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ROS Regression: Integrating Regularization
with Optimal Scaling Regression

Jacqueline J. Meulman, Anita J. van der Kooij and Kevin L. W. Duisters

Abstract. We present a methodology for multiple regression analysis that
deals with categorical variables (possibly mixed with continuous ones), in
combination with regularization, variable selection and high-dimensional
data (P > N). Regularization and optimal scaling (OS) are two important
extensions of ordinary least squares regression (OLS) that will be combined
in this paper. There are two data analytic situations for which optimal scal-
ing was developed. One is the analysis of categorical data, and the other
the need for transformations because of nonlinear relationships between pre-
dictors and outcome. Optimal scaling of categorical data finds quantifica-
tions for the categories, both for the predictors and for the outcome vari-
ables, that are optimal for the regression model in the sense that they maxi-
mize the multiple correlation. When nonlinear relationships exist, nonlinear
transformation of predictors and outcome maximize the multiple correlation
in the same way. We will consider a variety of transformation types; typ-
ically we use step functions for categorical variables, and smooth (spline)
functions for continuous variables. Both types of functions can be restricted
to be monotonic, preserving the ordinal information in the data. In combi-
nation with optimal scaling, three popular regularization methods will be
considered: Ridge regression, the Lasso and the Elastic Net. The resulting
method will be called ROS Regression (Regularized Optimal Scaling Re-
gression). The OS algorithm provides straightforward and efficient estima-
tion of the regularized regression coefficients, automatically gives the Group
Lasso and Blockwise Sparse Regression, and extends them by the possibil-
ity to maintain ordinal properties in the data. Extended examples are pro-
vided.

Key words and phrases: Lasso and Elastic Net regularization for nominal
and ordinal data, monotonic group Lasso, regularization for categorical high-
dimensional data, optimal scaling, linearization of nonlinear relationships,
monotonic step functions and splines.
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An Overview of Semiparametric
Extensions of Finite Mixture Models

Sijia Xiang, Weixin Yao and Guangren Yang

Abstract.

Finite mixture models have offered a very important tool for

exploring complex data structures in many scientific areas, such as eco-
nomics, epidemiology and finance. Semiparametric mixture models, which
were introduced into traditional finite mixture models in the past decade,
have brought forth exciting developments in their methodologies, theories,
and applications. In this article, we not only provide a selective overview of
the newly-developed semiparametric mixture models, but also discuss their
estimation methodologies, theoretical properties if applicable, and some open
questions. Recent developments are also discussed.

Key words and phrases: EM algorithm, mixture models, mixture regression
models, semiparametric mixture models.
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Lasso Meets Horseshoe: A Survey

Anindya Bhadra, Jyotishka Datta, Nicholas G. Polson and Brandon Willard

Abstract. The goal of this paper is to contrast and survey the major ad-
vances in two of the most commonly used high-dimensional techniques,
namely, the Lasso and horseshoe regularization. Lasso is a gold standard for
predictor selection while horseshoe is a state-of-the-art Bayesian estimator
for sparse signals. Lasso is fast and scalable and uses convex optimization
whilst the horseshoe is nonconvex. Our novel perspective focuses on three
aspects: (i) theoretical optimality in high-dimensional inference for the Gaus-
sian sparse model and beyond, (ii) efficiency and scalability of computation
and (iii) methodological development and performance.
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Abstract. We review the class of continuous latent space (statistical) mod-
els for network data, paying particular attention to the role of the geometry
of the latent space. In these models, the presence/absence of network dyadic
ties are assumed to be conditionally independent given the dyads’ unobserved
positions in a latent space. In this way, these models provide a probabilistic
framework for embedding network nodes in a continuous space equipped
with a geometry that facilitates the description of dependence between ran-
dom dyadic ties. Specifically, these models naturally capture homophilous
tendencies and triadic clustering, among other common properties of ob-
served networks. In addition to reviewing the literature on continuous latent
space models from a geometric perspective, we highlight the important role
the geometry of the latent space plays on properties of networks arising from
these models via intuition and simulation. Finally, we discuss results from
spectral graph theory that allow us to explore the role of the geometry of
the latent space, independent of network size. We conclude with conjectures
about how these results might be used to infer the appropriate latent space

geometry from observed networks.
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able, network model.
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Yuan Ke, Stanislav Minsker, Zhao Ren, Qiang Sun and Wen-Xin Zhou

