Accepted Manuscript

Magnitude and Direction of Missing Confounders had Different Consequences on
Treatment Effect Estimation in Propensity Score Analysis

Tri-Long Nguyen, Gary S. Collins, Jessica Spence, Charles Fontaine, Jean-Pierre
Daures, P.J. Devereaux, Paul Landais, Yannick Le Manach.

PII: S0895-4356(16)30346-8
DOI: 10.1016/j.jclinepi.2017.04.001
Reference: JCE 9365

To appearin:  Journal of Clinical Epidemiology

Received Date: 12 August 2016
Revised Date: 19 January 2017
Accepted Date: 4 April 2017

Please cite this article as: Nguyen T-L, Collins GS, Spence J, Fontaine C, Daurées J-P, Devereaux

PJ, Landais P, Le Manach. Y, Magnitude and Direction of Missing Confounders had Different

Consequences on Treatment Effect Estimation in Propensity Score Analysis, Journal of Clinical

Epidemiology (2017), doi: 10.1016/j.jclinepi.2017.04.001.

This is a PDF file of an unedited manuscript that has been accepted for publication. As a service to
our customers we are providing this early version of the manuscript. The manuscript will undergo

copyediting, typesetting, and review of the resulting proof before it is published in its final form. Please
note that during the production process errors may be discovered which could affect the content, and all

legal disclaimers that apply to the journal pertain.



http://dx.doi.org/10.1016/j.jclinepi.2017.04.001

Magnitude and direction of missing confounders had different consequences on

treatment effect estimation in propensity score analysis

Tri-Long Nguyent Gary S. Colling,Jessica SpenéeCharles Fontainé,Jean-Pierre Daurés,
P.J. DevereaukPaul Landaig,Yannick Le Manach.

! Laboratory of Biostatistics, Epidemiology, ClinicResearch and Health Economics,
EA2415, Montpellier University, Montpellier, Frand@epartments of Anesthesia & Clinical
Epidemiology and Biostatistics, Michael DeGrooteh&u of Medicine, Faculty of Health

Sciences, McMaster University and the PerioperaResearch Group, Population Health
Research Institute, Hamilton, Canada.

2 Centre for Statistics in Medicine, Nuffield Depaent of Orthopaedics, Rheumatology and
Musculoskeletal Sciences, Botnar Research Centnejetsity of Oxford, Windmill Road,
Oxford, United Kingdom.

% Departments of Anesthesia & Clinical Epidemiolagyyd Biostatistics, Michael DeGroote
School of Medicine, Faculty of Health Sciences, Matér University and the Perioperative
Research Group, Population Health Research Irstilamilton, Canada.

* Laboratory of Biostatistics, Epidemiology, ClinicResearch and Health Economics,

EA2415, Montpellier University, Montpellier, France

° Laboratory of Biostatistics, Epidemiology, ClinicResearch and Health Economics,

EA2415, Montpellier University, Montpellier, France

® population Health Research Institute, David Braleydiac, Vascular and Stroke Research
Institute, Perioperative Medicine and Surgical Rese Unit & Departments of Clinical
Epidemiology and Biostatistics and Medicine, Midh&eGroote School of Medicine,
Faculty of Health Sciences, McMaster Universityntlgon, Canada.

" Laboratory of Biostatistics, Epidemiology, ClinicResearch and Health Economics,
EA2415, Montpellier University; Department of Biasstics, Clinical Research and Medical
Informatics, Nimes University Hospital, France.



8 Departments of Anesthesia & Clinical Epidemiolagyyd Biostatistics, Michael DeGroote
School of Medicine, Faculty of Health Sciences, Maltér University and the Perioperative

Research Group, Population Health Research Irstilamilton, Canada.

Corresponding author:

Yannick LE MANACH, MD, PhD;

Departments of Anesthesia & Clinical Epidemiologyl 8iostatistics; Michael DeGroote
School of Medicine; Faculty of Health Sciences, Mxter University. Hamilton, Ontario,

Canada.

Population Health Research Institute; David Bradlaydiac, Vascular and Stroke Research

Institute; Perioperative Medicine and Surgical Reske Unit; Hamilton, Ontario, Canada.

Phone: (905) 527-7327; email: yannick.lemanach @qsnri

Author contributions:

- Study concept and design: Nguyen, Collins, Le Manach.

- Analysisand interpretation: Nguyen, Collins, Le Manach.

- Drafting of the manuscript: Nguyen, Collins, Le Manach.

- Critical revision of the manuscript for important intellectual content: Nguyen,

Collins, Spence, Fontaine, Daurés, Devereaux, liafiddaManach.

Financial support:

None.
Conflict of interest:
The authors declare no conflict of interest.

Acknowledgements:

We would like to thank Dr Jennifer de Beyer (CeffitreStatistics in Medicine, University of
Oxford, UK) for proof reading the manuscript. Wermity thank Sarah Kabani for her erudite

expertise in editing the manuscript.



