra-hepatic haemodynamics may decrease GFR in an intrinsically
normal kidney.(530)

Limited data on kidney-liver interactions, though similar processes that affect
the heart and lung have been described.(531-533) Inflammation, apoptotic
pathways oxidative stress and decreased antioxidants have all been
implicated in experimental AKI.(532-534)

Brain

Raised KC, G-CSF, GFAP & microglia

Raised vascular permeability

Gl tract

Channel inducing factor

Elevated Potassium excretion

Bone
Marrow

Anaemia, Coagulation disorders, Immune dysfunction

Table — A1.1 Organ-cross-talk in AKI.
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Treatment and severity of disease

Patients with ‘mild’ disease have little scope for benefit.

Age and risk factors

Older subjects are generally less affected by risk factors,
being robust enough to survive with risk factors present.

Age and type of disease

Some diseases are incurable and have the same
prognosis regardless of age. Others are treatable or
have less effect on younger patients.

Measurement and state of subject

during measurement

Cardiac function measured at rest using an
echocardiogram may have less predictive value and thus
a smaller slope vs. outcome than function measured
during stress (eg cardiopulmonary exercise testing).

Calendar time and treatment

Some treatments evolve or their effectiveness improves
with training of staff.

Quality and quantity of a symptom

Appendix Table A1.2 - Examples of interactions between predictors

1. Develop model using full original sample (size n) & determine performance

2. Generate bootstrap sample, by sampling n individuals with replacement from original

sample

3. Develop model using bootstrap sample

a. Determine apparent performance (bootstrap performance)

b. Determine performance of bootstrap model in original sample (test performance)

N

. Calculate optimism as difference between the two

5. Repeat steps 2-4 >100 times

6. Average estimates of optimism in step 5 & subtract the value from the apparent
performance obtained in step 1 to obtain an optimism-corrected estimate of performance.

Appendix Table A1.3 TRIPOD recommended bootstrap validation method.

Number  Updating method

Reason

1 Adjust intercept Different incidence of the outcome

2 Adjust regression coefficients of predictors & Regression coefficients of original model
intercept overfitted
As 2 & extra adjustment regression coefficients for As in method 2, & strength (regression

3 predictors with different strength in validation coefficient) of 21 predictors may be
population different in validation population

4 As 2 & stepwise selection of additional predictors AS n metlhod 2, & 2.1 predlﬂctor.s were not

included in the original derivation
5 Re-estimation of all co-efficients, using data of the Strength of all the predictors may be

validation population

different in the validation population

6 Model 5 & stepwise selection of additional predictors

As in method 5, & 21 predictors were not
included in the original derivation

Table A1.4 — Model updating methods.
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Please indicate your level of No

agreement with each of the Strongly = Moderately  Slightly Slightly Moderately Strongly opinion
following statements about the Disagree Disagree Disagree agree agree agree Don't
rule. know

The rule is easy to use.

The rule is easy to remember.

The rule is useful in my
practice.

The wording of the rule is clear
and unambiguous.

My colleagues support use of
the rule.

Patients benefit from use of the
rule.

Using the rule results in
improved use of resources.

Using the rule would increase
the chance of lawsuits.

The evidence supporting the
rule is flawed.

I’'m already using another rule
or similar strategy.

The rule does not account for
an important clinical cue.

The environment | work in
makes it difficult to use the rule

Table A1.5 - The Ottawa Acceptability of Decision Rules Instrument from Brehaut et al.(314)

Statistics in-depth

Variable selection

False negative findings can result when a study is not designed with the statistical power to
detect a factor truly predictive of differential treatment effect.(236) It has recently been
suggested that meta-analyses based on individual participant data (IPD) from multiple trials
are performed to address this shortcoming.(224) Dichotomisation of continuous factors, whilst
potentially providing clarity for users, reduces power. Instead it is possible to employ
statistical methods such as fractional polynomials to screen continuous factors and identify
potential interactions with treatment.(535) Inappropriate subgroup analysis can give spurious
evidence and because of the analysis of a large number of variables, appropriate correction
for multiple statistical testing is required to reduce the risk of chance findings.(236) Analyses
may be restricted to just individuals testing positive for a factor, however using this approach
means that inferences should be restricted to the selected patients.(224) Lastly evidence of
an interaction between a factor and treatment response should ideally be explained by
plausible biological reasoning.