Abstract. We provide a survey of recent results on covariance estimation
for heavy-tailed distributions. By unifying ideas scattered in the literature,
we propose user-friendly methods that facilitate practical implementation.
Specifically, we introduce elementwise and spectrumwise truncation oper-
ators, as well as their M-estimator counterparts, to robustify the sample co-
variance matrix. Different from the classical notion of robustness that is char-
acterized by the breakdown property, we focus on the tail robustness which
is evidenced by the connection between nonasymptotic deviation and con-
fidence level. The key insight is that estimators should adapt to the sample
size, dimensionality and noise level to achieve optimal tradeoff between bias
and robustness. Furthermore, to facilitate practical implementation, we pro-
pose data-driven procedures that automatically calibrate the tuning param-
eters. We demonstrate their applications to a series of structured models in
high dimensions, including the bandable and low-rank covariance matrices
and sparse precision matrices. Numerical studies lend strong support to the
proposed methods.

Key words and phrases: Covariance estimation, heavy-tailed data, M-
estimation, nonasymptotics, tail robustness, truncation.
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Conditionally Conjugate Mean-Field
Variational Bayes for Logistic Models

Daniele Durante and Tommaso Rigon

Abstract. Variational Bayes (VB) is a common strategy for approximate
Bayesian inference, but simple methods are only available for specific classes
of models including, in particular, representations having conditionally con-
jugate constructions within an exponential family. Models with logit compo-
nents are an apparently notable exception to this class, due to the absence of
conjugacy among the logistic likelihood and the Gaussian priors for the coef-
ficients in the linear predictor. To facilitate approximate inference within this
widely used class of models, Jaakkola and Jordan (Stat. Comput. 10 (2000)
25-37) proposed a simple variational approach which relies on a family of
tangent quadratic lower bounds of the logistic log-likelihood, thus restoring
conjugacy between these approximate bounds and the Gaussian priors. This
strategy is still implemented successfully, but few attempts have been made
to formally understand the reasons underlying its excellent performance. Fol-
lowing a review on VB for logistic models, we cover this gap by providing a
formal connection between the above bound and a recent Pélya-gamma data
augmentation for logistic regression. Such a result places the computational
methods associated with the aforementioned bounds within the framework of
variational inference for conditionally conjugate exponential family models,
thereby allowing recent advances for this class to be inherited also by the
methods relying on Jaakkola and Jordan (Stat. Comput. 10 (2000) 25-37).

Key words and phrases: EM, logistic regression, Pélya-gamma data aug-
mentation, quadratic approximation, variational Bayes.
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Assessing the Causal Effect of Binary
Interventions from Observational Panel
Data with Few Treated Units

Pantelis Samartsidis, Shaun R. Seaman, Anne M. Presanis, Matthew Hickman and

Daniela De Angelis

Abstract. Researchers are often challenged with assessing the impact of an
intervention on an outcome of interest in situations where the intervention
is nonrandomised, the intervention is only applied to one or few units, the
intervention is binary, and outcome measurements are available at multiple
time points. In this paper, we review existing methods for causal inference
in these situations. We detail the assumptions underlying each method, em-
phasize connections between the different approaches and provide guidelines
regarding their practical implementation. Several open problems are identi-
fied thus highlighting the need for future research.

Key words and phrases: Causal impact, causal inference, difference-in-
differences, intervention evaluation, latent factor models, panel data, syn-

thetic controls.

REFERENCES

ABADIE, A. (2005). Semiparametric difference-in-differences es-
timators. Rev. Econ. Stud. 72 1-19. MR2116973

ABADIE, A., DIAMOND, A. and HAINMUELLER, J. (2010). Syn-
thetic control methods for comparative case studies: Estimat-
ing the effect of California’s tobacco control program. J. Amer.
Statist. Assoc. 105 493-505. MR2759929

ABADIE, A., DIAMOND, A. and HAINMUELLER, J. (2011).
Synth: An R package for synthetic control methods in compar-
ative case studies. Journal of Statistical Software 42.

ABADIE, A., DIAMOND, A. and HAINMUELLER, J. (2015). Com-
parative politics and the synthetic control method. Amer. J. Polit.
Sci. 59 495-510.

ABADIE, A. and GARDEAZABAL, J. (2003). The economic costs
of conflict: A case study of the Basque country. Am. Econ. Rev.
93 113-132.

