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1  | INTRODUC TION

The Scientific Registry of Transplant Recipients (SRTR) builds risk‐ 

adjustment models for posttransplant graft and patient survival. Risk 

adjustment ensures that recipients with more observed comorbid condi‐

tions and/or lower‐quality donors do not generate worse adjusted post‐

transplant evaluations.1 Risk‐adjustment models are especially important 

for 1‐year posttransplant graft and patient survival because these out‐

comes are important in public reporting and regulatory review.2‐5

The quality of risk adjustment in transplantation is commonly mea‐

sured by the C‐statistic.4,6,7 The C‐statistic measures the ability of the 

risk‐adjustment models to accurately order, for example, graft failure 

times, and is likely popular due to its relatively intuitive interpretation. 

Specifically, the C‐statistic is interpreted as the probability that the 

risk‐adjustment model correctly identified the graft that failed first 

among 2 randomly selected recipients. For example, a C‐statistic of 

0.5 implies that the risk‐adjustment model correctly identified the graft 

that failed first 50% of the time (ie, no better than a coin‐flip). In con‐

trast, a C‐statistic of 1.0 implies that the risk‐adjustment model always 

correctly identified the graft that failed first. As a consequence, in the 

context of 1‐year posttransplant survival, a C‐statistic of 1.0 implies 

that every graft failure prior to 1 year had a higher predicted risk of 
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The C‐statistic of the risk‐adjustment model is often used to judge the accuracy of 

program evaluations. However, the C‐statistic depends on the variability in risk for 

individual transplants and may be inappropriate for determining the accuracy of pro‐

gram evaluations. A simulation study investigated the association of the C‐statistic 

with several metrics of program evaluation accuracy, including categorizing programs 

into the 5‐tier system and identifying programs for regulatory review. The simulation 

study used data from deceased donor kidney‐alone transplants for adult recipients in 

the program‐specific reports released January 2018. A range of C‐statistics was gen‐

erated by changing the variability in risk for individual transplants. The C‐statistic had 

no association with any metric of program evaluation accuracy. Instead, the number 

of expected events at a program was the most important factor. For example, 

Spearman’s	rho,	which	is	the	correlation	of	ranks,	was	−0.27	and	−0.72	between	the	
true program‐specific hazard ratios and assigned tiers for programs with, respec‐

tively, <3 and >10 expected events. Presence of unadjusted risk factors did not mod‐

ify the associations, although the accuracy of program evaluations was systematically 

lower. Therefore, the C‐statistic provides no information on the accuracy of program 

evaluations.
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failure than every graft failure after 1 year. However, from a statisti‐

cal point of view, the C‐statistic depends on the variability in risk for 

individual transplants; that is, given a correctly specified model, a high 

C‐statistic requires more variability among recipients in, for example, 

the 1‐year probability of graft survival than a lower C‐statistic.8

In previous research, the C‐statistic had, at best, a modest as‐

sociation with the accuracy of cardiovascular report cards derived 

from logistic regression; that is, the C‐statistic provided limited in‐

formation on the validity of risk adjustment.9 The C‐statistic poorly 

measured the quality of risk adjustment because accurate estima‐

tion of the hospital cardiovascular quality metric required accurately 

estimating the risk for individual patients, not ranking the individual 

patient risks. Equivalently, accurate estimation of the hospital cardio‐

vascular quality metric did not depend on the underlying variability 

in the risk for individual patients. Instead, accurate risk adjustment 

relied on including important risk factors and allowing continuous 

risk factors to associate nonlinearly with the outcome of interest.9 

Lastly, accurate estimation of program quality depended more on 

the effective sample size at each program than on the C‐statistic of 

the risk‐adjustment model.10

Despite their dependence on the variability in risk for individ‐

ual transplants, the C‐statistics for the posttransplant models pub‐

lished by SRTR are commonly cited as a reason to distrust estimated 

 program‐specific hazard ratios (HRs) in the context of both public 

reporting and regulatory review.6,7 Thus, we extended the previous 

research to transplantation to better inform the discussion about 

the importance of the C‐statistic in evaluating the quality of risk ad‐

justment. Specifically, a Monte Carlo simulation study evaluated the 

relationship between the C‐statistic and the accuracy of estimated 

program‐specific HRs and associated metrics (eg, accuracy of regu‐

latory identification). The simulation study was designed to mimic, 

to the extent possible, SRTR’s process for estimating program‐ 

specific HRs, and the study was designed with similar characteris‐

tics to the posttransplant evaluations of 1‐year graft survival for de‐

ceased donor kidney‐alone recipients.

