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Abstract

Objectives: In randomized controlled clinical trials, continuous outcomes are typically measured at both baseline and follow-up, and
mean difference could be estimated using the change scores from baseline or the follow-up scores. This study assesses the impact of using

change score vs. follow-up score on the conclusions of meta-analyses.

Study Design and Setting: A total of 63 meta-analyses from six comparative effectiveness reviews were included. The combined mean
difference was estimated using a random-effects model, and we also evaluated whether the impact qualitatively varied by alternative

random-effects estimates.

Results: Based on the Dersimonian—Laird (DL) method, using the change vs. the follow-up score led to five meta-analyses (7.9%)
showing discrepancy in conclusions. Based on the profile likelihood (PL) method, nine (14.3%) showed discrepancy in conclusions. Using
change score was more likely to show a significant difference in effects between interventions (DL method: 4 of 5; PL method: 7 of 9).
A significant difference in baseline scores did not necessarily lead to discrepancies in conclusions.

Conclusions: Using the change vs. the follow-up score could lead to important discrepancies in conclusions. Sensitivity analyses should
be conducted to check the robustness of results to the choice of mean difference estimates. © 2016 Elsevier Inc. All rights reserved.
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1. Introduction

In randomized controlled clinical trials (RCTs), contin-
uous outcomes are typically measured at both baseline and
follow-up time points, and mean difference is analyzed as
the effect measure. Mean difference could be estimated
using the change score from the baseline, the follow-up
scores, or the analysis of covariance (ANCOVA) model.
All these estimates provide unbiased estimates of mean dif-
ference when the clinical trials are adequately randomized,
and the distribution of the baseline outcome scores is similar.
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The distribution of the baseline outcome scores could
become imbalanced in inadequately randomized trials, for
example, due to chance, especially in small trials [1], or
due to selection bias, often caused by inadequate randomi-
zation concealment [2]. In addition, systematic attrition that
is linked to outcome may cause baseline imbalance (among
patients with follow-up scores) [3]. Baseline imbalance
occurs quite commonly in clinical trials. Hartling et al.
[4] reported that 35% of RCTs at high/unclear risk of bias
in child health had imbalanced baseline distribution.

When the baseline scores are imbalanced, using either
the change scores from the baseline or the follow-up scores
would produce biased effect estimates of mean difference
and may lead to different conclusions in individual studies.
Using the follow-up scores simply ignores baseline imbal-
ance, and using the change score, contrary to common
belief, does not address the issue of the baseline imbalance.
The change score is negatively associated with the baseline
score, and patients with a worse baseline score are more
likely to experience a high change score (regression to


Delta:1_given name
Delta:1_surname
mailto:fur@ohsu.edu
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jclinepi.2016.01.034&domain=pdf
http://dx.doi.org/10.1016/j.jclinepi.2016.01.034
http://dx.doi.org/10.1016/j.jclinepi.2016.01.034
http://dx.doi.org/10.1016/j.jclinepi.2016.01.034

R. Fu, HK. Holmer / Journal of Clinical Epidemiology 76 (2016) 108—117 109

What is new?

Key findings

e Using the change score is more likely to produce
significant results when there are discrepancies in
conclusions; using the follow-up score is more
likely to produce more conservative results.

e A significant difference in baseline scores did not
necessarily lead to discrepancy in conclusions.

e Discrepancies in conclusions due to using the
change score vs. the follow-up score could vary
based on the choice of random-effects estimates.

What this adds to what was known?

e Using the change score versus the followup score
to estimate mean difference could lead to impor-
tant discrepancies in conclusions.

What is the implication and what should change

now?

e Sensitivity analyses should be conducted to check
the robustness of results to the choice of mean
difference estimates.

the mean). For example, in an RCT [5] looking at the
short-term effects of metformin (as compared with gliben-
clamide) in patients with type 2 diabetes mellitus, one
outcome was total cholesterol. Patients randomized to the
metformin group had a mean baseline level of total choles-
terol of 5.1 mmol/L, and the mean baseline level for the
patients randomized to the glibenclamide group was
4.8 mmol/L. After 12 weeks, the mean level of total choles-
terol was 4.6 mmol/L in the metformin group and
4.9 mmol/L in the glibenclamide group. The metformin
group had a higher mean baseline cholesterol level, and
patients in that group did experience a greater decrease than
those in the glibenclamide group. Using change scores to
calculate the mean difference between the two groups
produces a statistically significant estimate of 0.6 mmol/
L, and the estimate is 0.3 mmol/L when using follow-up
scores, only half of the above difference and not significant.
In this particular example, the two estimates result in a
different conclusion on the effectiveness of metformin. In
addition, although the study concluded that metformin
may have a favorable effect on the lipid profiles [5], the
direction of mean difference estimates for high-density
lipoprotein and triglycerides when using follow-up scores
suggests favorable effects for glibenclamide. When base-
line imbalance occurs by chance, the ANCOVA method re-
moves conditional bias in treatment group comparisons and
improves efficiency over unadjusted comparisons [6—8].