ABSTRACT
Objective: Propensity score (PS) analysis allows an unbiaséichate of treatment effects,
but assumes that all confounders are measured. $8essed the impact of omitting

confounders from a PS analysis on clinical decism@king.

Study Design and Setting: We conducted Monte Carlo simulations on hypotlagtic
observational studies based on virtual populatiand on the population from a large
randomized trial (CRASH-2). In both series of siatidns, PS analysis was conducted with
all confounders and with omitted confounders, wigre defined to have different strengths
of association with the outcome and treatment exgo#fter inverse probability of treatment

weighting, we calculated the absolute risk diffeesmand numbers needed to treat (NNT).

Results: In both series of simulations, omitting a confountteat was moderately associated
with the outcome and exposure led to negligibles loia the NNT scale. The bias induced by
omitting strongly positive confounding variablesnaned below 15 patients to treat. Major
bias and reversed effects were found only whentomitighly prevalent, strongly negative

confounders that were similarly associated with dhtcome and exposure with odds ratios
greater than 4.00 (or < 0.25). This omission wa@panied by a substantial decrease in

analysis power.

Conclusion: The omission of strongly negative confounding alea from a PS analysis can
lead to incorrect clinical decision-makingowever, omitting these variables also decreases

the analysis power, which may prevent the reporiingjgnificant but misleading effects.
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INTRODUCTION

Propensity score (PS) analysis is a popular mefbodctausal inference in observational
studies [1, 2]. When conducting a randomized cdiettotrial (RCT) is impractical for
technical or ethical reasons [3], PS analysis caruded to estimate treatment effects and

guide clinician decisions.

Sometimes called the “balancing score,” the PSefndd as the conditional probability of
receiving the treatment of interest given a senelsured covariates [4]. The PS can be used
to design a framework in which the covariates adariced across treatment groups, as in an
RCT. To provide unbiased estimates of causal eff&§ analysis assumes that all
confounding variables are measured [4]. If confaradire omitted, PS analysis is exposed to
confounding bias that can either exaggerate (pesttbnfounding) or underestimate (negative
confounding) the apparent treatment effect [5]. thust al. showed that PS models should
only include true confounders to optimally balat@@tment groups and remove confounding
[6]. However, recent systematic reviews have hgitied the lack of discussion on PS
modeling in the literature [1, 2]. A large proportiof published observational studies do not
explicitly state the type of variables included tieir PS models. Clearly distinguishing
between true confounders and other variables fgulif in practice and recording all true
confounders remains a challenge. Thus, the omigdiconfounders in PS analysis may pose

a threat to current studies.

Although we know that unmeasured confounders magdoce bias into a PS analysis [4],
the effect of this bias on clinical decision-makimas not yet been explored. We hypothesized
that the effect of the bias would vary accordingtie direction (positive or negative
confounding) and the strength of the associatiowéen the unmeasured confounders and

either the outcome or treatment exposure.



We present two series of Monte Carlo simulatioresseldl on virtual populations and on a
published data set. We evaluate how the directohstérength of confounding affects medical

decision-making when confounders are omitted frdabaanalysis.



METHODS

We conducted two series of Monte Carlo simulatimme on fictive data and one on a real-

world data set collected in a large RCT, CRASH-28]7

Simulations on fictive data

We generated a fictive data set (sample size =02y0ts) that mimicked real perioperative
settings [9, 10], by using an approach similar &o§uchi’'s method [11]. We created 14
random standard normal variables. These base etemnvere designed to take into account
different degrees of correlation, as showrFigure 1 We dichotomized these variables on
cut-off values that allowed us to obtain realistavariates, the prevalence of which agreed
with perioperative recorded data (e.g. comorbidityysiological and biological status). We
added a 15th variable that was a combination obther variables and mimicked the cardiac
risk index established by Lest al [12]. The data set was thus composed of 15 eapdan
variables (W-W3s). The treatment (Z) and outcome (Y), both binargre defined by logistic
models Appendi}. The model coefficients were set for an expetteatment exposure, p(2),

of 0.35-0.45 and an expected outcome prevalen¥@, pf{ 0.08-0.12.

We used five true confounders (\WW,, W7, W1; and W3). We focused on the effect of
omitting W;, a binary variable that mimicked the hypertenstatus. W was designed for a
high population exposure: p@\= 0.48. We defined seven values fgandaz, which are the
odds ratio for the exposure and outcome, respégtiviel?7, 0.25, 0.5, 1, 2, 4 and 6.
Combining these values gave 49 scenarios, whictkesepted different associations between

W- and the outcome and exposure.