2  | METHODS

This study used SRTR data. The SRTR data system includes data on 

all donors, waitlisted candidates, and transplant recipients in the 

United States, submitted by the members of Organ Procurement 

and Transplantation Network (OPTN), and has been described else‐

where.11 The Health Resources and Services Administration, US 

Department of Health and Human Services, provides oversight of 

the activities of the OPTN and SRTR contractors.

The simulation study created synthetic data to evaluate the im‐

pact of increasing variability in recipient‐level risk on the accuracy of 

transplant program evaluations; “recipient‐level risk” was equivalent 

to the linear predictor in a Cox proportional hazards model. The simu‐

lation study was designed to approximate the SRTR modeling process 

for posttransplant graft and patient survival. Many of its characteris‐

tics were derived from the risk‐adjustment model for deceased donor 

kidney‐alone transplants in adult recipients from the January 2018 

program‐specific reports (PSRs). See the Supplementary Materials for 

a detailed description of the simulation study.

A range of C‐statistics was generated by scaling the level of 

variability in recipient‐level risk. The observed standard deviation 

of recipient‐level risk was multiplied by a scaling factor, denoted 

throughout by s, and corresponded to the relative increase or 

 decrease in the standard deviation of recipient‐level risk observed 

in the January 2018 PSRs. When s = 1, the standard deviation of re‐

cipient‐level risk was equal to the observed standard deviation from 

the January 2018 PSRs. The C‐statistic used throughout compared 

the ranks of graft failure times with the linear predictors from a Cox 

model (ie, the C‐statistic commonly used to assess risk discrimina‐

tion in survival analyses).

To assess the impact of unmeasured confounders, the program‐

specific evaluations were also estimated in the presence of an unmea‐

sured risk factor for each value of s. The unmeasured risk factor was 

introduced at the program level; that is, a program’s transplants were 

considered to have systematically more or less risk due to a mechanism 

not identified by the risk‐adjustment model. This type of unmeasured 

confounding likely has the largest impact on the accuracy of program 

evaluations because the unmeasured component of program‐level risk 

was independent of the measured components of risk.

The accuracy of the estimated program‐specific posttransplant 

HRs was evaluated through mean‐squared error (MSE), which is the 

averaged squared difference between the estimated and true HRs, 

and is a commonly used metric for evaluating the accuracy of statis‐

tical estimators.12‐17 SRTR also categorizes posttransplant outcomes 

into a 5‐tier system for public reporting5,18; therefore, we estimated 

the Spearman’s rho, which is the correlation of ranks between the 

true HR and the 5‐tier assignment. Similarly, to evaluate the relative 

accuracy of regulatory review criteria, we estimated the probabil‐

ity that a program identified for regulatory review had a true HR 

>1.25. The review criteria were from the Centers for Medicare & 

Medicaid Services (CMS) and OPTN’s Membership and Professional 

Standards Committee (MPSC). Since sample size should have an im‐

portant effect on program evaluation accuracy, we stratified each 

of the metrics by 3 categories of expected events: <3, 3 to <10, and 

≥10.	To	account	for	the	effect	of	sampling	error,	the	program	accu‐

racy metrics were averaged over 1000 iterations of the simulation. 

The Supplementary Materials provide further details on calculating 

the metrics of accuracy.

The simulations were run in R v3.4.319 and used the “survival”20 

and “dplyr”21 packages. Code for the simulation study is available at 

https://github.com/SRTRdevhub/C_Statistic_Github.

