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Dialysis has been used in the treatment of patients with end-stage renal disease since the 1960s. Recently,
several large observational studies have been conducted to assess whether early initiation of dialysis prolongs
survival, as compared with late initiation. However, these studies have used analytic approaches which are likely
to suffer from either lead-time bias or immortal-time bias. In this paper, the authors demonstrate that recently
developed methods in the causal inference literature can be used to avoid both types of bias and accurately
estimate the ideal time for dialysis initiation from observational data. This is illustrated using data from a nationwide
population-based cohort of patients with chronic kidney disease in Sweden (1996-2003).

bias (epidemiology); dialysis; dynamic model; kidney failure, chronic; lead time; probability weighting; therapeutics

Abbreviations: ClI, confidence interval; eGFR, estimated glomerular filtration rate; FI, from initiation; FT, from threshold; GFR,
glomerular filtration rate; IDEAL, Incremental Decrease in Clinical Endpoints Through Aggressive Lipid Lowering; IPW, inverse

probability weighting.

Dialysis has been used in the treatment of patients with end-
stage renal disease since the 1960s. However, there is still no
uniform agreement on the ideal time at which to start dialysis
in the progression of disease. Recent results from the random-
ized IDEAL (Incremental Decrease in Clinical Endpoints
Through Aggressive Lipid Lowering) Trial (1) indicated no
difference between early start and late start. However, these
results are not readily interpreted, since the IDEAL study
suffered from compliance problems. Several large obser-
vational studies have been conducted to compare different
strategies (2-11), with somewhat contradictory results.
Korevaar et al. (2), Bonomini et al. (3), Tattershall (4), and
Tang et al. (5) observed better survival for patients who started
dialysis early, whereas Traynor et al. (6), Sawhney et al. (7),
Beddhu et al. (8), Kazmi et al. (9), Lassalle et al. (10), and Stel
et al. (11) observed better survival for those who started late.

One possible explanation for this discrepancy is that
“baseline’ (i.e., the time point from which survival is mea-
sured) was defined differently in these studies. For instance,
Korevaar et al. (2) defined baseline as the time of dialysis
initiation—we refer to this method as the “from initiation”
(FI) method—whereas Traynor et al. (6) defined baseline as

the time at which renal function dropped below a fixed
threshold (estimated creatinine clearance <20 mL/minute);
we refer to this method as the ““from threshold” (FT) method.
Patients who die or drop out of the study before they start
dialysis pose difficulties for both methods. These patients
cannot be classified as “‘early’ starters or “late’ starters and
were excluded from the analyses of both Korevaar et al. (2)
and Traynor et al. (6). The FI method gives early starters an
artificial survival advantage, since they are, at baseline, earlier
in the course of their disease progression than late starters;
this bias is usually referred to as ““lead-time bias.” The FT
method gives every subject an artificial “immortal period”
between baseline and dialysis initiation, since patients who
die or drop out before the start of dialysis are excluded.
However, since late starters are further away from baseline
at the start of dialysis, these subjects are given a longer
immortal period and thus an artificial survival advantage;
this bias is usually referred to as “‘immortal-time bias.”

To the best of our knowledge, an analysis method which
avoids both types of bias has not yet been proposed in the
nephrologic literature. This is not surprising, given that tra-
ditional statistical methods are developed for static treatment
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strategies. In the causal inference literature, a treatment
strategy is called “‘static” if it does not depend on the evolu-
tion of patient characteristics over time. Clinically relevant
strategies, however, are typically ‘“‘dynamic”’—that is, de-
cisions and interventions are guided by the current clinical
status of the individual patient. In a series of papers, Robins
et al. (12-14) have shown that dynamic treatment strategies
can be evaluated and compared through a statistical method
based on expanded risk sets and inverse probability weight-
ing (IPW). Our purpose in this paper is to show how the
general methods developed by Robins et al. (12-14) can be
applied to tackle the specific problem of comparing dynamic
strategies for dialysis initiation.