The issue of baseline imbalance could be attenuated by
using the ANCOVA model to adjust for baseline imbalance
in individual studies; its impact on meta-analysis using
study-level data, although important to consider [9—11],
has not been well studied [12,13]. The difference between
estimates based on the change score and the follow-up
score would be reflected in the combined estimates and
may be accumulated in a meta-analysis to create a poten-
tially larger impact with possible implication in practice
or health policy making. Of the 263 systematic reviews that
the Agency of Healthcare Research and Quality (AHRQ)
published between 1999 and June 2012, 247 reviews
evaluated at least one continuous outcome, and 74 included
a meta-analysis of continuous outcomes. However, only
four reviews explicitly mentioned the issue of baseline
imbalance [12]. ANCOVA estimates should be used in a
meta-analysis whenever possible [9,11]; nonetheless, the
choice of mean difference estimates has to depend on the
reported data, and ANCOVA estimates may not always be
available. Estimates using the change scores or the
follow-up scores for mean difference often become the
practical choice.

Therefore, in this meta-epidemiological study, we
empirically evaluated how the choice of using the change
scores or the follow-up scores to estimate the mean differ-
ence impacted the meta-analyses and whether the impact
qualitatively varied by the comparator (whether the
intervention was compared to a control group, or multiple
interventions were compared to each other) or linked with
differences in baseline scores. For this article, we specif-
ically looked at mean difference for continuous outcomes
measured in the same scale. In addition, we evaluated
how different random-effects model estimates might affect
the impact of the choice of mean difference estimates. A
random-effects model is generally recommended for
combining continuous outcomes, and recently, there has
been a call to use alternative random-effects estimates to
replace the universal use of Dersimonian—Laird (DL)
random-effects model [14].

2. Methods
2.1. Selection and abstraction of data

Within the AHRQ Evidence-based Practice Center
(EPC) Program, EPCs conduct comparative effectiveness
reviews (CERs) of treatment options for the Effective
Health Care Program [15]. From the 63 CERs conducted
from 2005 to June 2012, 19 included a meta-analysis using
mean difference and we selected six CERs to evaluate the
impact of using the change score or the follow-up score
to estimate the mean difference. To be included, the CER
had to include at least one meta-analysis for continuous
outcomes using mean difference. Only meta-analyses of
at least three RCTs were included in this study, and we
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Table 1. Included comparative effectiveness reviews and continuous outcomes

Publication Number of
Comparative effectiveness review title year Continuous outcomes meta-analyses
Pain management interventions for hip fracture [16] 2011 Acute pain 1
Diagnosis and treatment of obstructive sleep apnea in 2011 Apnea-hypopnea index (AHI), Epworth Sleepiness 6
adults [17] Scale (ESS)
Nonpharmacologic interventions for treatment-resistant 2011 Depressive severity 3
depression in adults [18]
Second-generation antidepressants in the pharmacologic 2011 Montgomery—Asberg Depression Rating Scale 1
treatment of adult depression: an update of the 2007 (MADRS)
comparative effectiveness review [19]
Oral diabetes medications for adults with type 2 diabetes: 2011 Hemoglobin A1C, weight, LDL, HDL, triglycerides 50
an update of the 2007 report [20]
Screening, behavioral counseling, and referral in primary 2012 Weekly alcohol use 2

care to reduce alcohol misuse [21]

Abbreviations: HDL, high-density lipoprotein; LDL, low-density lipoprotein.

specifically evaluated mean difference only. The CERs
were selected to cover a wide range of commonly used
continuous outcomes in health research (Table 1). We
avoided including more than one CER that evaluated the
same continuous outcome (e.g., if two CERs examined
lipid variables or HbA1C, we picked only one of them).
We only considered the updated review if there was an
earlier review and an updated version. Finally, additional
CERs were excluded if they only included variables that
were not measured at both baseline and follow-up (e.g.,
birth weight, length of stay) or lacked forest plots to iden-
tify which studies and data were included in the meta-
analyses.

A total of 63 meta-analyses were evaluated in this study.
For each meta-analysis, we identified all original publica-
tions. One investigator abstracted data on outcomes,
comparison groups, the analysis method, all data at baseline
and follow-up, and any change data, including ANCOVA
estimates; a second investigator reviewed data abstraction
for accuracy. We abstracted data based on the comparisons
and time points included in each meta-analysis in the CER
but did not use data from the CERSs in our evaluation as the
data from the CERs were not adequate in this study.

2.2. Statistical analysis

For each meta-analysis, we calculated two estimates of
mean difference and the associated standard errors based
on change score and follow-up score. When the standard
deviation for baseline or follow-up score was missing, it
was imputed using the mean standard deviation from
studies with reported standard deviations in that meta-
analysis. The standard deviation of the change score, when
not reported, was calculated from baseline and follow-up
standard deviations by assuming that the correlation
between baseline and follow-up scores was 0.5. When
mean difference could not be calculated based on change
scores or follow-up scores due to inadequately reported
data, we used the ANCOVA estimate or other estimate of
mean difference reported in the publication (e.g., an

estimate from a mixed effects model). When studies re-
ported geometric mean and its standard deviation, we con-
verted them to the mean and standard deviation on the raw
scale [22].