ACEMOGLU, D., JOHNSON, S., KERMANI, A., KWAK, J. and

MiITTON, T. (2016). The value of connections in turbulent
times: Evidence from the United States. J. Financ. Econ. 121
368-391.

AHN, S. C., LEE, Y. H. and SCHMIDT, P. (2013). Panel data mod-
els with multiple time-varying individual effects. J. Economet-
rics 174 1-14. MR3036957

AMIAD, M., SHAH, D. and SHEN, D. (2018). Robust synthetic
control. J. Mach. Learn. Res. 19 Paper No. 22, 51. MR3862429

ANDREWS, D. W. K. (2003). End-of-sample instability tests.
Econometrica 71 1661-1694. MR2015416

ANGRIST, J. D. and PISCHKE, J.-S. (2009). Mostly Harmless
Econometrics: An Empiricist’s Companion. Princeton Univ.
Press, Princeton, NJ.

ANTONAKIS, J., BENDAHAN, S., JACQUART, P. and LALIVE, R.
(2010). On making causal claims: A review and recommenda-
tions. Leadersh. Q. 21 1086—1120.

ASHENFELTER, O. (1978). Estimating the effect of training pro-
grams on earnings. Rev. Econ. Stat. 60 47-57.

Pantelis Samartsidis is Investigator Statistician, MRC Biostatistics Unit, Cambridge Institute of Public Health, Forvie Site,
Robinson Way, Cambridge Biomedical Campus, CB2 OSR, United Kingdom (e-mail:

pantelis.samartsidis @mrc-bsu.cam.ac.uk). Shaun R. Seaman is Senior Research Associate, MRC Biostatistics Unit,
Cambridge Institute of Public Health, Forvie Site, Robinson Way, Cambridge Biomedical Campus, CB2 OSR, United Kingdom
(e-mail: shaun.seaman@mrc-bsu.cam.ac.uk). Anne M. Presanis is Senior Investigator Statistician, MRC Biostatistics Unit,
Cambridge Institute of Public Health, Forvie Site, Robinson Way, Cambridge Biomedical Campus, CB2 OSR, United Kingdom
(e-mail: anne.presanis @ mrc-bsu.cam.ac.uk). Matthew Hickman is Professor, MRC Biostatistics Unit, Cambridge Institute of
Public Health, Forvie Site, Robinson Way, Cambridge Biomedical Campus, CB2 OSR, United Kingdom (e-mail:
matthew.hickman @bristol.ac.uk). Daniela De Angelis is Programme Leader, Population Health Sciences, Bristol Medical
School, University of Bristol, Bristol BS8 2PS, United Kingdom (e-mail: daniela.deangelis@mrc-bsu.cam.ac.uk).


http://www.imstat.org/sts/
https://doi.org/10.1214/19-STS713
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=2116973
http://www.ams.org/mathscinet-getitem?mr=2759929
http://www.ams.org/mathscinet-getitem?mr=3036957
http://www.ams.org/mathscinet-getitem?mr=3862429
http://www.ams.org/mathscinet-getitem?mr=2015416
mailto:pantelis.samartsidis@mrc-bsu.cam.ac.uk
mailto:shaun.seaman@mrc-bsu.cam.ac.uk
mailto:anne.presanis@mrc-bsu.cam.ac.uk
mailto:matthew.hickman@bristol.ac.uk
mailto:daniela.deangelis@mrc-bsu.cam.ac.uk

ASHENFELTER, O. and CARD, D. (1985). Using the longitudinal
structure of earnings to estimate the effect of training programs.
Rev. Econ. Stat. 67 648—660.

ATANASOV, V. and BLACK, B. (2016). Shock-based causal infer-
ence in corporate finance and accounting research. Critical Fi-
nance Review 5 207-304.

ATHEY, S. and IMBENS, G. W. (2006). Identification and inference
in nonlinear difference-in-differences models. Econometrica 74
431-497. MR2207397

ATHEY, S., BAYATI, M., DOUDCHENKO, N., IMBENS, G. and
KHOSRAVI, K. (2017). Matrix completion methods for causal
panel data models. Preprint. Available at arXiv:1710.10251.

AUSTIN, P. C. (2011). An introduction to propensity score meth-
ods for reducing the effects of confounding in observational
studies. Multivar. Behav. Res. 46 399—424.

AYTUG, H., KUTUK, M. M., ODUNCU, A. and TOGAN, S.
(2017). Twenty years of the EU-Turkey customs union: A syn-
thetic control method analysis. J. Common Mark. Stud. 55 419—
431.