The treatment was designed to have a protectivditiomal effect, with an odds ratio of 0.60

(log-odds ratio of -0.51), in alignment with pulblesi perioperative studies [13-15]. As the



odds ratio has been criticized for its poor clihiteaning [16], we computed the true average

treatment effect (ATE) as an absolute risk diffeee(ARD):

p(Y1) — p(Y),

where p(Y) is the expected outcome prevalence if every stibyas treated and pfYis the
expected outcome prevalence if no subjects weatetlg17]. Using this definition, the ATE
only depended on the outcome model, not the expodire true ATE therefore had seven
values, driven by the sevesn values that resulted in seven outcome models. ¥flaat! the
interceptag for each value o#; so that every outcome model had an ATE of -0.Qdn{mer

needed to treat: 25), allowing the outcome modelsetdirectly compared.

For each scenario, we estimated the ARD by PS sisalising the inverse probability of
treatment weighting [18]. The PS was estimated bygéstic regression that included all 15
explanatory variables (WW35) as main effects. We recognize that includingrursental
variables inflates the bias and believe this maoaddie realistic [2] rather than optimal [6, 19,
20]. We then removed Wfrom the analysis and defined the weights for timgapseudo-
populations as W = 1/PS in the treated and W =R&} in the control units to estimate the

ATE [18]. We calculated the ARD on the weighted p&es.

To assess the clinical meaning of the estimatescameputed the number needed to treat
(NNT) to prevent one outcome as NNT = -1/ARD. Wigkated the empirical power of each
analysis as the percentage of statistically sigaifi estimates (P < 0.05). We reported the
bias, expressed on the ARD and the NNT scale, edldny omitting W as the difference

between the true ATE and the estimate obtained then#®S analysis that omitted; W

The analysis was conducted 1,000 times on eachasoengiving a total of 49,000

simulations.



[lustrative example: simulations on CRASH-2 data

We used the open-access data from the CRASH-2aiah illustrative example [7, 8] (data

set available at https://ctu-app.lshtm.ac.uk/fre#hi CRASH-2 was a large multicenter RCT

conducted in 40 countries that recruited 20,211eptd. It assessed the effect of tranexamic
acid (TXA) versusplacebo on all-cause mortality within 28 days fiautna patients with
significant hemorrhage [7]. It reported an occuceenf death of 14.5% in the treatment group
versusl16.0% in the control group [7], giving an estinta&TE, calculated as the ARD, of -

0.015 (NNT = 67 patients).

We only used complete cases from the CRASH-2 dzttg§9%5% of the initial sample, N =
19,128) that recorded age, systolic blood pres§¢BBP), respiratory rate (RR), heart rate
(HR), the Glasgow coma score (GCS), central capiliefill time (CC) and penetrating injury
(PIN). Perel et al developed a prognostic model [21] (available at

www.sealedenvelope.com/trials/crash2model//) on @RASH-2 data set and externally

validated it on data from the Trauma Audit ReseaNgtwork. We used this model to
calculate the expected outcome prevalence if egaiject was treated, p{)Y and the
expected prevalence if no subjects were treatéth) pL7]. The expected ATE, calculated as
p(Y1) - p(Yo), should be similar to the result presented in @GASH-2 trial. As the effect
was calculated without considering the time of TXA placebo administration [7], we
dropped the interaction terms between TXA and therd since injury from the prognostic

model and slightly modified the TXA coefficiergpendi).

To first check the assumption that this model ptedian ATE that agreed with the reported
ARD, we simulated 1,000 RCTs by bootstrapping thieal sample and randomly assigning
the treatment following a binomial distribution tiprobability 0.5. Using this model, we

computed the outcome probability, p(Y), in the teeaand control groups. The outcome

occurred when p(Y) was greater than u ~ U(0,1). Sineulated median mortality rate was
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15.2% across all of the samples, with 14.7% inthated and 16.3% in the controls (ADR = -

0.016), which agreed with the original CRASH-2 n¢[j@].

Next, given that this model agreed with a realistienario, we used it to simulate a series of
observational studies. Since treatment is not alkxt at random in observational studies, we
mimicked clinical decision-based allocations byilatiting TXA to each patient according to
their clinical characteristics. In 1,000 independenotstrapped samplese( 1,000 simulated
observational studies), we administered TXA to rmaypatients who were more likely to be:
in shock (SBP < 75 mmHg, HR > 110 beats/min and>CE s); be elderly; live in high-

income countries. The corresponding true PS mad&lgorted in the Appendix.

All of the variables in this model were binary, ept Age, which was continuous and linear:
MIC = 1 if the patient lived in a middle-income c¢try, LIC = 1 if the patient lived in a low-
income country, SBRBinary = 1 if SBP < 75 mmHg, HBnary = 1 if HR > 110 beats/min and
CGoinary= 1 if CC > 2 s. According to the outcome modes, vad five true confounders (MIC,
LIC, SBP, HR and Age) and one treatment predidB€)( TXA was actually administered
when p(TXA) was greater than~ U(0,1). The coefficients were chosen to setetkgected

treatment exposure, p(TXA), to 0.60.