The mean difference estimates based on the change
score or the follow-up score were combined using
random-effects models. Given that different random-
effects estimates might affect the results of using different
mean difference estimates, we evaluated alternative
random-effects estimators and each meta-analysis was
conducted using six random-effects estimates: the DL
method, the profile likelihood (PL) method, the maximum
likelihood (ML) method, the restricted maximum likeli-
hood (REML) method, the permutation (PE) method, and
the Knapp—Hartung (KH) modification of random-effect
estimate [23]. The primary analyses focused on results from
the DL and PL methods as they are the methods with better
performance [24,25]. We also assessed whether the baseline
scores imbalance was due to chance by meta-analyzing the
baseline score differences between treatment groups [10].
The patterns of baseline scores imbalance across the
included studies could vary. However, if the baseline scores
imbalance occurred by chance, the combined overall
baseline score difference between treatment groups should
be close to zero, in particular when the number of studies
and the total number of patients randomized are large. This
is a different issue from evaluating baseline scores
imbalance within a single RCT [8,26,27].

We assessed the presence of statistical heterogeneity
among the studies by using the standard Cochran’s
chi-square test and the magnitude of heterogeneity by using
the I? statistic [28]. In addition, we conducted sensitivity
analyses by using ANCOVA estimates whenever available
and by assuming different values of correlation between
baseline and follow-up scores. Sensitivity analyses pro-
duced similar results and were not further reported. We
did not use the ANCOVA estimates in the primary analyses
as we aimed to focus on the comparison between using the
change vs. the follow-up score. For each random-effects es-
timate, we qualitatively compared the combined estimates
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using the change score and follow-up score to see whether
there was discrepancy in conclusion. Discrepancy in
conclusion means one estimate shows statistically signifi-
cant difference and the other estimate does not (e.g., the
combined estimate using mean difference based on the
change score shows a significant difference, while using
the follow-up score does not; or vice versa). Furthermore,
qualitative difference means that two estimates show differ-
ence in the magnitude of effect, but no discrepancy in
conclusion.

All analyses were performed using Stata/IC 13.1
(StataCorp, College Station, TX, USA).

3. Results

A total of 63 meta-analyses from six CERs [16—21]
were included in the following evaluation.

3.1. Impact of the mean difference estimates

These meta-analyses included 156 trials, among which
58 trials (37.2%) reported using the ANCOVA model,
although only 16 trials (27.5% of 58) reported at least
one ANCOVA estimate. Comparisons of results using the
change score vs. the follow-up score based on DL and PL
methods are shown in Tables 2 and 3. Table 3 presents only
meta-analyses with discrepancy in conclusion or significant
baseline differences. The complete results for all analyses
based on all six random-effects estimates are shown in
Appendices A and B at www.jclinepi.com.

Based on the DL method, using the change score vs. the
follow-up score led to 5 of the 63 meta-analyses (7.9%)
showing discrepancy in conclusions, and based on the PL
method, 9 (14.3%) showed discrepancy in conclusions
(see bolded values in Tables 2 and 3). In general, using
the change score is more likely to show a significant differ-
ence in effects between interventions. For the five meta-
analyses showing discrepancies using DL method, four
showed significant differences when using the change
score, and one showed significant result when using the
follow-up score. For the nine meta-analyses showing
discrepancies using the PL method, the numbers were
seven when using the change score and two when using
the follow-up score. Therefore, using the follow-up score
is more likely to produce conservative results in this
analysis.

Compared to the DL method, estimates based on the
ML and REML methods tended to have narrower 95%
confidence intervals (CIs), although the REML method
sometimes provided more conservative 95% Cls. The PE
method worked only when there were at least six studies
in a meta-analysis and provided 95% ClIs that were much
wider and often unrealistically too wide. In addition, the
PE 95% ClIs are often practically invalid with lower
bounds like —4.8e+-15 when there were only six studies.

Using the ML method led to discrepancy in conclusions
in six meta-analyses, and the impact of the change score
vs. the follow-up score using the ML method is largely
similar to using the DL method. Interestingly, the impact
using the REML method is similar to using the PL
method, with eight meta-analyses showing discrepancy
in conclusions (see italicized values on Appendices A
and B at www.jclinepi.com). Estimates from the PE
method are not available in many cases, and the 95%
CIs of the PE method, when present, are too wide to make
meaningful comparisons. Finally, discrepancy in conclu-
sions was shown in 10 meta-analyses when using the
KH modification, the highest among the different
methods. Similarly, using the change score is more likely
to show a significant difference in effects (seven meta-
analyses) than using the follow-up score (three meta-
analyses).