Model selection

In a full model approach all candidate variables are included and this may avoid overfitting
and selection bias and provide correct standard errors and P values.(240) However, it is often
impractical to include all candidates and the full model is not always easy to define. Stepwise
selection methods are widely applied to identify a limited number of variables for inclusion.
Backward elimination starts with all candidate variables with a nominal significance level,
often 5%, chosen in advance. A 1% level usually results in a model with fewer variables whilst
significance levels of 10% can result in inclusion of some unimportant variables, as can the
full model approach. A sequence of tests is applied to determine removal of a given variable.
Backward is preferred to forward selection, which involves building the model from the best
candidate predictor, because all correlations between predictors are considered.(238)
Stepwise selection methods have been criticised in the literature.(243) Firstly, selected
variables may change when a relatively small number of patients is added or removed.
Simulations have demonstrated stepwise methods have limited power to select important
variables if the data set is small.(194) Conversely, there is a risk that one or more (almost)
random covariable(s) are selected, because multiple comparisons are made.(260) Variance
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of the coefficients is usually calculated as if the selection was predetermined but ignoring
model uncertainty causes an underestimation of the variability of the estimated coefficients in
the model.(536) Stepwise selection causes selection bias in the estimated regression
coefficients.(194)

Overfitting refers to the phenomenon in which the coefficients of selected variables are biased
to more extreme values. The selection bias that occurs means that a regression coefficient is
overestimated, because the corresponding predictor is more likely to be significant if its
estimated effect is larger rather than smaller.(240) Overfitting leads to worse prediction in
independent data and is more likely to occur in small data sets or with weakly predictive
variables. In contrast underfitting refers to the average underestimation when all estimated
regression coefficients are considered.(537) Careful fitting is essential so that interactions, if
present, represent biologic phenomena rather than general lack of model fit.(243) It is usual to
include a few strong predictors and several weaker ones.(238) Choice of statistical model is
sometimes based on previous distributional examinations, but it is frequently based on
maximising how available information is used. Binary and ordinal logistic models are
frequently used for discrete completely assessed outcomes(538), and the Cox proportional
hazards(539) and parametric survival models are frequently used for censored time-to-event
data.(243)

Sample size

Screening based on statistical significance and stepwise variable selection involve multiple
comparisons leading to unreliable models.(260) To reduce the number of candidate predictors
data reduction techniques such as variable clustering and factor analysis can be used until
the number of variables to use as candidates in the regression analysis follows the rule of
thumb.(243)

Internal validation techniques

With split-half cross-validation, the model is developed on one randomly drawn half and
tested on the other and vice versa. The average is taken as an estimate of performance; the
procedure is repeated 10 times, with all subjects having served to test the model. To improve
stability of the cross-validation, the whole procedure can be repeated several times, taking
new random sub-samples.(250)

The most efficient validation has been claimed to be achieved by computer-intensive re-
sampling techniques such as the bootstrap.(540) Bootstrapping replicates the process of
sample generation from an underlying population by drawing samples with replacement from
the original data set, of the same size as the original data set. Models may be developed in
bootstrap samples and tested in the original sample, or in those subjects not included in the
bootstrap sample.(262) Steps in performing bootstrapping suggested by TRIPOD are
summarised in table A1.3.