For each sample, we derived a PS model that indlatlesix covariates. We then successively
removed either MIC, LIC, Age or SBP from the modBased on the estimated PS, we
created pseudo-populations using the inverse pildigadf treatment weighting and estimated
the ATE [18]. The ARD and NNT were calculated usitigg weighted samples. Each

simulation was performed 1,000 times.
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RESULTS

Simulations on fictive data

Across all of the simulations, the median treatmieajuency was 41.0% and the median
outcome prevalence was 10.0%. Despite their diftese values, which represented the
outcome odds ratio (0.17, 0.25, 0.5, 0, 2, 4 andtl® scenarios had very similar ARD
empirical reference values (-0.041, -0.042, -0.041040, -0.040, -0.040 and -0.041,

respectively, with NNT = 24, 24, 24, 25, 25, 25 &dd respectively).

As reported inTable 1 PS analysis resulted in an unbiased ARD wheaofahe confounders
were measured. If a covariate was not measurednBIgsis only led to an unbiased effect if
the covariate had no association with either thieaue or exposura,e., it was not a true

confounder.

Omitting a true confounder from the PS analysis tiediased estimates, as expected. As
depicted inFigure 2 the magnitude and direction of the bias deperatedhe association
between the confounding variable and the outconteteeatment exposure. The bias was
particularly strong when the unmeasured confoumdes strongly associated with both the
outcome and exposure. If the confounder had omp@ssociations with the outcome and
exposure (for example, as a protective factor fer éxposure, but a risk factor for the
outcome, owice-versd, its omission exaggerated the apparent effekingait further from
null (positive confounding). In contrast, if thenfounder was similarly associated with the
outcome and exposure, omitting a negative confauaidenuated the effect, bringing it closer
to null. We observed Simpson’s paradox in extreames [22], a phenomenon in which the

treatment effect was reversed from protective ronlfial.

Table 2shows the estimated effects on the NNT scalerdstigly, the bias on the NNT
scale Figure 3 was weaker if a positive confounder was not messuwith a maximum bias

11



of NNT = 14 patientsTable 3 shows that omitting a positive confounder increatee
analysis power, whereas omitting a negative cordeudecreased it. Again, the magnitude of

this variation was proportional to the strengthih&f confounding variabld-{gure 4).

Additional simulations were used to explore how ydapon exposure to the unmeasured
confounder could influence resulidure 5. We considered the worst case, which omitted a
negative confounder with outcome and treatment oalitss of 6.00, and varied its prevalence
in the population. The bias due to its omission watable only when the prevalence was

greater than 10.0%.

Simulations on CRASH-2 data

Across all of the simulations on the real-worldajahe empirical reference value of ARD
was -0.016 (NNT: 63), which agrees with the estesatported in the CRASH-2 trial (ARD
= -0.015 and NNT = 67) [7]. As reported Table 4 the estimated ARD was unbiased when
no confounders were omitted. Again, the effecttdd tnmeasured confounders on the PS
analysis depended on the direction and strengtthef association with the outcome and
treatment exposure. There were four unmeasuredgndérs: MIC (moderately associated
with both TXA and mortality), LIC (strongly assoted with TXA and moderately associated
with mortality), Age (moderately associated with AXand strongly associated with
mortality) and SBP (strongly associated with botkATand mortality). MIC and LIC were
positive confounders, while Age and SBP were nggationfounders. The bias in the
estimates had a negligible clinical effect when MLEGC or Age were omitted, as the median
NNT was at most only 14 patients to treat gredtantthe reference valu&égble 4. Due to
the inverse scale and the low ATE, there was a@laggiance in the NNT. The opposite effect
was seen when SBP was omitted from the analysigrentteatment effect was estimated to

be harmful. However, the power for detecting thasbd estimated effect was loWaple 4.

12



The simulations using real-world data confirmedribgults obtained on fictive data. Omitting
confounders from the PS analysis led to biasednasts. This bias had a negligible clinical
significance if the omitted confounder was positibeit was clinically meaningful if the
unmeasured confounder was negative and stronglgciassd with both the treatment
exposure and outcome. The estimated effects werergéy statistically insignificant, even

when the bias was clinically meaningful.

13



DISCUSSION

We have shown that omitting confounders from a R&8yais can lead to biased treatment
effects. However, this bias is only clinically meagful if the unmeasured confounders are
strongly associated with both the outcome and rireat exposure. When negative

confounders are omitted, the ATE estimator is lbassvards the null, so the analysis has a

decreased power and may miss a statistically sogmi€e.

PS analysis is based on the assumption that albenders are measured [4]. However, it is
difficult in practice to make a complete recordaifconfounders, as some may not be known.
Confounding bias is therefore a concern in obsamal studies. We found that the
magnitude of this bias was often clinically neddigi in terms of NNT. When omitted
confounders were moderately associated with the€oowt and treatment exposure, the
estimated NNT differed from the reference valueohly a few subjects. The difference was
smaller than those generally reported in meta-aeslpf RCTs [23-25]. We showed that the
magnitude of the bias increased notably when theeasured confounders were strongly
associated with the outcome and treatment expodiths. magnitude differed with the

direction of the bias.