Recently, we analyzed the importance of early initiation
of dialysis versus late initiation using data from a nationwide
population-based cohort of patients with chronic kidney
disease in Sweden (15). We found a nonsignificant advan-
tage for late starters (15). In this paper, we reanalyze the
Swedish chronic kidney disease data with the IPW method.
The data are briefly described below; a more detailed de-
scription can be found in our previous article (15). For il-
lustrational purposes, we conduct a slightly simplified FT
analysis and contrast it with an analysis of the same data
using the FI method. We then describe the proposed IPW
method and apply it to the same data. Our motivation for the
IPW method will be largely heuristic; a more stringent dis-
cussion can be found in the article by Robins et al. (12—14).

DATA AND NOTATION
Study population and follow-up

The decision to initiate dialysis is guided by the clinical
status of the patient and measures of renal function, most
often the estimated glomerular filtration rate (¢GFR), which
is derived from creatinine levels in serum. A joint effort made
between May 20, 1996, and May 31, 1998, by all laborato-
ries that analyzed serum creatinine in Sweden identified all
Swedish-born patients aged 18-74 years who were shown
for the first time to have a serum creatinine level greater than
3.4 mg/dL (men) or 2.8 mg/dL (women) and whose loss of
renal function was considered permanent. Patients with acute
renal failure, pre- or postrenal azotemia, or a renal transplant
were excluded. At inclusion, patients received a questionnaire
on anthropometric measures, socioeconomic background, diet,
alcohol consumption, and tobacco use. Information on occu-
pational history, medical history, and use of prescribed and
nonprescribed medications was collected thereafter. Medical
records were reviewed for information on comorbid condi-
tions and laboratory values until the end of follow-up (June 1,
2003). We also linked the cohort to the Swedish Renal Reg-
istry, a national register of all patients starting renal replace-
ment therapy in Sweden that contains information on date
of the start of renal replacement therapy and kidney trans-
plantation date.

eGFR interpolation

For each patient, we estimated the glomerular filtration
rate (GFR) at several points along the disease progression
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continuum during follow-up, using the 4-variable Modifi-
cation of Diet in Renal Disease eqzuation (eGFR = 186 X
[serum creatinine] '*1>* X [age]_o' 93 % [0.742 if patient is
female] X [1.212 if patient is black]) (16). The serum cre-
atinine determinations were part of the routine care and varied
in number and timing (median number per patient, 5.3; range,
1-6). In the FT and IPW analyses, we started counting
person-time and outcome events among patients still at
risk at eGFR = 16 mL/minute/1.73 m? (““baseline”’). Our
analyses required more detailed eGFR measures than were
available. In particular, the FI analysis requires that eGFR
has been measured at dialysis initiation; the FT analysis
requires that the time at which eGFR drops below the spec-
ified baseline threshold be measured; and the IPW analysis
requires that eGFR has been measured at regular intervals.
We used regression splines to interpolate between the avail-
able eGFR measures, yielding a value for eGFR in each
month for each patient. Below, we use “eGFR” as shorthand
for “interpolated value of eGFR.”

Exclusions

Before exclusions, 920 patients were eligible. For 72 pa-
tients, eGFR was measured on only 1 occasion, which would
have hampered interpolation. For 82 additional patients, the
interpolation algorithm resulted in a monotonically increasing
trajectory for GFR, which is due to either improvements or
interpolation errors. For 235 additional patients, the eGFR
never dropped below 16 mL/minute/1.73 m? during follow-
up; thus, these patients never passed ‘‘baseline’ for the FT
and IPW analyses. An additional 13 patients started dialysis
before their eGFR dropped below 16 mL/minute/1.73 m?.
Another 19 patients had missing data for at least 1 variable
used in the analyses. These 421 patients (72 + 82 + 235 +
13 4+ 19 = 421) were excluded from all 3 analyses. In the
FI and FT analyses, we had to exclude 58 additional patients
who did not start dialysis before death or censoring. These
patients were not excluded from the IPW analysis. In total,
441 patients were included in the FI and FT analyses, and
499 patients were included in the IPW analysis.