3.2. Meta-analysis of intervention vs. control

Ten meta-analyses from four CERs [16—18,21]
compared an active intervention vs. a control or usual care;
outcomes analyzed were pain, apnea-hypopnea, sleepiness,
depression, and alcohol use. These meta-analyses included
from 5 to 13 studies and from 218 to 4,100 patients
(Table 2).

When the baseline imbalance occurs by chance, the
combined baseline difference across included studies
should be close to zero. The combined baseline differ-
ences indicated significant imbalance (different from zero)
in 1 of the 10 meta-analyses (apnea-hypopnea index,
bolded in Table 2), and the combined mean differences us-
ing change score vs. follow-up score also led to discrep-
ancy in conclusions in another meta-analysis (depressive
severity, bolded in Table 2). Therefore, the significant
baseline imbalance does not necessarily coincide with
the discrepancy in conclusions. For this particular case
of baseline imbalance (apnea-hypopnea index), the magni-
tude of the mean difference is large so the baseline differ-
ence only led to qualitative differences in the combined
mean difference. For the one meta-analysis showing
discrepancy in conclusions, using the change score
showed significant results based on both the PL. and DL
methods (as well as the REML method and the KH modi-
fication method, Appendix A at www.jclinepi.com). More
interestingly, except for one meta-analysis (acute pain,
skin traction vs. no traction), the combined mean differ-
ence using the change score consistently showed a larger
intervention effect than the combined mean difference us-
ing the follow-up score, and the combined mean differ-
ence using the follow-up score produced an intervention
effect about 20% smaller on average, ranging from 5%
to more than 40%.

For these comparisons, the magnitude of heterogeneity
and the results of testing heterogeneity were generally
similar between the two estimates.
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Table 2. Comparison of combined mean differences using change score and follow-up score (treatment vs. control) based on PL and DL methods

Outcome: Number of studies Percentage
Comparative comparison (N); group # 1 and Baseline Difference in Difference in difference in
effectiveness (group # 1 vs. group # 2 total sample difference change scores follow-up scores combined
review group #2) size (min—max) (95% Cl) (95% CI) (95% CI) estimates
Pain management Acute pain: 13 studies; #1: PL: —0.30 PL: 0.43 PL: 0.12 PL: 73%;
interventions skin traction 568 (30—-166) (-0.81, 0.26); (—0.14, 1.00); (-0.33, 0.62); DL: 72%
for hip VS. No #2: 662 DL: —0.28 DL: 0.43 DL: 0.12
fracture [16] traction (34—151) (—0.84, 0.28); (-0.13, 0.99); (—0.32, 0.56);
P =77.2%; P = 76.5%; P = 63.2%;
P < 0.001 P < 0.001 P = 0.008
Diagnosis and Apnea- 6 studies; #1: PL: 2.21 PL: —27.02 PL: —24.18 PL: —11%;
treatment of hypopnea 177 (12—66) (—3.44, 9.01); (—41.19, —13.63); (—-36.05, —13.15); DL: —11%
obstructive index: CPAP #2: 159 DL: 2.53 DL: —27.05 DL: —24.13
sleep apnea vs. control (12—59) (—2.80, 7.86); (—38.91, —15.19); (—33.60, —14.67);
in adults [17] P = 64.7%; P = 93.3%; P =91.9%;
P =0.015 P < 0.001 P < 0.001
Epworth 7 studies; #1: PL: —0.02 PL: —2.68 PL: —2.33 PL: —14%;
Sleepiness 448 (19-178) (—0.52, 0.49); (-4.31, -1.17); (—3.65, —1.22); DL: —12%
Scale: CPAP #2: 398 DL: —0.02 DL: —2.71 DL: —2.37
vs. control (21-181) (—0.44, 0.41); (—4.27, —-1.16); (-3.42, —1.33);
P = 0%; P = 84.3%; 2 = 54.2%;
P =0.805 P < 0.001 P =0.042
Apnea- 8 studies; #1: PL: 7.16 PL: —45.63 PL: —40.50 PL: —11%;
hypopnea 163 (15-27) (1.24, 13.09); (—58.29, —34.18); (=52.29, —29.40); DL: —11%
index: CPAP #2: 149 DL: 7.16 DL: —45.89 DL: —40.69
vs. sham (10—29) (1.26, 13.06); (—57.53, —34.25); (-52.07, —29.31);
CPAP P = 0%; 2 =70.9%; P = 82.4%;
P = 0.920 P = 0.001 P < 0.001
Epworth 11 studies; #1: PL: 0.31 PL: —2.68 PL: —2.56 DL: —5%;
Sleepiness 293 (16—52) (—0.26, 0.88); (—4.35, —1.03); (—4.20, —0.92); PL: —5%
Scale: CPAP #2: 291 DL: 0.31 DL: —2.69 DL: —2.56
vs. sham (16—49) (—0.26, 0.88); (—4.40, —0.98); (—4.21, —0.90);
CPAP P = 0%; P = 83.4%; P = 82.2%;
P = 0.920 P < 0.001 P < 0.001
Nonpharmacologic Depressive 8 studies; #1: PL: 0.64 PL: -5.44 PL: —3.07 PL: —42%;
interventions severity: 116 (7-32) (—0.53, 2.67); (-7.79, —2.67); (—6.17, 0.37); DL: —45%
for treatment- rTMS #2: 102 DL: 0.64 DL: —-5.39 DL: —2.90
resistant vs. sham (5—-31) (-0.46, 1.74); (-7.76, —3.03); (—6.51, 0.71);
depression in (condition P = 0%,; P = 43.9%; P = 79.2%;
adults [18] = Tier 1, P = 0.520 P = 0.086 P < 0.001
MDD)
Depressive 11 studies; #1: PL: 0.68 PL: —5.69 PL: —3.91 PL: —36%;
severity: 197 (7-36) (-0.37, 2.28); (—7.81, —3.48); (—6.28, —1.40); DL: —37%
rTMS #2: 149 DL: 0.68 DL: —5.67 DL: —3.84
vs. sham (56—-31) (—0.28, 1.64); (—7.78, —3.56); (—6.48, —1.20);
(condition P = 0%; P = 54.4%; ? = 73.6%;
= Tier 1) P = 0.452 P =0.015 P < 0.001
Depressive 12 studies; #1: PL: —0.01 PL: —4.72 PL: —3.44 PL: —26%;
severity: 374 (7—155) (—0.60, 0.76); (-7.10, —2.32); (—5.94, —0.80); DL: —26%
rTMS #2: 364 DL: —0.01 DL: —4.71 DL: —3.44
vs. sham (5—146) (—0.60, 0.54); (-7.13, —2.30); (—5.83, —1.04);
(condition P = 0%; P = 80.4%; P =79.3%;
= Tier 1&2, P = 0.688 P < 0.001 P < 0.001
MDD)