Depending on their relationship with the exposurd autcome, confounders can lead to an
apparent treatment effect that is attenuated (negabnfounding) or exaggerated (positive
confounding) compared to the true treatment efffglctin clinical practice, treating patients
who have a lower risk for the outcome (or not ireapatients who have a greater risk of the
outcome occurring) does not make sense if the neatt is expected to be protective.
Therefore, we hypothesize that negative confoundges more common than positive
confounders in perioperative observational studiesigh this assumption does not hold for
pharmacoepidemiological studies, in which the trestt is often suspected to cause harm.

We found that omitting positive confounders did meatly change the NNT, whereas

14



omitting negative confounders caused much greai¢f Whanges. In the extreme case of
effect attenuation, omitting a major negative comider reversed the treatment effect, a
phenomenon known as Simpson’s paradox [22]. Thenpimenon was accompanied by a
substantial decrease in the analysis power andhanptobability of considering a biased

treatment effect to be significant. However, inectrconclusions will still be drawn from

these results and published in the medical liteeatfihe PS must be specified as correctly as
possible to reduce other sources of bias. Misspatidn can reduce covariates balance and

amplify confounding bias [26-28].

The strength of the association between a confouentk the exposure on the odds ratio scale
is equivalent to the factoF described by Rosenbaum [29]. Faciorquantifies the gap
between treatment attribution due to a confoundher @ndom treatment assignment. We
found that omitting confounding variables led tojonaias only if the treatment attribution
due to the unmeasured confounders was very diffeirem random assignment. This
condition was necessary but not sufficient, asuthmeasured confounders also had to be
strongly associated with the outcome to cause animgfal bias. We also showed that the
magnitude of the bias depended on the populatiqggpaxe to the strong confounding
variables. Although we hypothesize that researcheeslikely to know about any highly
prevalent, strong confounders, goodness-of-fitstg@0] and graphical assessment of

calibration curves [31] cannot be used to detenteasured confounders.

Confounding bias is a well-known problem [4], btd clinical meaning has been poorly
explored. Brooks and Ohsfeldt compared regressidnPs analysis, and found that the latter
could exacerbate bias in estimates due to unmehsordounders [32]. We did not compare
PS analysis with regression analysis. PS analygisRCTs allow a marginal effect to be
estimated, whereas regression analysis providemditonal effect. Comparing PS analysis

and logistic regression was inappropriate in thigly as these two effect estimates are not

15



collapsible on the odds ratio scale, while theyar¢he absolute risk difference scale [33-35].
Logistic regression provides an odds ratio, whiak hlso been criticized for its poor clinical
meaning [16]. As bias on an odds ratio scale idlganterpretable, simulations comparing PS
analysis with logistic regression would not expldia effect on clinical decision-making. For
all these reasons, we estimated the treatmenttedfe@n absolute risk difference, which
allowed us to report a number needed to treat. gveeawith Brooks and Ohsfeldt that non-
measurement of confounders leads to bias in esdnatfects [32]. However, we draw
different conclusions about the clinical impact tbfs bias, as we have shown that the

confounding bias is only clinically meaningful umgerticular conditions.

Our study should be interpreted in light of sonmeitiations. We explored only one method of
PS analysis (inverse probability of treatment wergl), which allowed us to estimate ATE.
We did not assess the effect of unmeasured conérsrmh the average treatment effect in the
treated estimand, which can be also be obtainedveyse probability of treatment weighting,
full matching or matching analysis [26, 36, 37].0ur simulations, we assessed the impact of
omitting one variable in the PS model. We did ngplere the scenario in which multiple
variables with moderate associations were unmedsQOnar study also only took into account
treatments with moderate effects on binary outcoiés hypothesize that the magnitude of
the bias in NNT scale would be weaker if the treattreffect was stronger, because it would
be further from null. In addition to the NNT, othmmprehensive measures of health benefit,
such as the quality-adjusted life years, shoulddyesidered in clinical decision making [38].
We did not consider interaction terms between teatment and the omitted confounder. In
addition, we focused on the treatment effect esdionaand did not report the covariate

balance in the weighted samples.

Although our simulations on fictive data was desjnto mimic large cohorts from the

perioperative literature [9, 10], we cannot be dina our virtual populations were realistic.
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We also only defined linear, additive models foe tineatment exposure.€. the true PS
model) and the outcomed. the true outcome model), even though non-lineaitg non-
additivity exist in practice. We overcame theseititions by working on published data,

choosing the CRASH-2 data set as an illustratige ca

In conclusion, we have shown that the bias indumedmitting confounders in PS analysis is
clinically meaningful under certain conditions. @timig confounders can greatly affect
clinical decision-making if the unmeasured confaensdare negative and strongly associated
with both the outcome and treatment exposure. Hewewmitting these confounders
decreases the power of the analysis, which redtlteschance that these misleading

conclusions will be considered significant and thageported.
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FIGURE LEGENDS

Figure 1. Variable definitions and data generation of virtpapulations. We used five true
confounders (W, W, W7, Wy; and W3), seven potential confounders §\WV,, Ws, Wy, Wiy,
W31, and Ws), one treatment predictor @Vand two unrelated variables §WW,4). Arrows
represent causal effects. Arcs represent corraii@md are accompanied by the correlation

coefficients.