Notation

In our illustration, time ¢ is measured in months, with t = 0
for baseline. Thus, + = 0 corresponds to different points in
disease progression in the FI analysis, as compared with the
FT and IPW analyses. Let C(¢) be the censoring status
(C(r) = 1 if the patient is censored at or before ¢, and 0 other-
wise), Y(7) be the event status (Y(r) = 1 if the patient dies at or
before ¢, and 0 otherwise), A(¢) be the dialysis status (A(¢) = 1
if the patient initiated dialysis at or before ¢, and O if the
patient has not yet initiated dialysis), and L(f) be the eGFR
level at month 7. We use an overbar to represent a variable’s
history—for example, A(t) = {A(1),A(2),...,A(¢)}. Each
patient who initiates dialysis during follow-up is classified
asan “early” (16 > eGFR > 12 atinitiation), “‘intermediate’’
(12 > eGFR > 7.5), or “late” (eGFR <7.5) starter. Let X
denote the timing of initiation (“‘early,” ““intermediate,” or
“late””). Vis a vector of covariates measured at enrollment in
the study, including sex, age (<45, 45-65, or >65 years),
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body mass index (weight (kg)/height (m)%; <20, 20-<25,
25-<30, or >30), Charlson comorbidity index (17) (catego-
rized into approximate tertiles: <2, 24, or >4), primary renal
disease (categorized into diabetes, hypertension, glomerulone-
phritis, or other/unknown), smoking (no smoking, <20 pack-
years, or >20 pack-years), alcohol consumption (no alcohol,
<50 g/day, or >50 g/day), and educational level (<10,
10-13, or >13 years). The covariates are thoroughly described
elsewhere by Evans et al. (15).

Table 1 shows data for the 441 subjects who were included
in all analyses. It displays, for each covariate, the number
and fraction of patients at each level of the covariate, together
with P values from tests for association with timing of di-
alysis initiation and survival, respectively.

STANDARD METHODS
The Fl method

We used Cox proportional hazards regression to assess
the association between timing of dialysis initiation and
survival, adjusted for covariates V. For each patient, baseline
was defined as the month in which dialysis was initiated. Let
M#)X,V) denote the conditional hazard at month ¢, given X
and V. We modeled A(#|X,V) as

log{A(7|X, V)} = log{ho(t)} + B/ X + B'V. (1)

Using the “early” starters as the reference group, we ob-
tained estimated hazard ratios of 0.81 (95% confidence in-
terval (CI): 0.51, 1.21) and 0.77 (95% CI: 0.48, 1.25) for the
“intermediate” and ‘‘late’ initiators, respectively. In a test
for equal hazards across treatment groups, we obtained a
P value of 0.57. Thus, the point estimates obtained from this
FI analysis suggest a trend across levels of starting time, with
better survival for a later start. However, the P value shows
that this trend is nonsignificant. As we argued in the Introduc-
tion, an FI analysis artificially favors the early starters. Thus,
we may suspect that this analysis underestimates the ““true”
effect.

The FT method

We refitted the adjusted Cox model in equation 1, now
defining baseline as the month in which eGFR first dropped
below 16 mL/minute/1.73 m2, for each patient. We obtained
estimated hazard ratios of 0.62 (95% CI: 0.39, 0.98) and
0.56 (95% CI: 0.35,0.91) for the ““intermediate’ and “‘late”
starters, respectively (P = 0.06 in a test for equal hazards).
The FT analysis suggests a much stronger trend than the FI
analysis. However, as we argued in the Introduction, an FT
analysis artificially favors the late initiators. Thus, we may
suspect that the “truth” lies somewhere in between the results
of the FI and FT analyses.