Discrimination — AUROC limitations

In clinical practice the AUROC can be well below the theoretical maximum of 1 even with
perfect calibration.(263) For example in simulation studies Gail and colleagues suggested
with the assumption of uniform distribution of risk, the maximum AUROC is 0.83.(282) In a
perfectly calibrated model in a population with an average 10-year risk of 10% with relatively
little spread, risk is centred around 10%, and the maximum AUROC is 0.63.(263)

Though it is commonly believed that sensitivity and specificity are properties of a test and are
not subject to alteration by disease prevalence, as are the positive and negative predicted
values, this has been shown to be false.(541, 542) The AUROC is not the probability that
individuals are classified correctly or that a person with a high test score will become a case;
it describes how well models rank order cases and non-cases, An example would be if a
model assigning all cases a value of 0.53 and all non-cases a value of 0.52 would have
perfect discrimination (1.0), although the probabilities assigned may be unhelpful. The actual
predicted probabilities do matter, however, in prediction models to be used in clinical practice.
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Discrimination is of most interest when classification into groups with or without prevalent
disease is the goal, such as in diagnostic testing when comparing two imaging modalities eg
in the diagnosis of pulmonary embolism. In prognostic modeling when predictors are
assessed future disease status remains to be determined by stochastic process, and can only
be estimated as a probability.(398) Measures of discrimination are nonetheless commonly
emphasised, which ignores the random nature of the outcome.

In epidemiological studies common choices of effect measures include the odds ratio (OR) or
hazard ratio. However, using these measures relating a predictor to an outcome, to have an
impact on the curve for an individual measure or score needs to be sizeable, such as 16 per 2
standard deviation units.(543) This size effect is possible with a risk score, but is unlikely to
be achievable for most individual measures. For example, individual components of the
Framingham score, such as blood pressure and smoking, all have far smaller hazard ratios. It
has been argued that for risk prediction, actual or absolute predicted risk, not captured by the
AUROOC, is of primary clinical interest. As one would expect, the AUROC curve is also
insensitive to the impact of adding new predictors to a score or predictive model.(263, 269)
For example the impact of a new predictor is lower when other strong predictors are in the
model, even when it is uncorrelated with the other predictors. To illustrate this Wang et al,
examined a risk score based on multiple plasma biomarkers, with estimates of mortality in the
high risk (top 20%) and low risk (bottom 40% of risk scores) groups were 20% and 3%,
respectively, indicating important differences in predicted risk. However, incorporation of
these biomarkers (multivariate hazard ratio of 4) into a risk function led to little improvement in
the c-statistic.(544) In a cohort generally considered low-risk, there may be a small proportion
of high-risk individuals. Rank-based measures such as the AUROC do not take such a
distribution into account. Differences between two individuals at low risk (e.g. 1.0% vs. 1.1%)
have the same impact on the AUROC as two individuals at moderate vs high risk (e.g. 5% vs.
20%) if their differences in rank are the same. Yet clinically it may only be important to
separate the latter two cases. Being based on ranks, makes the AUROC less sensitive than
measures based on the likelihood or other global measures of model fit, potentially making it
a poor choice for the selection of variables to be used in a predictive model.(240)

Statistics beyond the AUROC - illustrated by the addition of Biomarkers to a model
Despite the limitations of using the AUROC in prognostic prediction models, this continues to
dominate the discourse when assessing how ‘good’ a model is. However, a number of other
measures have been proposed that could provide clinicians with additional information when
assessing potential clinical utility. Studies may be prompted by declining performance of an
existing model over time, for example as diagnosis or treatments change, or when a new
biomarker is discovered. Rather than developing new models from scratch, it is
recommended to consider whether existing models could be improved by recalibration or
incorporating a biomarker.(293) The growing interest in biomarkers has stimulated a move to
provide standards and guidance in the field. For example in cardiovascular medicine, the
American Heart Association(545) emphasises that biomarkers should not be evaluated in
isolation for their predictive abilities but rather on their added predictive contribution beyond
existing or established predictors requiring a multivariable approach in design, conduct,
analyses and reporting.(431) This is particularly important in the ‘omics’ setting where large
numbers of markers are studied, often with each marker tested separately for its association
with the outcome. Such analysis runs the danger of false positive findings and does not
guarantee a true predictive role of the biomarker beyond established predictors (546).
Rigorous testing of benefit is important, for example, to justify cost or when the new test may
be invasive and thus potentially associated with harm.