Figure 2. Bias in estimated absolute risk difference (ARBgraomitting a confounder (Y,
according to its strength of association with th&come and treatment exposure. The

diameters of the circles are proportional to thmorted bias.

Figure 3. Bias in the estimated number needed to treat (N&ffEr omitting a confounder
(W>), according to its strength of association with ttutcome and treatment exposure. The
diameters of the circles are proportional to thmoreed bias. When the effect is reversed, the

number needed to harm is calculated.

Figure 4. Variation in the empirical power after omittingcanfounder (W), according to its
strength of association with the outcome and treatrexposure. The diameters of the circles

are proportional to the variation.

Figure 5. Estimated treatment effects and power regardiegpibpulation exposure to the
unmeasured confounder (YVFor each exposure, we repeated the PS analy¥i® times.
Shaded areas indicate reversed effects, whereuthber needed to harm is calculated instead
of the NNT. ARD, absolute risk difference; NNT, nben needed to treat; PSA, propensity

score analysis.
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Table 1. Estimated absolute risk difference (ARD), according to the association strength of a confounding variable (W) with the outcome and

treatment exposure. Medians are reported [2.5™; 97.5™ percentiles).

Propensity score analysiswith all confounders

Oddsratio for the treatment exposure

0.17 0.25 0.50 1.00 2.00 4,00 6.00
6.00 -0.042 -0.040 -0.040 -0.041 -0.040 -0.041 -0.041
[-0.071;-0.011] [-0.069; -0.014] [-0.067;-0.015] [-0.066;-0.015] [-0.066;-0.015] [-0.067;-0.013] [-0.068; -0.012]
4.00 -0.040 -0.040 -0.040 -0.040 -0.040 -0.040 -0.039
[-0.07;-0.009] [-0.067;-0.013] [-0.063;-0.014] [-0.065;-0.014] [-0.066;-0.014] [-0.066;-0.011] [-0.069; -0.01]
2.00 -0.041 -0.041 -0.041 -0.041 -0.041 -0.039 -0.040
Odds [-0.067; -0.013] [-0.069; -0.014] [-0.066; -0.013] [-0.064;-0.016] [-0.066;-0.013] [-0.066;-0.012]  [-0.068; -0.01]
ratiofor  1.00 -0.040 -0.041 -0.040 -0.040 -0.040 -0.040 -0.041
the [-0.066; -0.012] [-0.065; -0.014] [-0.065; -0.014] [-0.063;-0.016] [-0.066;-0.015] [-0.069; -0.011] [-0.068; -0.012]
outcome 0,50 -0.040 -0.041 -0.040 -0.040 -0.040 -0.041 -0.040
[-0.067;-0.011] [-0.068; -0.014] [-0.066; -0.016] [-0.065; -0.015] [-0.066;-0.012] [-0.068;-0.012] [-0.069; -0.013]
0.25 -0.041 -0.040 -0.041 -0.042 -0.042 -0.041 -0.040
[-0.071;-0.013] [-0.066; -0.014] [-0.065; -0.015] [-0.067;-0.016] [-0.068;-0.015] [-0.07;-0.014]  [-0.07;-0.011]
0.17 -0.040 -0.040 -0.040 -0.041 -0.041 -0.041 -0.041

[-0.067; -0.012]

[-0.067; -0.014]

[-0.067; -0.014]

[-0.066; -0.013]

[-0.068; -0.014]

[-0.067; -0.012]

[-0.069; -0.011]

Propensity score analysis omitting a confounder

Oddsratio for the treatment exposur e

0.17 0.25 0.50 1.00 2.00 4.00 6.00
6.00 -0.092 -0.081 -0.061 -0.041 -0.018 0.001 0.012

[-0.118; -0.067] [-0.108;-0.056] [-0.088;-0.036] [-0.067;-0.015] [-0.044; 0.006] [-0.026;0.027]  [-0.014; 0.04]
Odds  4.00 -0.080 -0.072 -0.057 -0.040 -0.023 -0.007 0.002

ratio for [-0.107; -0.055] [-0.095;-0.047] [-0.081;-0.03] [-0.066;-0.014] [-0.049;0.003] [-0.033;0.02]  [-0.024; 0.028]
the 2.00 -0.062 -0.058 -0.049 -0.041 -0.031 -0.022 -0.019

outcome [-0.086; -0.036] [-0.084;-0.033] [-0.074;-0.023] [-0.065;-0.015] [-0.056;-0.006] [-0.049; 0.003]  [-0.043; 0.008]
1.00 -0.040 -0.041 -0.040 -0.040 -0.041 -0.040 -0.041