EXPANDED RISK SETS AND IPW
Expanded risk sets

An appealing feature of the FT method is that survival
time is counted from the same point in the progression of

Table 1. Covariate Data for Chronic Kidney Disease Patients
Accrued in a Swedish Cohort Between May 20, 1996, and
May 31, 1998

Covariate No. % Tif_,nfizrga SuF:\/f;\)l ralb
Sex 0.08 0.31
Male 308 70
Female 133 30
Age, years 0.07 <0.01
<45 108 25
45-65 200 45
>65 133 30
Body mass index® 0.17 0.40
<20 32 7
20-<25 188 43
25—-<30 161 37
>30 60 14
Charlson comorbidity index <0.01 <0.01
<2 155 35
2-4 169 38
>4 17 27
Primary renal disease <0.01 <0.01
Diabetes 139 31
Hypertension 61 14
Glomerulonephritis 113 26
Other/unknown 128 29
Smoking, pack-years 0.10 <0.01
None 176 40
<20 148 34
>20 117 26
Alcohol consumption, g/day 0.02 <0.01
None 88 20
<50 224 51
>50 129 29
Educational level, years 0.30 <0.01
<10 226 51
10-13 113 26
>13 102 23
Initiation of dialysis NA <0.01¢
Early 37 8
Intermediate 195 44
Late 209 48

Abbreviations: FT, from threshold; NA, not applicable.

& Chi-square test of association with timing of dialysis initiation, X.

P Log-rank test of association with survival time, counted from the
month in which the estimated glomerular filtration rate first dropped
below 16 mL/minute/1.73 m? (“baseline” in the FT and inverse prob-
ability weighting analyses).

© Weight (kg)/height (m)?.

9 This P value corresponds to an unadjusted FT analysis.

disease for all patients. However, this comes at the cost of
having to define treatment groups by “peeking into the fu-
ture.” To elaborate on this issue, consider a fictitious patient
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A Whose eGFR level falls monotonically by 1 mL/minute/
1.73 m per month after baseline (¢eGFR = 16 mL/minute/
1.73 m?). Suppose further that patient A initiates dialysis at
month 7, at eGFR = 9, and dies at month 10. In retrospect,
we can say that A is an “intermediate’ initiator. However,
following A prospectively over time, it is not until month 4,
when his eGFR drops to 12, that we can rule him out as an
“early” starter. Thus, it is somewhat artificial to label A as
already being “intermediate’ at baseline.

To overcome this logical deficiency, we note that during
months 0-3, patient A had the potential to become an “early,”
“intermediate,” or ‘“‘late” starter, yet A was subject to exactly
the same treatment level (no dialysis), regardless of the sub-
sequent course. Thus, we may consider patient A to have fol-
lowed (or to have been “compatible with™) all 3 strategies up
through month 3. Similarly, after having attained eGFR = 12
(at month 4) and thus no longer having the possibility of
becoming an “‘early’ starter, A can still be considered to
follow both the “intermediate’ and ‘“‘late” strategies during
months 4-6. At month 7, A initiates dialysis at eGFR = 9,
which identifies him as an “intermediate” initiator. In practice,
the time-dependent contribution from each patient can be
accommodated by expanding the risk sets in each month, so
that each patient who is still at risk contributes with 1 repli-
cate observation for each treatment strategy that the patient is
presently compatible with. For instance, during months 0-3,
we let A contribute with 3 replicates to each risk set, following
strategies X = “early,” X = “intermediate,” and X = “late,”
respectively. At month 3, the replicate with X = “early” is
artificially censored. During months 4-6, we let A contrib-
ute with 2 replicates to each risk set, following strategies
X = “intermediate” and X = “late,” respectively. At month 6,
the replicate with X = “late” is artificially censored. During
months 7-10, we let A contribute with 1 replicate to each risk
set, following strategy X = “‘intermediate.” At month 10,
this replicate contributes with an event and is excluded from
the risk sets for all later months.

A survival analysis (e.g., Cox proportional hazards re-
gression) based on these expanded risk sets does not suffer
from lead-time bias or immortal-time bias. The former is
avoided by counting survival time from the same point in
the progression of disease for each patient, and the latter is
avoided by not excluding patients who die or become cen-
sored before they start dialysis; hence, no patient is given an
artificial “immortal period.” As an example of the latter,
consider a patient B Whose eGFR level falls monotonically
by 1 mL/minute/1.73 m? per month after baseline and who
dies at month 7, without having initiated dialysis. The FI or
FT analysis requires that we exclude patient B, since her
timing of initiation cannot be determined. However, using the
modified risk sets, we let B contribute in the same manner as
A during months 0—6. At month 7, she contributes with an
event and is excluded from the risk sets for all later months.