(Continued)
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Table 2. Continued
Outcome: Number of studies Percentage
Comparative comparison (N); group # 1 and Baseline Difference in Difference in difference in
effectiveness (group # 1 vs. group # 2 total sample difference change scores follow-up scores combined
review group #2) size (min—max) (95% Cl) (95% CI) (95% CI) estimates
Screening, Drinks/week: 11 studies; #1: PL: 0.61 PL: —3.12 PL: —2.50 PL: —20%;
behavioral BCl vs. 1,647 (39-353) (—-0.25 1.61); (—4.26, —2.31); (—4.04, —1.21); DL: —20%
counseling, control #2: 1,556 DL: 0.61 DL: —3.23 DL: —2.59
and referral in (adults, 6 (32—-376) (—0.23, 1.46); (—4.21, —2.24); (—4.06, —1.12);
primary care to months) P = 0%; P = 13.9%; P = 46.3%;
reduce alcohol P = 0.490 P=10.311 P = 0.046
misuse [21]
Drinks/week: 13 studies; #1: PL: 0.46 PL: —3.70 PL: —2.92 PL: —21%;
BCl vs. 2,088 (33-371) (-0.40, 1.28); (—4.64, —2.81); (—4.91, —0.80); DL: —-21%
control #2: 2,012 DL: 0.46 DL: —3.72 DL: —2.94
(adults, 12 (39-381) (-0.36, 1.27); (—4.76, —2.68); (—4.60, —1.27);
months) P = 0%; P = 16.9%; P = 57.2%;
P = 0.649 P=0.274 P = 0.005

The bold values indicate significant baseline differences or discrepancy in conclusion.
Abbreviations: BCI, behavioral counseling intervention; Cl, confidence interval; CPAP, continuous positive airway pressure; DL, DerSimo-
nian—Laird random-effects method; MDD, major depressive disorder; PL, profile likelihood method; rTMS, repetitive transcranial magnetic

stimulation.

3.3. Meta-analysis of comparison between interventions

Fifty-three meta-analyses from three CERs [17,19,20]
compared outcomes between active interventions. Most
(50) of these are from one CER [20] comparing the various
oral diabetes medications for adults with type 2 diabetes
on weight, A1C, and lipid variables. The other three
meta-analyses compared sleepiness [17] and depression
[19] variables. These meta-analyses included 3 to 17
studies and 215 to 3,252 patients (Table 3).

Based on the DL method, using the change score vs. the
follow-up score led to 4 of the 53 meta-analyses (7.5%)
showing discrepancy in conclusions, and 3 showed signifi-
cant results when using the change score. At the same time,
significant baseline differences occurred in six meta-
analyses (bolded in Table 3), and three meta-analyses
showed both significant baseline difference and discrep-
ancy in conclusions. Based on the PL method, eight
(15.1%) showed discrepancy in conclusions, with six
showing significant results when using the change score
and two using the follow-up score. Only two meta-
analyses showed significant baseline differences using the
PL method, and one is associated with a discrepancy in
conclusions. We did not calculate the percent difference be-
tween the two combined mean differences because there
was no clearly defined (active) control for these
comparisons.