3  | RESULTS

3.1 | Summary measures for the simulation study

The C‐statistic increased with higher variability in risk for individ‐

ual transplants, even though each model was correctly specified 

(Table 1). The C‐statistic for the scenario with variability estimated 

https://github.com/SRTRdevhub/C_Statistic_Github
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from the current models (s = 1) was most similar to the value ob‐

served in the PSR model (simulated = 0.64; observed = 0.66). By 

design, the number of expected events and observed survival at 

1 year were very similar across the range of C‐statistics, although 

the number of expected events was slightly higher for the high‐

est C‐statistics. The true survival at 1 year for transplants at dif‐

ferent percentiles of recipient‐level risk varied significantly with 

the C‐statistic. For example, for a C‐statistic of 0.97, transplants 

at the 75th percentile of risk had 1‐year graft survival of 99.1%, 

while transplants at the 99th percentile of risk had 1‐year graft 

survival of 0.5%. While the differences in survival are dramatic 

and unrealistic, such C‐statistics would require significantly higher 

variability in recipient‐level risk than currently observed. Finally, 

the presence of unadjusted risk factors did not noticeably change 

the C‐statistic, expected number of events, or observed 1‐year 

survival in any of the scenarios (Table 2).

3.2 | Association with MSE

Within each stratum of expected events, the MSE was constant 

across the range of C‐statistics (Figure 1). As expected, the MSE 

was highest for programs with <3 expected events and lowest for 

programs	with	≥10	expected	events.	The	pattern	was	similar	in	the	
presence of unmeasured risk factors. In fact, the most significant 

impact of unmeasured risk factors was a higher overall MSE, espe‐

cially for programs with >10 expected events. Thus, the C‐statistic 

was not associated with the MSE of program‐specific HRs, even 

in the presence of unadjusted risks. In other words, the C‐statistic 

provided no information on the accuracy of program‐specific HRs.

3.3 | Association with the program assignment 
in the 5‐tier system

Spearman’s rho between tier assignment and true program‐ 

specific HRs was independent of the C‐statistic (Figure 2). Similar to 

the MSE, Spearman’s rho was strongest for large programs with no 

unadjusted	risks	(approximately	−0.72),	and	weakest	for	small	pro‐

grams	in	the	presence	of	unadjusted	risks	(approximately	−0.27).	In	
other words, higher‐tier programs were more likely to have smaller 

HRs than lower‐tier programs when the programs were large than 

when they were small. Additionally, the presence of unadjusted risks 

attenuated the association more for programs with a larger expected 

number of events (eg, Spearman’s rho decreased to approximately 

−0.62	 for	 large	 programs)	 but	 was	 relatively	 unchanged	 for	 small	
programs. Thus, the C‐statistic provided no information on the accu‐

racy of risk‐adjustment models for assigning programs within the 5‐

tier system. In contrast, the accuracy of the 5‐tier system increased 

with number of expected events at a transplant program.

3.4 | Association with CMS and MPSC flagging

The probability that programs flagged by CMS had true HRs >1.25 

was independent of the C‐statistic (Figure 3). The probabilities were 

approximately 68% and 95% for programs with <3 and >10 expected 

events, respectively. For programs flagged by the MPSC, the proba‐

bility that the true HR was >1.25 surprisingly decreased for the high‐

est C‐statistic. The probabilities were approximately 52% and 80% 

for programs with <3 and >10 expected events, respectively. In the 

presence of unmeasured confounding, the probabilities decreased 

for both the CMS and MPSC flags, and the decrease was largest for 

programs with >10 expected events and smallest for programs with 

<3 expected events. Importantly, the probabilities were lower for 

the MPSC flag than for the CMS flag because the MPSC criteria are 

uniformly less stringent than the CMS criteria.2

4  | DISCUSSION

Correctly specified models can have low or high C‐statistics. In the 

simulation study, the C‐statistic for the same correctly specified 

model ranged from 0.57 for the scenario with the lowest variability 

in risk for individual transplants to 0.97 for the scenario with the 

highest variability (Table 2). This illustrates that the C‐statistic can‐

not distinguish between a correctly specified model and the under‐

lying variability in risk for individual transplants. Thus, the C‐statistic 

cannot identify a correctly specified model.