The AUROC can be insensitive to detecting improvements in model performance when a new
marker is added to a model that already includes important predictors.(243, 263, 269, 547)
Partly as a response, techniques to estimate the added value of predictors have been
described. Clinical risk reclassification classifies predicted risk estimates into clinically
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relevant categories and cross-classifies these categories.(263) The per cent reclassified can
be used as an indication of the clinical impact of a new marker, and will likely vary according
to the original risk category. It is obviously important to verify that these individuals are being
reclassified correctly, by comparing predicted risks from the models to the crude proportion
developing events within each cell, or the observed risk. Pencina et al described the Net
reclassification improvement (NRI) as a measure of change in categories.(402) Separate
reclassification tables for cases and controls are formed, then the proportions moving up or
down categories among cases and controls are examined. The NRI is the difference in
proportions moving up and down among cases vs controls.(402) NRI is usually used to
quantify if adding a new biomarker to an existing model is beneficial, but can also be used for
comparing two models.(402) The Integrated discrimination improvement (IDI) is the estimated
improvement in average sensitivity of a model with addition of the new predictor minus the
estimated decrease in mean specificity, summarised over all possible risk thresholds.(402). It
estimates the magnitude of the probability improvements or worsening between two models
over probability thresholds.(237) In contrast to the NRI the IDI does not require subjectively,
predefined risk thresholds.

Traditional use of the AUROC or sensitivity/specificity to judge additional value of a biomarker
may have limited clinical relevance. For example, how high should the AUROC be to justify
clinical use? Or if a new test increased specificity by 10% but decreased sensitivity by 5%
compared to a standard test which should be used? Vickers proposed decision curve analysis
as a way to inform on clinical consequences, by determining the relationship between a
chosen predicted probability threshold and the relative value of a false-positive and a false-
negative result to obtain a value of net benefit of using the model at that particular
threshold.(268) By explicitly considering clinical consequences of decisions and providing
data about the value of a model, decision curves can be used to determine whether or not the
model should be employed in practice. For example, if a patient would opt for biopsy if told
that a risk of prostate cancer was 220%, but not if the risk was <20%, it can be shown that the
patient considers harms associated with a missed cancer to be four times greater than the
harms associated with an unnecessary biopsy. The ratio of harms is the odds at the
probability threshold. This threshold probability can be used to determine both whether a
patient is defined as test-positive or negative and to model the clinical consequences of true
and false positives using a clinical net benefit function.(268) Vickers et al went on to describe
how to use decision curves to correct for overfitting using 10-fold cross-validation, calculate
confidence intervals, application to censored data including competing risk and calculation
directly from predicted probabilities.

A similar technique to decision curves is the weighted accuracy metric that also uses
threshold probability from a model to classify patients as positive or negative and assign a
relative weight to the cost of false negatives vs false positives.(548) Pepe and colleagues
described the predictiveness curve, to complement risk modeling by assessing the usefulness
of a model when applied to the population, displaying essential information about risk not
conveyed by the AUROC.(547) The authors proposed that the predictiveness and
classification performance of a marker, displayed together in an integrated plot, provide a
comprehensive, cohesive assessment of a risk marker or model.

A number of other performance measures may be reported in prediction model studies. For
example, the Brier score which is the mean squared error between outcome and prediction
originated from the weather forecasting literature,(549) Explained variation (Shapiro’s RZ) is
the geometric mean of the probability assigned to the event that occurred.(550-552) The
associated approximate R statistics (termed the ‘sum-of-squares’ R? and the ‘entropy-based’
R?, respectively) are obtained by scaling each measure relative to the value achieved from a
null model.(551) Model fit may be assessed by the Akaike Information Criterion (AIC), which
penalises the log-likelihood of the model for the number of parameters included.(553)
Likelihood-based measures, such as Bayes information criterion, by adjusting for the number
of variables in the model, are more sensitive, global measures of model fit than the
AUROC.(240) Lower values indicate better fit and a penalty is paid if the number of variables
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is increased. If global fit is better for one model but general calibration and discrimination are
similar, fit may be better among some individuals, for instance, those at higher risk.