Inverse probability weighting

Though it is free from lead-time and immortal-time bias,
an analysis based on expanded risk sets suffers from a third
kind of bias, induced by the artificial censoring of replicates.
Heuristically, this bias arises because replicates who initiate
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dialysis at ¢ will have, on average, lower eGFR levels than
those who do not initiate dialysis and remain uncensored at .
Thus, replicates censored at ¢ will have a worse prognosis
than replicates who are uncensored; the artificial censoring
is nonrandom (12). We followed the method of Robins et al.
(12—14) and used IPW to adjust for the artificial censoring.
Towards this end, we constructed a ‘“pseudo-expanded risk
set” at each month, by assigning an individual time-varying
weight to each patient in the original expanded risk set. The
weight for patient i at month 7 is calculated as

wi(t)

Ci(k—1)=0,X;,V;}
=0,A;(k — 1),Li(k), Vi}’

)

where Prgxp (-) refers to the probability of (-) in the ex-
panded data. The denominator of w(¢) is the part which
adjusts for the artificial censoring and is analogous to the
denominator used in IPW for static treatments (18-20).
Each factor in the denominator is the probability of the
patient’s observed dialysis level, given past dialysis status,
past and present eGFR levels, and baseline covariates, and
given that the patient is still at risk at + = k. We note that
a patient who has started dialysis is considered to remain
in dialysis until death or censoring, that is, A(r + 1) = 1 if
A(t) = 1. The numerator of w;(¢) is not required for censor-
ing adjustment, but it is included to increase efficiency (13).
Each factor in the numerator is the probability of remaining
uncensored, given treatment strategy, given baseline cova-
riates, and given that the replicate is still at risk at = k. The
intuition behind these weights has been discussed by Cain
et al. (13).

In practice, the weights are not known. We estimated
them from the data, fitting the pooled logistic models

PIEXP{C O‘Y (k) =
]-_-[ 5 Pr{Ai(k = C;(k)

logit[Prexp{C () = 0|Y (1) = C(r— 1) = 0,X, V}]
= Mo+ Mt + Mo’ + N3V + nuX

and

logit[Pr{A(r) = 1|Y(r) = C(t) =A(r— 1) = 0,L(r), V}]
=0+ oyt + ot + OBL(I) + oy (l‘)
+asL(t— 1) +aL*(t — 1) + oz L(t — 2)
+ oL (t—2) + o5’V

to the expanded data and the original data, respectively. For
each replicate i and month ¢ in the expanded data, we re-
placed the true probabilities in equation 2 by the predicted
probabilities from the fitted models, to obtain an estimate of
wi(f). Figure 1 displays the distribution of the estimated
weights. The distribution is skewed, with a strong peak at 1,
and an upper tail. A well-known problem with IPW methods
is that observations with extreme weights become very in-
fluential, which may result in unstable estimates (18-20). To
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Figure 1. Distribution of the estimated weights (W) for the inverse
probability weighting (IPW) method. The patients (n = 499 for the IPW
analysis and n = 441 for the “from initiation” and “from threshold”
analyses) represent all members of a Swedish nationwide inception
cohort of patients with severe chronic kidney disease, accrued be-
tween May 20, 1996, and May 31, 1998, who passed below the base-
line level of estimated glomerular filtration rate for the present study
(16 mL/minute/1.73 m2) before June 1, 2003.

stabilize estimates, we followed the method of Cain et al. (13)
and truncated the weights at 10.00. We tried various cutpoints,
up to 100.00, with no noticeable effect on the results (results
not shown).

In addition to the artificial censoring of replicates, patients
can be “truly” censored, that is, truly lost during follow-up. In
principle, IPW can also be used to reduce/eliminate bias due to
nonrandom true censoring (20). We did not use IPW to adjust
for true censoring, for the following reasons. In our data, only a
tiny fraction of patients (4 out of 499) were lost during follow-
up. Thus, the risk of bias due to true censoring was negligible,
even if this censoring happened to be nonrandom. Furthermore,
using IPW to deal with these censorings would have required
additional modeling assumptions regarding the censoring
mechanism, which if violated could have introduced bias.