Despite this limitation, the C‐statistic has potential utility in com‐

paring the performance of different models for the same data set, 

although such comparisons must account for the issue of overfit‐

ting with, for example, cross‐validation.12 However, even in these 

TA B L E  1   Summary statistics of the simulation scenario without unadjusted risks

Value of s C‐statistic Expected events
Observed 1‐y 
survival

1‐y graft survival at a percentile of risk

75th 90th 95th 99th

0.5 0.57 1340 95.0% 94.5% 93.7% 93.1% 91.9%

1 0.64 1340 95.0% 94.1% 92.1% 90.7% 87.2%

2 0.75 1342 95.0% 94.1% 89.5% 85.3% 73.4%

4 0.89 1354 95.0% 96.1% 87.8% 76.7% 36.5%

8 0.97 1378 95.0% 99.2% 91.2% 68.3% 0.5%

The s value controls the level of variability in the risk of individual transplants. Each simulation scenario was specifically designed to have the same 

overall 1‐y survival percentage.
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situations, the C‐statistic suffers from important limitations. First, 

the C‐statistic cannot identify miscalibrated models because ranked 

predictions ignore the magnitude of the difference between ob‐

served and expected outcomes. Second, the traditional C‐statistic 

used for posttransplant survival models is not guaranteed to identify 

the “best” model for estimating the risk of, for example, 1‐year graft 

survival.22 In contrast, measures of predicted error do not suffer 

from these limitations. For example, the Brier Score is a measure of 

squared error at, for example, 1 year posttransplant, and will identify 

both miscalibrated models and the “best” model for predicting graft 

survival at 1 year.

Importantly, there exists no measure of risk discrimination or pre‐

dicted error that can identify a correctly specified model, because 

they all depend on unknown characteristics of the data. For example, 

TA B L E  2   Comparison of the operating characteristics of the scenarios with and without unadjusted risks

Value of s

C‐statistic Expected events Observed 1‐y survival

Without unad‐
justed risks

With unadjusted 
risks

Without unad‐
justed risks

With unadjusted 
risks

Without unad‐
justed risks

With unadjusted 
risks

0.5 0.57 0.57 1340 1340 95.0% 95.0%

1 0.64 0.63 1340 1340 95.0% 95.0%

2 0.75 0.75 1342 1343 95.0% 95.0%

4 0.89 0.89 1354 1353 95.0% 95.0%

8 0.97 0.97 1378 1378 95.0% 95.0%

The unadjusted risks had a variance equal to half the variance of the program‐specific hazard ratios. The s value controls the level of variability in the 

risk for individual transplants. Each simulation scenario was specifically designed to have the same overall 1‐year survival percentage.

F I G U R E  1   The mean‐squared error 

(MSE) across a range of C‐statistics 

without (left‐hand panel) and with (right‐

hand panel) unadjusted risk factors. Lower 

MSE values correspond to more accurate 

estimation of program‐specific hazard 

ratios than higher MSE values
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F I G U R E  2   The Spearman correlation 

between the tier assignment of a program 

and the true hazard ratio without (left‐

hand panel) and with (right‐hand panel) 

unadjusted risk factors. Since higher 

tiers indicate better evaluations, a higher 

negative correlation corresponds to a 

stronger association between the 5‐tier 

assignment and the true hazard ratio
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the C‐statistic depends on the variability in recipient‐level risk, while 

measures of squared error such as the Brier Score depend on resid‐

ual variability. While measures of risk discrimination and predicted 

error can compare the performance of 2 different models, neither 

can provide information on the performance of an individual model. 

Furthermore, such measures cannot be reliably compared across dif‐

ferent data sets because the unknown characteristics of the data 

likely change. For example, a comparison of the C‐statistics between 

posttransplant survival models and cardiovascular mortality models 

may only identify differences in the variability of  recipient‐level risk, 

not differences in the performance of the models.

