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Learning Objectives

Apply the principles of target trial emulation to 

observational studies

Identify and appraise the data supporting:

▪ Glucarpidase for HDMTX-AKI

▪ Rasburicase for TLS

▪ IV magnesium for cisplatin-AKI



The Two Flavors of Clinical Research

Observational StudiesRCTs

Gold standard for establishing 

efficacy BUT:

▪ Expensive

▪ Slow

▪ Often underpowered

▪ Often have limited generalizability

Subject to residual confounding 

(correlation ≠ causation) BUT:

Can inform clinical decision making 

when data from RCTs are unavailable



How do we make 
the most out of 
observational 

studies?



Target Trial Emulation (TTE)

TTE is a causal inference methodology 

that incorporates features of RCT 

design to minimize bias in the analysis 

of observational data

Step 1:

Imagine what your 

ideal RCT would 

look like

Step 2:

Collect and analyze your observational 

data in a way that emulates the target 

trial as closely as possible
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“Causal inference involves specifying a 

causal question and answering it. The 

question is articulated in the form of the 

target-trial protocol, which incorporates:

▪ Eligibility criteria

▪ Treatment assignment

▪ Start and end of follow-up

▪ Outcomes

▪ Data-analysis plan.”

-Miguel Hernán

“Emulating randomization generally requires data on 

prognostic factors that are associated with treatment 

decisions. If all such confounders were correctly 

measured and adjusted for, there would be no 

difference between a randomized trial and an 

observational analysis emulating it.”

-Miguel Hernán



Four Key Principles of Target Trial Emulation

1. Use similar eligibility criteria as you would for the corresponding RCT

“A ridiculous example of immortal time bias would be 

if ICU patients were offered tea and crumpets (T&C) 

on ICU day 3. Subsequent analysis would likely find 

that T&C recipients have lower mortality than T&C 

non-recipients.”  –Ho et al., Anaesthesia, 2012

2. Use the same “time zero” for 

both groups to avoid immortal 

time bias

3. Adjust for detailed baseline 

confounders to emulate random 

treatment assignment

4. Analysis by intention-to-treat (compare effect of being assigned to treatment 

“A” vs. “B” at baseline, regardless of potential crossover later on)

Regression Matching IPW





“A recent study has found that 

birthdays are good for your health. 

Researchers found that people with 

more birthdays live longer than 

those who have fewer.”



Four Key Principles of Target Trial Emulation

1. Use similar eligibility criteria as you would for the corresponding RCT

“A ridiculous example of immortal time bias would be 

if ICU patients were offered tea and crumpets (T&C) 

on ICU day 3. Subsequent analysis would likely find 

that T&C recipients have lower mortality than T&C 

non-recipients.”  –Ho et al., Anaesthesia, 2012

2. Use the same “time zero” for 

both groups to avoid immortal 

time bias

3. Adjust for detailed baseline 

confounders to emulate random 

treatment assignment

4. Analysis by intention-to-treat (compare effect of being assigned to treatment 

“A” vs. “B” at baseline, regardless of potential crossover later on)

Regression Matching IPW



COVID-19

Application of Target Trial Emulation

Identify therapies that improve 

survival in critical illness

Tocilizumab Anticoagulation

ECMO Prone Ventilation

Babesiosis
Examine the effect of RBC exchange 

transfusion on acute organ injury

CSA-AKI
Identify perioperative 

medications that affect cardiac 

surgery–associated AKI

NSAIDs
Del Nido 

Cardioplegia
Vasopressin



Onconephrology

Glucarpidase for 
MTX-AKI

IV Mg for 
Cisplatin-AKI

Eculizumab for 
HSCT-TMA

Identify therapies that improve 

kidney outcomes in cancer patients

Rasburicase for 
TLS

Mannitol for 
Cisplatin-AKI

GC Duration for 
ICI-AKI

Shruti Gupta



Glucarpidase and MTX-AKI



Background on HDMTX, AKI, and Glucarpidase

HDMTX remains a cornerstone of treatment for lymphoma 

and leukemia involving the CNS

AKI is one of the most common (~10%) and consequential 

toxicities

Glucarpidase is a recombinant bacterial enzyme (originally 

derived from Pseudomonas) that rapidly cleaves and 

inactivates MTX



Despite glucarpidase’s potent biochemical effects, no study had 

examined its clinical efficacy in patients with HDMTX toxicity 

Biochemical Effect Improved Outcomes





TTE: Efficacy of Glucarpidase vs No Glucarpidase in MTX-AKI

Overview

Multicenter cohort study of 708 adults with MTX-AKI

from 28 major cancer centers across the U.S.