MAIN MODEL AND RESULTS

Standard software packages do not allow for time-varying
weights in Cox regression models. To overcome this diffi-
culty, we followed the method of Hernan et al. (20) and fitted
a weighted pooled logistic regression model to the expanded
risk sets. Specifically, using weights w(t), we fitted the model

logit[Prexp{ Y (1) = 1|Y(t — 1) = C(r) = 0,X,V}]
=00+ 017 + 0,82 + 038 + 048" + 05X
+ 06X Xt+0,/XX2+05V. (3)

‘We note that the model in equation 3 differs from the model
in equation 1 in two important aspects. Whereas the model in

equation 1 leaves the baseline hazard unspecified, the model
in equation 3 assumes that it follows a fourth-degree poly-
nomial. On the other hand, whereas the model in equation 1
assumes proportional hazards, this assumption is relaxed
in the model in equation 3 through the terms 6¢'X X t and
0,'X X 2. Relaxing the proportional hazards assumption
is desirable, since it is unrealistic for dynamic treatment
strategies (13).

In the model shown in equation 3, the effect of initiation
timing on survival is quantified by the 6-dimensional param-
eter 6 = (05',0¢",0;")’. In particular, there is no effect of
timing on survival if 6 = 0. However, interpreting a specific
estimate 0 is difficult because of the high dimensionality
of 0. To facilitate interpretation, we estimated standardized
survival curves as follows. First, the fitted model in equation
3 was used to estimate conditional survival probabilities
Pr{Y () =0|Y(t — 1) = 0,X,V} for each ¢ in (0, 60), for
each level of X, and each observed value of V. Next, these
were multiplied to yield estimates of Pr{Y(r) = 0|X, V} for
each rin (0, 60), for each level of X, and each observed value
of V. Finally, these were averaged over the sample distribution
of V to yield estimates of E[Pr{Y () = 0|X = x, V}] for each
t in (0, 60) and for each level X = x. Figure 2, part A,
displays the result.

We tested whether the timing of dialysis initiation had an
effect on survival using the multivariate Wald test statistic
T=0'X 0, where X is a consistent estimate of the vari-
ance matrix X. Under Hy: 6 = 0, T has an asymptotic x>
distribution (6 degrees of freedom). Standard software pro-
duces an estimate of X. However, this estimate is inconsis-
tent, since it does not take the uncertainty in the estimated
weights into account. A consistent estimate can be obtained
through a bootstrap procedure (13). To compute a bootstrap
estimate for X, we drew 10,000 bootstrap samples from the
original sample. Each of these bootstrap samples contained
the same number of patients as the original sample (n = 499),
and the patients were drawn with replacement within each
bootstrap sample. Each bootstrap sample was analyzed with
the IPW method to produce an estimate 0. The empirical
(over the 10,000 bootstrap samples) variance matrix for 0
was used as an estimate of X. Using this estimate in the
Wald statistic, we obtained P = 0.12. We used the same
bootstrap procedure to test whether 65 = 6, = 0, resulting in
P = 0.05. Thus, there was borderline-significant evidence
against proportional hazards.

The results from the IPW analysis were not directly compa-
rable to the results from the standard analyses, since we used
different models. To make results comparable, we reanalyzed
the data using the FI and FT methods, now using the model
shown in equation 3. Parts B and C of Figure 2 display esti-
mated standardized survival curves. We computed bootstrap
P values in the same fashion as for the [IPW method, obtaining
P =1.00 and P = 0.30 for the FI and FT methods, respectively.

The FI method gave almost identical survival curves for
the 3 dialysis initiation strategies. On the other hand, the FT
method suggested a trend of better survival with later initi-
ation. The IPW method took a position in between; late
starters appeared to have better survival than the early and
intermediate starters, while the latter two groups appeared to
have almost identical survival curves.