For most meta-analyses, the magnitude of heterogeneity
and the results of testing heterogeneity were comparable
between the two estimates. When heterogeneity shows
difference between the two estimates, there is no clear
pattern of one estimate having more heterogeneity than
the other. In the presence of a discrepancy in conclusions,
the estimate with significant result does not necessarily
have less heterogeneity among studies (lower I° values).

In addition, the number of individual studies included in
meta-analyses with discrepant conclusions varied from 3
to 14, the total number of patients varied from a few
hundred to a few thousand, and the studies reported various
outcomes (depressive severity, scores on the Montgomery-
Asberg Depression Rating Scale, and measures of HbA1C,
weight, and lipids). These meta-analyses revealed no clear
common characteristics.

4. Discussion

The issue of baseline imbalance was inadequately
addressed in systematic reviews and CERs sponsored by
AHRQ [12]. To our knowledge, this is the first empirical
evaluation of how using the change vs. the follow-up score
would affect the combined mean differences. Discrepancy
in conclusions was shown in 5 of the 63 meta-analyses
(7.9%) using the DL method and 9 (14.3%) using the PL
method. Although the conclusions were consistent in most
cases, it was concerning that up to 14.3% of results were
not. Such discrepancy emphasizes the need for careful
selection of mean difference estimates, in particular given
the recent call for using alternative random-effects
estimates, like the PL estimate, to replace the universal
use of the DL random-effects model [14]. The common
misconception was that using change scores accounts for
baseline difference, and five of the six CERs actually used
the change score to estimate the mean difference [16—20],
although it does not address the issue. In general, the mean
difference based on the change score was more likely to
show significant results, and using the follow-up score more
likely produced more conservative results, although neither
was necessarily more accurate. These results support the
current AHRQ guidance that advises review authors to
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Table 3. Discrepancy in comparison of combined mean differences using change score and follow-up score (comparison between different

treatments) based on PL and DL methods

Outcome Number of studies

Comparative comparison (N); group # 1 and Baseline Difference in Difference in

effectiveness (group # 1 vs. group # 2 total sample difference change scores follow-up scores

review group #2) size (min—max) (95% Cl) (95% Cl) (95% Cl)

Second-generation MADRS: 6 studies; #1: PL: 0.18 PL: 2.11 PL: 2.26
antidepressants in citalopram vs. 939 (125—-214) (-0.34, 0.65); (0.08, 4.01); (-0.07, 4.43);
the pharmacologic escitalopram #2: 932 DL: 0.17 DL: 2.08 DL: 2.22
treatment of adult (108—241) (-0.28, 0.63); (0.17, 3.98); (0.06, 4.38);
depression: an P =12.7%; P = 67.8%; P = 68.7%;
update of the P = 0.333 P = 0.008 P = 0.007
2007 comparative
effectiveness
review [19]

Oral diabetes HbAlc: 14 studies; #1: PL: —0.02 PL: —0.11 PL: —0.05
medications for metformin vs. 1,132 (13-501) (-0.10, 0.06); (-0.19, —0.03); (-0.19, 0.10);
adults with type thiazolidinediones #2: 1,127 DL: —0.02 DL: -0.11 DL: —0.05
2 diabetes: an (14—499) (-0.11, 0.07); (—0.21, 0.003); (-0.19, 0.08);
update of the = 9.7%; P = 24.9%; ? = 58.0%;
2007 report [20] P =0.347 P=0.186 P = 0.003

HbA1lc: metformin 11 studies; #1: PL: -0.16 PL: 0.63 PL: 0.50
vs. metformin and 1,428 (34—-277) (—0.28, —0.03); (0.43, 0.85); (0.28, 0.73);
thiazolidinediones #2: 1,688 DL: —0.16 DL: 0.64 DL: 0.51
(60—296) (-0.29, -0.03); (0.44, 0.83); (0.27, 0.74);
P = 69.6%; I? = 85.5%; P = 93.4%;
P = 0.001 P < 0.001 P < 0.001
HbAlc: 6 studies; #1: PL: —0.12 PL: —0.05 PL: —0.17
metformin and 847 (37-320) (-0.24, 0.01); (-0.15, 0.07); (—0.26, —0.06);
sulfonylureas vs. #2: 871 DL: —0.13 DL: —0.05 DL: —-0.17
thiazolidinediones (34—-319) (-0.22, —-0.03); (—0.15, 0.05); (—0.26, —0.07);
and sulfonylureas P = 8.3%; P = 0%,; P = 30.7%;
P = 0.363 P=0.628 P = 0.205
Weight: metformin 8 studies; #1: PL: 1.67 PL: —2.24 PL: —0.63
vs. sulfonylureas 718 (21-164) (0.12, 3.21); (—2.75, —1.79); (—2.14, 0.85);
(studies <24 #2: 797 DL: 1.67 DL: —2.23 DL: —0.63
weeks in duration) (18—161) (0.16, 3.18); (—2.64, —1.83); (—2.12, 0.85);
P = 0%: P =2.8%; P = 0%;
P = 0.939 P = 0.408 P =0.883
Weight: metformin 4 studies; #1: PL: 1.75 PL: —2.69 PL: —0.94
and sulfonylureas 653 (37—320) (-2.86, 6.12); (—3.84, —1.55); (-6.11, 3.97);
vs. combination #2: 646 DL: 1.67 DL: —2.69 DL: —1.04
thiazolidinediones (34—-319) (-2.82, 6.16); (—3.75, —1.63); (—6.51, 4.43);
and sulfonylureas. P = 87.5%: P =78.1%; P = 90.8%;
P < 0.001 P = 0.003 P < 0.001
LDL: metformin 6 studies; #1: PL: 2.10 PL: —12.54 PL: —14.01
vs. rosiglitazone 198 (9-117) (-4.19, 8.89); (—22.24, -5.88); (—-29.49, 2.27);
#2:213 DL: 2.10 DL: —13.26 DL: —13.94
(14—128) (—3.96, 8.16); (—20.55, —5.97); (-27.56, —0.33);
P = 0.0%; P = 58.0%; P = 65.7%;
P = 0.682 P = 0.036 P=0.012
HDL: metformin 6 studies; #1: PL: does not PL: —0.60 PL: 0.45
vs. rosiglitazone 198 (9—117) converge; (—1.66, 2.32); (—-2.98, 3.83);
#2: 213 DL: —2.41 DL: —0.05 DL: 0.45
(14—128) (—4.40, —0.42); (-1.88, 1.77); (—2.94, 3.83);
P = 0.0%; P = 42.6%; = 0%;
P=0.673 P=0.121 P =0.922