[-0.065; -0.014] [-0.065; -0.015] [-0.065;-0.014] [-0.063; -0.017] [-0.065; -0.015] [-0.066; -0.013] [-0.064; -0.015]



0.50

0.25

0.17

-0.018
[-0.046; 0.006]
-0.001
[-0.029; 0.028]
0.009
[-0.017; 0.037]

-0.024
[-0.048; 0.001]
-0.008
[-0.032; 0.018]
-0.001
[-0.027; 0.026]

-0.031
[-0.056; -0.006]
-0.025
[-0.049; 0.003]
-0.020
[-0.047; 0.007]

-0.041
[-0.066; -0.016]
-0.042
[-0.067; -0.015]
-0.041
[-0.066; -0.013]

-0.049
[-0.076; -0.022]
-0.059
[-0.084; -0.034]
-0.062
[-0.089; -0.033]

-0.057
[-0.083; -0.033]
-0.074
[-0.101; -0.05]
-0.082
[-0.107; -0.055]

-0.062
[-0.087; -0.037]
-0.083
[-0.108; -0.057]
-0.092
[-0.119; -0.067]




Table 2. Estimated number needed to treat to prevent one outcome (NNT), according to the association strength of a confounding variable (W-)
with the outcome and treatment exposure. Medians are reported [2.5™; 97.5" percentiles]. When the effect is reversed, the NNT is not available
(NA) and a number needed to harm should be cal cul ated.

Propensity score analysiswith all confounders

Oddsratio for the treatment exposure

0.17 0.25 0.50 1.00 2.00 4.00 6.00
6.00 24[14; 89| 25[14; 73] 25[15; 65] 24 [15; 68] 2515, 63] 24 [15; 74] 24[14; 80]
4.00 25[14; 93] 25[15; 76] 25[16; 71] 25[15; 71] 25[15; 71] 25 [15; 89 26 [14; 83]
Odds 200 24[15; 78] 24[15; 71] 25[15; 74 25[16; 64] 25[15; 77 26 [15; 78] 25[14; 8g]
ratt'r‘]’for 1.00 25[15; 76] 25[15; 71] 25[15; 73] 25[16; 61] 25 [15; 66] 25 [14; 85] 24[14; 79]
Outcfme 0.50 25 [15; 86] 25[15; 72] 25[15; 64] 25[15; 62] 25[15; 80] 25 [15; 77] 25[15; 76]
0.25 24[14; 76] 25[15; 67] 24[15; 65] 24 [15; 60] 24[15; 64] 24 [14; 68] 25[14; 83]
0.17 25[15; 81] 25[15; 72] 25[15; 67] 24 [15; 76] 24[14; 71] 24 [14; 74] 24[14; 79]
Propensity score analysis omitting a confounder
Oddsratiofor the treatment exposure
0.17 0.25 0.50 1.00 2.00 4.00 6.00
6.00 11[8; 15] 121[9; 18] 16 [11; 28] 24[15; 62] 48[NA; 440] NA[NA;1299] NA[NA;571]
4.00 13[9; 18] 14[11; 21] 18[12; 33] 25[15; 73] 42[NA;429]  51[NA;921] NA [NA; 1162]
Odds 200 16 [12; 28] 17 [12; 30] 20[13; 44] 25 [15; 65] 32[17; 141] 42[NA; 399  47[NA;593]
ratt'r?for 1.00 25[15; 70] 24 [15; 66] 25[15; 689 25 [16; 60] 25[15; 63 25 [15; 74] 24[16; 67]
outcfme 050  46[NA;449]  40[NA; 415] 32[18; 142] 25[15; 63] 20[13; 45] 17 [12; 30] 16 [12; 27]
025  36[NA;972]  60[NA;804]  39[NA;315] 24 [15; 65] 17[12; 30] 13[10; 20] 121[9; 18]
017 NA[NA;1036] 36[NA;1122]  45[NA; 427] 25 [15; 76] 16 [11; 30] 121[9; 18] 11[8; 15]




Table 3. Empirical power (%) of analysis, according to the association strength of a confounding variable (W>) with the outcome and treatment

exposure (propensity score analysis including W- | propensity score analysis omitting W>).