The C‐statistic was not associated with any evaluated metric of 

program evaluation accuracy. The MSE of the program HR (Figure 1), 

the correlation between the assigned tier and the true program HR 

(Figure 2), and the probability that a flagged program had a true HR 

>1.25 (Figure 3) did not meaningfully change depending on the C‐

statistic. These results are likely surprising to the broader transplant 

community because C‐statistics are generally expected to indicate the 

quality of risk adjustment.6,7,18,23 However, these performance metrics 

of program evaluations depend on whether the model accurately pre‐

dicts individual risks, not on the variability in individual risks. Since a 

correctly specified model can accurately predict individual risks when 

variability is low, the C‐statistic by itself provides no information on the 

accuracy of estimated program‐specific HRs. Instead, accurate estima‐

tion of program‐specific HRs largely depends on the sample size of the 

transplant program (ie, number of expected events).10

The simulation study also demonstrated that the C‐statistic 

does not detect unadjusted risks. The C‐statistics for simulations 

with and without unadjusted risk factors were not meaningfully dif‐

ferent (Table 2). Models with low C‐statistics may or may not have 

unadjusted risks. Models with high C‐statistics may or may not have 

unadjusted risks. In addition, performance metrics have no mean‐

ingful relationship with the C‐statistic in the presence of unadjusted 

risks (Figures 1, 2, and 3). Thus, even in the presence of unadjusted 

risks, C‐statistics were not associated with any evaluated metric of 

program evaluation accuracy.

Importantly, there exists no measure of risk discrimination or pre‐

dicted error that provides information on the accuracy of estimated 

F I G U R E  3   The probability that a 

program flagged by the Centers for 

Medicare & Medicaid Services (CMS) 

(top panels) or the Membership and 

Professional Standards Committee 

(MPSC) (bottom panels) had a true hazard 

ratio >1.25 without (left‐hand panels) and 

with (right‐hand panels) unadjusted risk 

factors
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program‐specific HRs derived from a single risk‐adjustment model. 

This is fundamentally related to the fact that the measures depend 

on unknown characteristics of the data. Thus, correctly specified 

models can have low C‐statistics due to low variability in recipi‐

ent‐level risk, or high Brier Scores due to high residual variability. 

However, in either situation, program‐specific HRs can be accurately 

estimated because the model may be correctly specified.

Rather than rely on heuristic appeals to “low” C‐statistics, 

unmeasured risk factors should be identified through a critical 

review of the literature with an understanding that such risk 

factors may be correlated with currently collected risk factors. 

Additionally, unmeasured risk factors may require differential 

distribution across programs to negatively affect the accuracy 

of program‐specific HRs. Regardless, important unmeasured risk 

factors, especially factors independent of current data collec‐

tion, should be brought to the attention of OPTN’s Data Advisory 

Committee or organ‐specific committees. Collection of such fac‐

tors would likely improve the transplant community’s faith in risk 

adjustment and may improve the estimation of program evalua‐

tions, especially if the factors are differentially distributed across 

programs.

All evaluated metrics of program evaluation accuracy were 

worse in the presence of unadjusted risks. The MSE increased, the 

tier correlation with the true HR weakened, and the probability that 

a flagged program had an HR >1.25 decreased. So, the simulation 

study does not justify refusing opportunities to build better models. 

Instead, it demonstrates the importance of assessing the quality of 

risk adjustment through a critical evaluation of the underlying statis‐

tical methodology. For example, SRTR currently builds risk‐adjust‐

ment models by considering a wide range of potential risk factors 

and uses flexible linear splines to estimate the effect of continuous 

risk factors.4 While a wide range of risk factors is considered, the 

modeling approach relies on the proportional hazards assumption, 

and accounting for nonproportional hazards may improve the risk 

adjustment (eg, the effect of bilateral versus single lung transplant 

is known to have nonproportional hazards).24 Alternatively, better 

integration of interactions could also improve risk adjustment.25 In 

other words, a better understanding of the effect of violated as‐

sumptions on the performance of current models would help de‐

velop better risk adjustment.

Despite following the SRTR process for estimating posttransplant 

program‐specific HRs, this simulation study has limitations. First, sur‐

vival times were simulated from a proportional hazards model. Thus, 

the risk‐adjustment model in the simulation was correctly specified, 

which is unlikely to happen in practice. Second, we assumed a nor‐

mal distribution of recipient‐level risk. Different distributions may 

change the C‐statistic, assuming the same level of variability in recip‐

ient‐level risk, but seems unlikely to affect the association between 

the C‐statistic and the accuracy of program‐specific HRs.

We illustrated that the C‐statistic of risk‐adjustment models 

provides no information on accuracy of program‐specific HRs, cate‐

gorization of programs into the 5‐tier system,5 identification of pro‐

grams for regulatory review, or presence of unadjusted risk factors. 

Instead, a program’s volume (ie, the number of expected events) 

was the most important determinant of the accuracy of program‐ 

specific HRs.
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