(Continued)
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Outcome Number of studies
Comparative comparison (N); group # 1 and Baseline Difference in Difference in
effectiveness (group # 1 vs. group # 2 total sample difference change scores follow-up scores
review group #2) size (min—max) (95% CI) (95% CI) (95% CI)
HDL: metformin vs. 3 studies; #1: PL: 0.71 PL: 1.43 PL: 2.11
DPP-4 inhibitors 913 (241-427) (-0.27, 1.67); (—0.004, 3.25); (0.71, 3.90);
#2: 791 DL: 0.71 DL: 1.51 DL: 2.20
(95—440) (-0.22, 1.64); (0.13, 2.90); (0.81, 3.58);
P = 0.0%; P = 34.1%; 2 = 33.9%;
P=10.787 P=10.219 P =0.220
HDL: pioglitazone 6 studies; #1: PL: 1.38 PL: 5.30 PL: 6.37
vs. sulfonylurea 304 (17-91) #2: 311 (-0.02, 2.70); (3.48, 6.96); (3.53, 8.85);
(18—109) DL: 1.38 DL: 5.28 DL: 6.33
(0.07, 2.67); (3.47, 7.08); (4.02, 8.63);
2 = 0.0%; P = 43.3%; ? = 60.5%;
P = 0.706 P=0.117 P = 0.027
Triglycerides: 11 studies; #1: PL: 17.19 PL: —17.22 PL: —5.85
metformin vs. 812 (19-210) (—2.50, 23.41); (—28.68, —4.88); (-23.61, 10.61);
sulfonylureas #2: 858 DL: 17.19 DL: —17.22 DL: -6.44
(18—209) (10.97, 23.41); (—28.68, —5.75); (—24.54, 11.65);
P = 0.0%; P = 0.0%; P = 67.9%;
P = 0.500 P = 0.669 P = 0.001

The bold values indicate significant baseline difference or discrepancy.

Abbreviations: Cl, confidence interval; DL, DerSimonian—Laird random-effects method; DPP-4, dipeptidyl peptidase-4; HbAlc, hemoglobin
Alc/glycated hemoglobin; HDL, high-density lipoprotein; LDL, low-density lipoprotein; MADRS, Montgomery-Asberg Depression Rating Scale;

PL, profile likelihood method.

conduct sensitivity analyses using both scores to assess the
robustness of results to the choice of mean difference esti-
mates [11].

It was interesting that in the meta-analyses of interven-
tion vs. controls, the combined mean differences using
the change score consistently showed larger treatment
effect in all but one meta-analysis, and the relative differ-
ence could be as large as over 40% higher. Because the
change score was negatively associated with the baseline
score, such results would occur when the baseline scores
in the intervention groups were systematically worse [29].
This was also roughly shown by the combined baseline
differences and suggested potential bias in randomization
that may not be due to chance (patients with a condition,
i.e., more severe were more likely to be randomized to
the intervention group). Baseline imbalance due to system-
atic bias poses a more serious problem than baseline imbal-
ance due to chance, which would not be as effectively
adjusted for by using ANCOVA models. This finding
warrants further study to evaluate its prevalence and impact
in the literature.