To conclude, arguably of utmost importance for risk prediction is whether a model can
accurately stratify individuals into clinically relevant higher or lower risk categories. For clinical
use of a new model or expensive biomarker, it is important to know if a higher or lower
estimated risk would change treatment decisions for the individual patient, compared to an
existing model (or current practice). To assess potential for reclassification, risk can be
estimated over a range of values of a biomarker to determine whether it may be important to
measure in an individual. For those at low risk, additional information may be minimal,
whereas for those at higher risk the impact on risk of disease may be substantial. The
estimated risk or predicted values, and how well these predict actual risk, may therefore be a
more important aspect of a prognostic model than sensitivity and specificity, on which the
AUROC curve is based.

Interactions between predictors

Maximum information should be extracted from predictors and response; thus when there is a
choice of a categorical or a continuous variable, the latter is preferred.(243) Expert opinion
suggests to avoid turning continuous predictors into dichotomies, as more predictive
information is retained.(259) For ordered categorical variables, such as stage of CKD,
collapsing of categories may be required. Harrell et al, suggested types of interactions that
have frequently been found to be important in predicting outcomes and can be pre-specified
(table A1.4 Careful fitting of a model is essential so that interactions, if present, represent
biological phenomena rather than general lack of model fit.
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Appendix 2 Systematic review

A2.1 Inclusion criteria

A2.2 Embase Search

A2.3 Ovid MEDLINE® search

A2.4 - Web of Science search

A2.5 - CHARMS checklist and data extracted for systematic review
A2.6(i-iv) — Full details of general models reviewed

A2.7 — Abbreviations used

A2.8 - TRIPOD items reported in the 11 studies

A2.9 — Most common predictors used in the 11 models

A2.10 — All predictors included in the 11 models

A2.11 — Handling of serum creatinine and chronic kidney disease in the general models
A2.12 (i-iii) - Full details of specialist models reviewed

A2.13 - Predictors included in the specialist models
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A2.1 - Study inclusion criteria.

Inclusion Criteria

* Atrticles in peer-reviewed journals reporting a prognostic multivariable prediction
model (scoring system or algorithm) identifying patients who developed HA-AKI (or
other measures of renal dysfunction in older studies)

* Validation studies (and updating) of an existing model

* Retrospective, prospective and case-control designs

* Adults (=18 years) in general hospital settings

* Statistical measures of discrimination (AUROC or c-statistic)

Exclusion Criteria
* Patients <18 years old
* Cardiac surgery, other specialised surgery (e.g. transplantation), CI-AKI
¢ Non-human studies
* Case reports or conference abstracts
* Only logistic regression without a prediction model
* Lack of discrimination statistics (unless model validated elsewhere)
* Studies that investigated a single predictor, test, or marker
* Studies that investigated only causality between one or more predictors & an
outcome
* Use of patients already with the outcome (e.g. AKI present at hospital admission)
* Patients in primary care
* Novel, not widely available tests, such as biomarkers

AUROC - area under the receiver-operating characteristic curve, CI-AKI — Contrast-Induced
AKI, HA-AKI - hospital-acquired-AKI.
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A2.2 - Embase Search

LINE SEARCH TERM

1 (acute AND kidney AND injury).ti,ab

2 AKl ti,ab

3 (acute AND renal AND failure).ti,ab

4 ARF .ti,ab

5 (contrast AND .induced AND
nephropathy).ti,ab

6 ACUTE KIDNEY INJURY/

7 OR/1-6

8 predict*.ti,ab

9 PREDICTIVE VALUE OF TESTS/

10 scor*.ti,ab

11 observ*.ti,ab

12 OBSERVER VARIATION/

13 8 OR90OR100R 11 OR 12

14 7 AND 13

15 (acute AND kidney AND injury).ti,ab

16 AKl.ti,ab

17 (acute AND renal AND failure).ti,ab

18 AREF .ti,ab

19 (contrast AND .induced AND
nephropathy).ti,ab

20 ACUTE KIDNEY FAILURE/

21 OR/15-20

22 predict*.ti,ab

23 exp METHODOLOGY/

24 validat™.ti,ab

25 