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“d ACUTE KIDNEY INJURY IN 2019

YEAR IN REVIEW

Exciting developments in the
field of acute kidney injury

Chun-Te Huang® and Kathleen D. Liu

Acute kidney injury (AKI) is an important clinical problem that is associated
with adverse short- and long-term outcomes. Studies published in 2019
provide new insights into the staging, risk stratification and subphenotyping
of AKl as well as the adverse effects of AKI on the heart.

Over the past 10 years, the pace of acute kid-
ney injury (AKI) research has accelerated
— perhaps in part owing to the recognition
of AKI as a disease with long-term sequelae,
including an increased risk of chronic kidney
disease (CKD) and death. Here, we highlight
some of the key developments in the past year.
The development of consensus definitions
of AKI, which enable more uniform analyses
and a more standardized approach in clinical
practice, has led to substantial progress in the
field. At present, the Kidney Disease: Improving
Global Outcomes (KDIGO) classification sys-
tem defines stage 1 AKI as an increase in serum
creatinine (SCr) levels of either 0.3 mg/dl
(26.5 umol/1) within 48h or >50% from base-
line within 7 days (FIG. 1). However, these two
definitions are probably not equivalent. In 2019,
this issue was highlighted by the findings of an
analysis by Sparrow et al.’, which included data
from a cohort of 81,651 hospitalized patients.
They demonstrated that among patients with
baseline SCr 0.7 mg/dl (61.9 umol/l) those
who experienced a 0.3 mg/dl increase in SCr
within 48 h had clinically meaningful dif-
ferences in outcomes, including length of
hospital stay and mortality, compared with
those who experienced a 50% increase in SCr
from baseline within 7 days. By contrast, they
did not find differences in clinical outcomes
between patients with KDIGO stage 3 AKI
defined according to absolute versus relative
increases in SCr. These findings suggest that
the KDIGO AKI definition should be revised
because the staging may equate states that are
not the same. In addition, the AKI definition
should also potentially incorporate aetiology,
pathophysiology and novel biomarkers.
Although SCr remains the most widely
used biomarker to evaluate renal function, it is

known to be a delayed functional marker
with important limitations, including its
close relationship with muscle mass and
decreased production during acute illnesses
including sepsis. Kidney damage biomark-
ers, such as neutrophil gelatinase-associated
lipocalin and kidney injury molecule 1, may
help to identify subclinical AKI when the
SCr is unchanged despite tubular injury.
However, the sampling time frame is crucial
for these biomarkers, and their levels rise
only when AKI has already occurred. The
best approach to the management of AKI is
prevention. Can we use a biomarker to pre-
dict whether or not AKI will occur and its
outcome? Schunk et al.” examined the clini-
cal utility of urinary Dickkopf-related protein
3 (DKK3) as a predictive biomarker for AKI
following elective cardiac surgery. Urinary
DKXK3 is a stress-induced glycoprotein that is
secreted by renal tubular epithelial cells and
modulates Wnt-[-catenin signalling, which
is thought to trigger tubulointerstitial fibro-
sis. The researchers hypothesized that higher
preoperative levels of urinary DKK3 would be

Key advances

“ The best approach to
the management of AKl is

prevention ’,

associated with greater rates of postoperative
AKI and CKD. They initially tested the pre-
dictive value of urinary DKK3 in a cohort
of 733 patients and identified a cut point
for clinical decision-making. In this deriva-
tion cohort, urinary DKK3 levels had ade-
quate discrimination (area under the curve
0.783) and good calibration for prediction of
post-operative AKI. In a validation cohort
of patients from the RenalRIP randomized
clinical trial of remote ischaemic precon-
ditioning (RIPC) for prevention of AKI in
the setting of cardiac surgery’, Schunk et al.
found that higher urinary DKK3 levels
were associated with a higher risk of AKI in
patients who received the sham procedure
but not in those who received RIPC. As the
RenalRIP trial reported a significant reduc-
tion in the risk of AKI in patients who received
RIPC compared with those who underwent
the sham procedure (other studies of RIPC
have reported negative findings), Schunk et al.
suggest that DKK3 may enable the identi-
fication of high-risk patients who are likely
to benefit from preventive interventions.
Notably, albuminuria and proteinuria were
not included in this analysis; therefore,
the utility of DKK3 above and beyond these
biomarkers is unknown. This point is impor-
tant because albuminuria and protein-
uria are important risk factors for AKI and
CKD progression, and their measurement
is widely available and fairly inexpensive.
Nonetheless, this paper highlights a novel use

¢ The Kidney Disease: Improving Global Outcomes (KDIGO) definitions of stage 1 acute kidney
injury (AKI) based on absolute versus relative changes in serum creatinine levels were associated
with different outcomes in a retrospective cohort study’, highlighting the potential need for

revisions to current AKI definitions.

e Urinary Dickkopf-related protein 3 is a potential pre-operative biomarker for risk of AKl following

elective cardiac surgery’.