Whenever there is baseline imbalance, using the change
vs. the follow-up score to estimate mean difference would
lead to some qualitative difference in the combined mean
difference. Nevertheless, significant baseline difference
does not necessarily lead to discrepancy in conclusions,
and discrepancy in conclusions does not necessarily occur
when there is significant baseline difference. No other com-
mon characteristics relating to the size and number of

included studies, type of outcomes, and between-study het-
erogeneity among discrepant meta-analyses were identified.
When the correlation between baseline and follow-up is
large, the standard error of the mean difference based on
the change score will be smaller than that of the mean dif-
ference based on the follow-up score. This may play a role
why the mean difference based on the change score was
more likely to show significant results.

Both qualitative difference and discrepancy in conclu-
sions are important. Sometimes, discrepancy in conclusions
only reflects small shifts in numerical values. However,
such shifts could be critical to consider and may have
potential health policy implications because it is unavoid-
able to use the cutoff points of P-values in the current
scientific world and some health decisions could be
affected by such shifts. Although this study is not powered
to look at the association between significant baseline
difference and discrepancy in conclusions, in theory,
discrepancy in conclusions should be a function of the
magnitude of baseline difference, magnitude of effect,
and heterogeneity between (and within) studies. When the
significance of effect is closer to borderline, significant
baseline difference may be more likely to lead to discrep-
ancy in conclusions. Whether significant baseline differ-
ence is directly linked with discrepancy in conclusions, it
highlights the importance to evaluate baseline imbalance
for each meta-analysis.

Results on discrepancy in conclusions based on the ML
method were similar to the DL method, and those based on
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the REML method were similar to the PL. method. Further-
more, an additional purpose of comparing these methods
was to provide some empirical examples and practical
sense of how much the estimates differed among the
methods. The results were consistent with simulation
studies in that the DL and PL methods generally provided
wider CIs and better coverage probability than the ML
and REML methods, although the PL method did not
converge in a small proportion of meta-analyses, and the
95% CIs based on the PE method are too wide and conser-
vative for general use [24,25]. Interestingly, the KH
modification produced most discrepancies, and it generally
produced a wider CI than the DL and PL methods.
Although the KH modification has been shown to result
in more adequate error rates than the DL method [30], its
overall performance has been shown not to be better than
the DL and PL methods [24].

We did not use the Trowman’s method [10] or the
modified Trowman’s method [9] to adjust the summary
baseline score using meta-regression because it has been
shown that such methods could provide misleading results
[9]. Meta-regression adjusts the summary baseline score on-
ly in the study level and ecological fallacy could play a role
here. However, the evidence was still limited, and more
research is needed to determine whether adjusting the
summary baseline score in a meta-regression is useful at all.

In the presence of baseline imbalance, the ANCOVA
estimates should be used in a meta-analysis whenever
reported [9,11]. Unfortunately, in this study, we found that
the reporting of ANCOVA estimates has been poor,
although many trials used an ANCOVA model in their
analyses. The importance of adequate reporting of such
estimates needs to be better recognized among the authors
and journal editors. The actual ANCOVA estimates should
be reported when such analyses are conducted so they can
be properly used in evidence synthesis and potential health
policy decision making. On the other hand, this is one
situation where availability of individual participant data
(IPD) would provide the best solution, as baseline imbal-
ance could be consistently adjusted using the ANCOVA
model across studies. IPD could also help address the
concern that systematic attrition may lead to baseline
imbalance (among patients with follow-up scores) [3].

We tried to evaluate a wide range of outcomes in this
analysis, but choice of outcomes was limited by the
outcomes studied in CERs published by AHRQ during
the study period and by our focus on evaluating outcomes
measured on the same scale using mean difference. Most
outcomes were related to diabetes and came from one
review [20] with multiple studies included in more than
one meta-analysis. This would affect the generalizability
of the results. However, these meta-analyses did address
multiple research questions, outcomes, interventions, and
comparators, and it was valuable to study the choice of
estimates for mean difference in such a complex CER.
Many other commonly used continuous outcomes such as

pain, quality of life, and functional status were not assessed
or not adequately assessed. They will be evaluated in future
research, likely using standardized mean difference (SMD).
Baseline imbalance and the choice of the scores have
further implications on estimating SMD. The standard devi-
ation is also involved in calculating SMD, and the standard
deviations are calculated differently when using the change
score vs. the follow-up score. Although da Costa et al. [13]
found no evidence for systematic differences between
SMDs derived from the follow-up and the change pain
scores without evaluating the impact of baseline scores,
as with mean difference, the overall evidence is limited.

Only RCTs were included in this study, and RCT is the
most commonly used study design of the included studies
in CERs to evaluate effectiveness. Other designs, such as
cohort or other observational studies, were not considered.
The issue of baseline imbalance in observational studies is
inherently different from RCTs because baseline balance is
not expected and Lord’s paradox could further complicate
the analysis [31].

In summary, using the change score vs. the follow-up
score to estimate mean difference could lead to important
discrepancies in conclusions. Using the change score is
more likely to produce significant results when there are
discrepancies in conclusions, and using the follow-up score
is more likely to produce more conservative results. Sensi-
tivity analyses should be conducted to check the robustness
of results to the choice of mean difference estimates.
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