BAl1, J. (2009). Panel data models with interactive fixed effects.
Econometrica 77 1229-1279. MR2547073

BAl, J. and NG, S. (2002). Determining the number of fac-
tors in approximate factor models. Econometrica 70 191-221.
MR1926259

BEN-MICHAEL, E., FELLER, A. and ROTHSTEIN, J. (2018).
The augmented synthetic control method. Preprint. Available at
arXiv:1811.04170.

BERTRAND, M., DUFLO, E. and MULLAINATHAN, S. (2004).
How much should we trust differences-in-differences esti-
mates? Q. J. Econ. 119 249-275.

BILLMEIER, A. and NANNICINI, T. (2013). Assessing economic
liberalization episodes: A synthetic control approach. Rev.
Econ. Stat. 95 983-1001.

BLUNDELL, R., DIAS, M. C., MEGHIR, C. and VAN REENEN, J.
(2004). Evaluating the employment impact of a mandatory job
search program. J. Eur. Econ. Assoc. 2 569—-606.

BRANAS, C. C., CHENEY, R. A., MACDONALD, J. M.,
TaM, V. W., JACKSON, T. D. and TEN HAVE, T. R. (2011).
A difference-in-differences analysis of health, safety, and green-
ing vacant urban space. Am. J. Epidemiol. 174 1296-1306.

BRODERSEN, K. H., GALLUSSER, F., KOEHLER, J., REMY, N.
and ScoTT, S. L. (2015). Inferring causal impact using
Bayesian structural time-series models. Ann. Appl. Stat. 9 247—
274. MR3341115

BRUHN, C. A., HETTERICH, S., SCHUCK-PAIM, C., KURUM, E.,
TAYLOR, R. J., LUSTIG, R., SHAPIRO, E. D., WARREN, J. L.,
SIMONSEN, L. et al. (2017). Estimating the population-level
impact of vaccines using synthetic controls. Proc. Natl. Acad.
Sci. USA 114 1524-1529.

CARD, D. (1990). The impact of the Mariel boatlift on the Miami
labor market. Ind. Labor Relat. Rev. 43 245-257.

CARD, D. and KRUEGER, A. B. (1994). Minimum wages and em-
ployment: A case study of the fast-food industry in New Jersey
and Pennsylvania. Am. Econ. Rev. 84 772-793.

CARVALHO, C., MASINI, R. and MEDEIROS, M. C. (2018).
ArCo: An artificial counterfactual approach for high-
dimensional panel time-series data. J. Econometrics 207
352-380. MR3868187

CAVALLO, E., GALIANI, S., Novy, I. and PANTANO, J. (2013).
Catastrophic natural disasters and economic growth. Rev. Econ.
Stat. 95 1549-1561.

CHAN, M. K. and KwoOK, S. (2016). Policy evaluation with in-
teractive fixed effects. Preprint. Available at https://ideas.repec.
org/p/syd/wpaper/2016-11.html.

CHERNOZHUKOV, V., WUTHRICH, K. and ZHU, Y. (2017). An
exact and robust conformal inference method for counterfactual
and synthetic controls. Preprint. Available at arXiv:1712.09089.

DE VOCHT, F. (2016). Inferring the 1985-2014 impact of mobile
phone use on selected brain cancer subtypes using Bayesian
structural time series and synthetic controls. Environ. Int. 97
100-107.

DE VocHT, F., TILLING, K., PLIAKAS, T., ANGuUS, C.,
EGAN, M., BRENNAN, A., CAMPBELL, R. and HICKMAN, M.
(2017). The intervention effect of local alcohol licensing poli-
cies on hospital admission and crime: A natural experiment
using a novel Bayesian synthetic time-series method. J. Epi-
demiol. Community Health 71 912-918.

DONALD, S. G. and LANG, K. (2007). Inference with difference-
in-differences and other panel data. Rev. Econ. Stat. 89 221-
233.

DOUDCHENKO, N. and IMBENS, G. W. (2016). Balancing, regres-
sion, difference-in-differences and synthetic control methods:
A synthesis. Preprint. Available at arXiv:1610.07748.

DUBE, A. and ZIPPERER, B. (2015). Pooling multiple case stud-
ies using synthetic controls: An application to minimum wage
policies.

FERMAN, B. and PINTO, C. (2016). Revisiting the synthetic con-
trol estimator.