Oddsratiofor the exposure

0.17 0.25 0.50 1.00 2.00 4.00 6.00
600 7561000  77.8[/1000 804|993 86.1|845  83.4|24.6 80.1 4.2 782|111
400  742|1000  767|1000 825|991 842|831  83.6|383 79.1]8.1 75.2| 4.4
Odds 200 79.6]99.8 80.8/99.6 830|957 852|850 845|661 785|386 75.3|27.7
ratt'r‘]’efor 1.00 78.0|85.0 829|867 844|860 853|852 854|863  79.1|84.9 77.4186.3
outcome  0.50 78.2|30.4 815|445 864|673 877|869  818|9.4  80.1]99.1 75.099.8
0.25 80.3|6.3 81.0|7.4 854|438 870|867 846|990  80.6/100.0  74.3|100.0
0.17 775|195 82.85.1 839(321 847|848 828|993  769(100.0  73.9|100.0




Table 4. Estimated effect of tranexamic acid in a propensity score anaysis of the CRASH-2
data. Medians [2.5™; 97.5" percentiles] are reported. The empirica reference absolute risk
difference (ARD) is -0.016 and the reference number needed to treat (NNT) is 63. The lower
l[imit of the NNT is not available (NA) for some scenarios as the ARD is greater than zero. In
these circumstances, a number needed to harm should be cal culated.

Légmgiﬁg;d ARD NNT Empirical power (%)
None -0.016 [-0.035; 0.001] 60 [NA; 489] 40
Middle-income country -0.017 [-0.035; 0.000Q] 59[21; 445] 44
L ow-income country -0.017 [-0.036; -0.001] 56 [25; 409] 48
Age -0.010 [-0.028; 0.006] 77 [NA; 770] 18
Systolic blood pressure 0.008 [-0.004; 0.020] NA [NA; 1219] 22




ACCEPTED MANUSCRIPT
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PSA including all confounders

B PSA omitting a confounder (W7)
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What isnew?

1) Omitting positive confounders from a propensity score analysis does not greatly
change the estimated number needed to treat.

2) Omitting negative confounders from a PS analysis can cause much greater changes to
the estimated number needed to treat.

3) Omitting negative confounders biases the estimator towards the null; the analysis has a

decreased power and may miss a statistically significance.



Impact of unmeasured confoundersin propensity score analysis: threat to clinical
decision making? A Monte Carlo simulation study.

Tri-Long Nguyen, Gary S. Collins, Jessica Spendwriés Fontaine, Jean-Pierre Daures, P.J.

Devereaux, Paul Landaiannick Le Manach.

Appendix

Monte Carlo simulations on fictive data

The treatment (Z) and outcome (), both binary,engefined by logistic models.€. the true
PS model and the true outcome model, respectively):

logit[p(2)] = fo+ piWhL + BoWo + BeWe + 7W7 + B1aWig + S1aWis,

logit[p(Y)] = a0+ aaWi + a2Wo + asWa + agWi + asWs + a7 W7 + agWe + ai0Who + a1 Wiy

+ a1oWip + a13Whz + aisWis + yzZ.

The treatment was assigned to a subject (Z = pj4j was greater than a random number
from the uniform distribution U(0,1). The subjeetsperienced the outcome (Y = 1) if p(Y)

was greater than u ~ U(0,1).



Supplementary Table 1. Variable definitions and coefficients for data getien. Thea and

S coefficients define the true outcome model and propensity score model, respectively.

Varigble  Variable Related perioperative variable o coefficient /8 coefficient
name type

I nter cept -3.35t0-1.60 -1.40t0 0.34
W, Binary Coronary artery disease 0.70 0.70
W, Binary Chronic renal failure 0.64 0.63
W3 Binary Diabetes 0.31 0

W, Binary Chronic heart failure 0.30 0

W5 Binary Chronic obstructive pulmonary 0.43 0

disease

Ws Binary History of stroke 0 0.65
W7 Binary Hypertension -1.79t01.79 -1.79t0 1.79
Wy Binary Obesity 0 0

Wy Binary History of cancer 0.42 0

Wyg Binary Peripheral vascular disease 0.43 0

Wy, Continuous Age (per year) 0.01 0.01
Wi, Continuous Preoperative hemoglobin (per g/dL) 0.01 0

W3 Continuous Preoperative eGFR (per mL/min) -0.02 -0.01
Wiy Ordinal Revised cardiac risk index (per level) 0 0

(5 levels)
Wis Ordinal Type of surgical procedure (per 0.59 0
(3 levels) level)




Simulations on CRASH-2 data
The outcome was defined by the following logistiodal:

Logit[p(Mortality)] = -4.462 + 0.762*MIC + 1.278*LIC + 0.316*AGE - 0.092* AGE®
+ 0.016*AGE® - 0.107*SBP + 0.025*SBP? + 0.001*BP?® - 0.306*RR + 0.391*RR?
- 0.070*RR® - 0.032*HR + 0.016*HR? - 0.180*GCS + 0.010+GCS - 0.099*PIN

- 0.081* PIN* GCS- 0.014* PIN* GCS? - 0.173* TXA.
The treatment allocation was defined by the follugiogistic model:

Logit p(TXA)] = - 05 - I*MIC - 2*LIC + 2*BPpnay + 1.5*HRuinary + 1.5*CChinary +

0.01* Age.