* An unbiased discovery method can identify distinct pathophysiological subphenotypes of septic
AKI; these subphenotypes had differential treatment responses in a post hoc analysis of clinical

trial data’.

* A deep learning approach using electronic health record data can identify patients at high risk

of AKI®.

* In a mouse model, AKl results in direct cardiac injury and dysfunction’.
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of biomarkers to risk-stratify patients in the
pre-operative setting.

One of the major challenges in AKI clin-
ical trials is the heterogeneous nature of the
disease. Traditionally, AKI is subdivided into
prerenal, intrinsic and postrenal aetiologies,
although the term ‘prerenal’ has been criti-
cized because it refers to numerous conditions
with varying pathophysiologies and treat-
ments. Moreover, even with chart review by
expert nephrologists, the distinction between
disease states such as prerenal AKI and acute
tubular necrosis can be challenging®. Could
unbiased methods better identify subpheno-
types of disease? Latent class analysis is an
unbiased technique that has been used suc-
cessfully to identify subphenotypes in other
diseases including asthma and the acute res-
piratory distress syndrome’. In a recent study,
Bhatraju et al.® applied latent class analysis to
identify two subphenotypes of AKI and val-
idated these subphenotypes in independent
cohorts. Perhaps most intriguingly, in a cohort
of patients with septic shock from the VASST
trial’, clinical outcomes and vasopressin
response differed between the two subpheno-
types. This study demonstrates that latent
class analysis is a novel method to identify
distinct pathophysiological subphenotypes
of AKI, which may facilitate improvements in
the identification of patients for enrolment
in clinical trials.

Identification of at-risk patients

e Use of electronic health records
and artificial intelligence

e Risk stratification using DKK3

Classification of AKI
* Existing KDIGO definitions
of stage 1 AKl are not equivalent
e |dentification of subphenotypes
using latent class analysis

“ One of the major challenges
in AKI clinical trials is the
heterogeneous nature of

the disease ,,

Electronic health records present an oppor-
tunity to apply artificial intelligence to solve
a number of clinical problems. Deep learn-
ing uses recurrent neural networks akin to
the human brain to process data and build an
internal memory that tracks relevant informa-
tion. In 2019, Tomasev et al.* developed a deep
learning approach to predict AKI (with a lead
time of 48 h) using data from the United States
Department of Veterans Affairs. Their final
model predicted 55.8% of all inpatient epi-
sodes of AKI and 90.2% of dialysis-requiring
AKT, with a ratio of two false alerts for every
true alert in the test subgroup. This collabora-
tion between computer science and medicine
demonstrates the immense possibilities for
risk prediction using comprehensive elec-
tronic health record data. That said, more
studies are needed to demonstrate how deep
learning and other artificial intelligence tech-
niques can be best applied and fine-tuned for
maximal clinical impact. In particular, recent
pragmatic trials of AKI interventions have sug-
gested that increased awareness of AKI may
lead to increased diagnosis; whether increased

Opportunities for
——> early intervention
and prevention

* Potential revision of
staging criteria

¢ Improved identification
of patients for
enrolment in clinical trials

Impact of AKI on the heart
Evidence of diastolic
dysfunction, energy depletion
and oxidative stress

Important avenue
for future research

Fig. 1| Advances in acute kidney injury in 2019. Key studies published in 2019 reported novel
approaches to the identification of at-risk patients, provided new insights into patient classification
and highlighted the impact of acute kidney injury (AKI) on the heart. These advances could poten-
tially lead to opportunities for early intervention and prevention, improvements in patient classifica-
tion that could facilitate patient identification for clinical trials and new avenues for future research
into the effects of AKl on remote organs. DKK3, Dickkopf-related protein 3; KDIGO, Kidney Disease:

Improving Global Outcomes.

diagnosis will lead to better treatment or to
unnecessary therapies is unknown’. To move
forwards, a deeper understanding is needed of
how pragmatic AKI interventions such as rou-
tine identification of at-risk patients or patients
with early AKI impact processes of care and
therefore may impact clinical outcomes such
as length of hospital stay and mortality.

Finally, an experimental study by Fox et al."’
highlighted the impact of AKI on the func-
tions of distant organs, including the heart.
In mice following ischaemic AKI, analysis of
the cardiac metabolomics profile revealed evi-
dence of energy depletion and oxidative stress,
whereas echocardiographic findings provided
evidence of diastolic dysfunction. In humans,
little is known about the impact of AKI on dis-
tant organ function, and this area is likely an
important avenue for future research.

In sum, the past year has seen a number
of exciting developments in the field of AKI.
We anticipate and look forward to further
developments in the next year and indeed the
next decade.
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