
Situation Method Summary statistics

TABLE 1 Summary of estimates for the causal effect (continuous outcome).

Valid
IVs

are
in
the
majority

Mean Empirical SE Bias RMSE

Proposed (strong NCO) 0.357 0.013 0.057 0.059

Proposed (weak NCO) 0.480 0.021 0.180 0.181

IVM 0.576 0.007 0.276 0.276

BDHB 0.614 0.031 0.314 0.316

HDB 0.318 0.015 0.018 0.023

Situation
sisVIVE 0.401 0.009 0.101 0.101
Method Summary statistics

Mean Empirical SE Bias RMSE

Valid
IVs

are
in
the
minority

Proposed (strong NCO) 0.487 0.017 0.187 0.188

Proposed (weak NCO) 0.676 0.013 0.376 0.376

IVM 0.724 0.005 0.424 0.424

BDHB 0.781 0.015 0.481 0.481

HDB 0.788 0.079 0.488 0.494

sisVIVE 0.732 0.009 0.432 0.432

Note: The true value of the causal effect is 0.3. The sample size and the number of iterations are 10,000 and 1000, respectively. Mean, Empirical SE, Bias, and RMSE
of the treatment’s outcome coefficient are summarized for each situation and method, detailed in the ‘Situation’ and ‘Method’ columns, across 1,000 iterations.
Regarding our proposed method, (K1 , K2n,τ) = (108 ,10−3 ,10−6). w is selected under α = 0.5 (i.e., the probability that at least one covariance between a valid IV
and an NCO exceeds the cutoff point w is 0.5; details are in online Appendix B.7).
Abbreviations: BDHB, median-based estimator (Bowden et al., 2016); HDB: mode-based estimator (Hartwig et al., 2017); IV, instrumental variable; IVM, inverse-
variance weighting estimator; NCO, negative control outcomes; RMSE, root mean squared error; SE, squared error.

TABLE 2 Summary of estimates of the causal effects (point estimates (95% CI)).

Methods

Note: The results are derived as difference from a BMI of 18.5 to a BMI of 25. For the proposed method and GMM, a log-linear model is applied. The 95% CI is
derived from a normal approximation for the log relative risk. Regarding our proposed method, (K 1 , K2n ,τ ) = (108 ,10 −3 ,10−6) . w is selected under α = 0.5 (i .e . , the
probability that at least one covariance between a valid IV and an NCO exceeds the cutoff point w is 0.5; details are in online Appendix B.7). Also, approximation
(B.31) from online Appendix B.6 is applied to both GMM and our proposed method.

Abbreviations: BMI, body mass index; CI, confidence interval; GMM, generalized method of moments; NCO, negative control outcomes.

4 UK BIOBANK DATA ANALYSIS

Next, actual data analysis is performed using our proposed method and previous IV methods on the UK Biobank dataset.
We investigate the causal effect of body mass index (BMI) at the time of informed consent (IC) (Data-Field: 21001) on the
incidence of diabetes (Data-Field: 2443). More detailed information appears in online Appendix D.
The estimated causal effects are summarized in Table 2. The results of the logistic regression model showed certain

obvious biases. In contrast, GMM may provide somewhat conservative results compared to the analysis results of Orihara
et al. (2023) (risk ratio (95% confidence interval [CI]) of Limited information Maximum Likelihood estimation (LIML):
1.896 (1.027, 2.407)). Regarding our proposed method, this result maybe more plausible because more plausible IVs were
selected by the NCO. Note that our proposed method has a narrower 95% CI than the GMM. Therefore, the proposed
method can derive “valid” results in terms of both validity and accuracy by selecting the plausible IVs.

5 DISCUSSION AND CONCLUSIONS

In this paper, we proposed a novel IV estimator that uses a linear combination of IVs. Even when there are invalid IVs,
our proposed method can select valid IVs using NCOs or some auxiliary variables without prior knowledge of the charac-
teristics, number, or proportion of invalid IVs. We showed that our proposed estimator has the same efficiency as the
GMM estimator, irrespective of whether valid IVs are selected or not. We confirmed that our proposed method out-

Risk ratio

Proposed GMM Logistic reg.

1.906 (1.810, 2.007) 2.194 (2.051, 2.346) 2.368 (2.367, 2.370)

http://crossmark.crossref.org/dialog/?doi=10.1002%2Fbimj.202300113&domain=pdf&date_stamp=2024-05-27
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fbimj.202300113&domain=pdf&date_stamp=2024-05-27


ORIHARA et al .

Valid IVs are in Majority

Proposed
Weak
NCO IVM BDHB HDB sisVIVE

Valid IVs are in Minority

Proposed
Strong
NCO

FIGURE 4 Boxplot of estimators for causal effects: The true value of the causal effect is 0.3 (red dashed line). The sample size and the
number of iterations are 10,000 and 1000, respectively. Regarding our proposed method, (K1 , K2n , τ) = (108 ,10−3 ,10−6 ) . w is selected under
α = 0.5 (i.e., the probability that at least one covariance between a valid IV and an NCO exceeds the cutoff point w is 0.5; details are in online
Appendix B.7). BDHB, median-based estimator (Bowden et al., 2016); HDB: mode-based estimator (Hartwig et al., 2017); IVM:

inverse-variance weighting estimator; IVM: inverse-variance weighting estimator; NCO, negative control outcomes.

performed some previous methods in simulations and analyses of the UK Biobank dataset. Future work is outlined in
online Appendix E.
Using an NCO introduces a novel direction for identifying valid IVs. Since unobserved variables cannot be directly

observed, observing fluctuations in proxy variables serves as a way to estimate their effects; this is the role of an auxiliary
variable. The use of proxy variable-based estimators has gained attention in recent research (Cui et al., 2023; Jiang et al.,
2019; Miao et al., 2018). However, our proposed method needs to specify an auxiliary variable related to unobserved vari-
ables but not directly related to treatment. In other words, only unobserved variables related to the auxiliary variable are

NCO IVM BDHB HDB sisVIVE

Proposed
Strong
NCO

Proposed
Weak
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detected. To solve this problem, we should carefully choose as many valid auxiliary variables as possible. However, the
performance of this strategy has not been confirmed in this study, and it remains an important area for future work.
As mentioned in the Introduction, specific methods can be employed in scenarios involving invalid IVs. Approaches

such as the “majority rule” (Bowden et al., 2016; Kang et al., 2016), “plurality rule” (Guo et al., 2018; Hartwig et al., 2017),
or their extensions (Fan & Wu, 2022) can facilitate the selection of valid IVs when partial IV information is available. This
situation is similar to the methodologies proposed by Liao (2013), DiTraglia (2016), and Caner et al. (2018). These methods
prove valuable when prior research offers some indications of valid IVs. By contrast, our proposed method remains appli-
cable even in cases where IV-related evidence is absent, provided NCOs can be utilized. Consequently, our approach holds
utility in situations where information regarding valid IVs is lacking, but NCOs can be sourced from previous research. In
situations where information on both IVs and NCOs is uncertain, the proximal approaches proposed by Miao et al. (2018)
and Cui et al. (2023) maybe applicable.
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