Data Collection

Manual chart review, >400 data elements/patient

Primary Exposure

Receipt vs. no receipt of glucarpidase within 96h of MTX 

initiation

Primary Outcome

Kidney recovery at discharge

Statistical Analysis

▪ “Sequential” TTE framework

▪ MV adjustment for demographics, comorbidities, labs, 

24h MTX levels, and AKI severity



Covariates adjusted for in multivariable models

Demographics
▪ Age

▪ Sex

▪ Race

Comorbidities
▪ Hypertension

▪ Diabetes mellitus

▪ CHF
▪ CAD

▪ COPD

▪ Chronic liver disease
▪ BMI

Baseline labs
▪ SCr

▪ WBC count

▪ Hemoglobin
▪ Albumin

▪ LDH

▪ Urine pH

Malignancy type
▪ Primary CNS lymphoma

▪ ALL

▪ Other leukemia/lymphoma
▪ Osteosarcoma/other solid 

tumor

MTX treatment
▪ Other chemo

▪ MTX dose

▪ MTX infusion duration
▪ CNS prophylaxis vs. 

treatment

▪ IV fluids
▪ Leucovorin dose

Other
▪ 24h Plasma MTX level

▪ Max fold-change in SCr
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Glucarpidase Receipt

Timing of Glucarpidase Receipt relative to MTX Initiation

Glucarpidase 
administered at median 

of 54 hours (IQR, 44– 66) 

following MTX initiation



Glucarpidase-treated patients had ↑24h MTX levels and ↑AKI severity 

compared to controls

24h Plasma MTX (µM) Max fold-change in SCr (first 4 days)

46

6

3.7

2.1





▪ Alive

▪ Hospitalized

▪ AKI (but not yet on KRT)

▪ Had not previously received 

glucarpidase



Glucarpidase-treated patients had ↑odds of kidney recovery

P=0.008 by log-rank test

Time-to-kidney recovery:

aHR 1.88 (95% CI, 1.18–3.33)

Days following enrollment in target trial



Glucarpidase-treated patients had ↓odds of neutropenia and transaminitis



Rasburicase and TLS



Background on Tumor Lysis Syndrome (TLS) and Rasburicase

TLS is an oncologic emergency most often occurring in patients 

with hematologic malignancies with a high cancer burden

Rapid breakdown of tumor cells releases potassium, phosphate, 

and uric acid into the circulation, resulting in high rates of AKI

Rasburicase is a recombinant urate oxidase that is highly 

effective in lowering plasma uric acid



Despite rasburicase’s potent biochemical effects, no study had 

rigorously examined its clinical efficacy in patients with TLS

Biochemical Effect Improved Outcomes
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Preconceived Notions 

about Rasburicase

QI Project: Rasburicase Treatment Algorithm 





TTE: Efficacy of Early Rasburicase vs No Early Rasburicase for TLS

Overview

Multicenter cohort study of >2,000 adults with TLS from 

10 major cancer centers (36 sites) across the U.S.

Data Collection

Manual chart review, >500 data elements/patient

Primary Exposure

Receipt vs. no receipt of rasburicase within 12h after 

TLS onset

Primary Outcome

AKI-KRT or death during the index admission

Statistical Analysis

▪ TTE framework

▪ MV adjustment for demographics, comorbidities, labs, 

and acute organ injury (including SOFA score)



Total = 43 

Demographics

▪ Age

▪ Sex

▪ Race

Comorbidities

▪ Diabetes mellitus

▪ Hypertension

▪ CHF

▪ CAD

▪ Atrial fibrillation

▪ COPD

▪ CKD

▪ Chronic liver disease

▪ Smoker

▪ PAD

▪ Stroke

▪ Body mass index

Malignancy Characteristics

▪ Hematologic vs solid

▪ Prior therapy

▪ Spontaneous TLS

Treatments at TLS Onset

▪ IV fluids

▪ Sodium bicarbonate

▪ Allopurinol

Labs

▪ Potassium 

▪ Bicarbonate

▪ SCr 

▪ Calcium

▪ Phosphate

▪ Uric acid

▪ LDH

▪ ALT

▪ Total bilirubin

▪ Albumin

▪ WBC count

▪ Hemoglobin

▪ Platelet count

Severity of Illness

▪ Admitted to the ICU

▪ SOFA score

▪ AKI and its severity

▪ UOP

▪ Pressors

▪ IMV

▪ Bacterial infection

▪ DNR code status

Covariates





Early Rasburicase associated with ↓Odds of AKI-KRT or Death



Early Rasburicase associated with ↓Odds of AKI-KRT or Death

Hazard ratio, 0.72

(95% CI, 0.58–0.89)

AKI-KRT or Death



Subgroup Analyses



Sensitivity Analysis: Timing of Rasburicase Exposure



IV Mg and Cisplatin-AKI



Cisplatin-associated AKI (CP-AKI)

Cisplatin remains a first-line treatment for numerous malignancies

▪ AKI is one of the most common toxicities (~35%)

▪ It increases susceptibility to extrarenal cisplatin toxicities

▪ Jeopardizes eligibility for other anticancer treatments

No therapy reliably prevents CP-AKI in humans

In animal models, prophylactic administration of Mg attenuates AKI





Methods: TTE of IV Mg vs. no IV Mg and CP-AKI

Overview

Multicenter cohort study of 13,719 adults treated with a first 

dose of IV cisplatin at 5 major cancer centers across the US

Primary Exposure

IV Mg vs. no IV Mg on the first day of cisplatin treatment

Primary Outcome

Moderate-to-severe CP-AKI

(≥2-fold increase in SCr or KRT within 14 days)

Statistical Analysis

▪ TTE framework

▪ IPTW to adjust for confounders





IV Mg-Treated Patients had ↓Odds of Cisplatin-associated AKI



Detailed Data

Answer Key Questions

Conclusions

Combining TTE methodology, detailed data, and a multicenter approach is a 

powerful combination for answering key questions in onconephrology and  

across a range of fields
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