Am J Epidemiol. 2011;174(10):1204—-1210
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Figure 2. Standardized survival curves for initiation of dialysis (X)
derived from regression models using expanded risk sets and the
A) inverse probability weighting (IPW), B) “from initiation” (Fl), and
C) “from threshold” (FT) approaches. Solid lines, “early” initiation of
dialysis; dashed lines, “intermediate” initiation; dotted lines, “late” ini-
tiation. The patients (n = 499 for the IPW analysis and n = 441 for the
Fl and FT analyses) represent all members of a Swedish nationwide
inception cohort of patients with severe chronic kidney disease, ac-
crued between May 20, 1996, and May 31, 1998, who passed below
the baseline level of estimated glomerular filtration rate for the present
study (16 mL/minute/1.73 m?) before June 1, 2003.
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DISCUSSION

In this paper, we have addressed the problem of comparing
different dynamic strategies for dialysis initiation. Standard
methods are likely to suffer from either lead-time bias (FI)
or immortal-time bias (FT). We have shown that both types
of bias can be avoided through an appropriate statistical
method based on expanded risk sets and IPW.

We applied the IPW method to data from a Swedish study
of chronic kidney disease patients and compared it with the
standard methods. Using Cox regression, both the FI method
and the FT method suggested a trend of better survival with
later initiation of dialysis treatment. Using a pooled logistic
regression model with nonproportional hazards, this trend
persisted only for the FT method. The IPW method suggested
a weaker trend than the FT method, with roughly equal
survival curves for early and intermediate starters and better
survival for late starters. The discrepancy between the FT
method and the IPW method indicates that the strong trend
suggested by the FT method may be partly explained by
immortal-time bias and/or time-varying confounding by
GFR. However, none of the results were significant (at the
5% significance level).

One limitation of our study is the possibility of unad-
justed confounding. Potential confounders which were not
measured include levels of calcium, phosphate, and para-
thyroid hormone. We also lacked data on more precise
levels of albuminuria and updated measures of comorbidity
and edema-free body weight. Another important limitation
is caused by the inverse relation between serum creatinine
levels and protein-energy wasting. Patients with decreased
creatinine turnover due to protein-energy wasting have a
false-high eGFR and a greater probability of starting dialysis
early. Since there is a strong relation between protein-energy
wasting and mortality, this may have inflated the observed
positive trend for late start of dialysis.

Another limitation is that eGFR was measured at only a
few time points and an irregular number of time points for
each patient. Thus, we had to interpolate to obtain sufficiently
dense and regular GFR trajectories. The choice of interpo-
lation algorithm is somewhat subjective, and the interpo-
lated trajectories can always be questioned to some extent.

Yet another limitation is the large number of exclusions.
We had to exclude 8% (72/920) of all patients because no
eGFR interpolation could be made (only 1 observed eGFR
value). An additional 26% (235/920) of patients had to be
excluded because they did not ‘“‘pass through’ baseline
(eGFR = 16 mL/minute/1.73 m?) during follow-up, although
this cannot be attributed to the interpolation algorithm, since
any patient with a “‘true’” eGFR trajectory below/above
16 mL/minute/1.73 m? throughout follow-up would have to
be excluded as well. The large number of exclusions induces
a larger sampling variability (e.g., larger standard errors). It
could also introduce bias if the excluded patients are not
exchangeable with the patients who have not been excluded.
This could happen, for instance, if the outcome (death) was
the main reason for having only 1 observed eGFR value.

We categorized the timing of dialysis initiation into 3
levels. To find the optimal strategy, one would ultimately
want to use more categories, or even treat the timing as
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a continuous variable. Doing so, however, would require
larger data sets and/or stronger modeling assumptions in
order to obtain stable estimates.

In conclusion, the question of when to initiate dialysis is
important and to a large extent still unsettled, although re-
cent studies such as the IDEAL Trial (1) have given support
for a later initiation than is standard clinical practice in the
United States today. We believe that the method proposed in
this paper will be highly useful in the future search for a
more definitive answer.
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