FERMAN, B., PINTO, C. and POSSEBOM, V. (2016). Cherry pick-
ing with synthetic controls.

FILZMOSER, P., MARONNA, R. and WERNER, M. (2008). Outlier
identification in high dimensions. Comput. Statist. Data Anal.
52 1694-1711. MR2422764

FIrRPO, S. and POSSEBOM, V. (2018). Synthetic control method:
Inference, sensitivity analysis and confidence sets. J. Causal In-
ference 6.

Fusiki, H. and Hs1ao, C. (2015). Disentangling the effects of
multiple treatments—measuring the net economic impact of the
1995 great Hanshin-Awaji earthquake. J. Econometrics 186 66—
73. MR3321526

GALIANI, S., GERTLER, P. and SCHARGRODSKY, E. (2005). Wa-
ter for life: The impact of the privatization of water services on
child mortality. J. Polit. Econ. 113 83-120.

GARDEAZABAL, J. and VEGA-BAYO, A. (2017). An empirical
comparison between the synthetic control method and Hsiao et
al.’s panel data approach to program evaluation. J. Appl. Econo-
metrics 32 983-1002. MR3689015

GLASS, T. A., GOODMAN, S. N., HERNAN, M. A. and
SAMET, J. M. (2013). Causal inference in public health. Annu.
Rev. Public Health 34 61-75.

GOBILLON, L. and MAGNAC, T. (2016). Regional policy evalua-
tion: Interactive fixed effects and synthetic controls. Rev. Econ.
Stat. 98 535-551.

GONZALEZ, R. and HosoDA, E. B. (2016). Environmental im-
pact of aircraft emissions and aviation fuel tax in Japan. J. Air
Transp. Manag. 57 234-240.

HAHN, J. and SHI, R. (2017). Synthetic control and inference.
Econometrics 5 52.

HANSEN, C. and L1AO, Y. (2019). The factor-lasso and k-step
bootstrap approach for inference in high-dimensional economic
applications. Econometric Theory 35 465-509. MR3947253


http://www.ams.org/mathscinet-getitem?mr=2207397
http://arxiv.org/abs/arXiv:1710.10251
http://www.ams.org/mathscinet-getitem?mr=2547073
http://www.ams.org/mathscinet-getitem?mr=1926259
http://arxiv.org/abs/arXiv:1811.04170
http://www.ams.org/mathscinet-getitem?mr=3341115
http://www.ams.org/mathscinet-getitem?mr=3868187
https://ideas.repec.org/p/syd/wpaper/2016-11.html
http://arxiv.org/abs/arXiv:1712.09089
http://arxiv.org/abs/arXiv:1610.07748
http://www.ams.org/mathscinet-getitem?mr=2422764
http://www.ams.org/mathscinet-getitem?mr=3321526
http://www.ams.org/mathscinet-getitem?mr=3689015
http://www.ams.org/mathscinet-getitem?mr=3947253
https://ideas.repec.org/p/syd/wpaper/2016-11.html

HAZLETT, C. and XU, Y. (2018). Trajectory balancing: A gen-
eral reweighting approach to causal inference with time-series
cross-sectional data.

HOLLAND, P. W. (1986). Statistics and causal inference. J. Amer.
Statist. Assoc. 81 945-970. MR0867618

Hsiao, C., CHING, H. S. and WAN, S. K. (2012). A panel data
approach for program evaluation: Measuring the benefits of po-
litical and economic integration of Hong Kong with mainland
China. J. Appl. Econometrics 27 705-740. MR2949893

IMAL K., KiMm, I. S. and WANG, E. (2018). Matching methods for
causal inference with time-series cross-section data.

IMBENS, G. W. and WOOLDRIDGE, J. M. (2009). Recent devel-
opments in the econometrics of program evaluation. J. Econ.
Lit. 47 5-86.

JONES, A. M. and RICE, N. (2011). Econometric evaluation of
health policies. In The Oxford Handbook of Health Economics
(S. Glied and P. C. Smith, eds.). Oxford Handbooks 890-923.
Oxford Univ. Press, Oxford.

KEELE, L. (2015). The statistics of causal inference: A view from
political methodology. Polit. Anal. 23 313-335.

KEELE, L. and MiNozzI, W. (2013). How much is Minnesota
like Wisconsin? Assumptions and counterfactuals in causal in-
ference with observational data. Polit. Anal. 21 193-216.

KM, D. and OkA, T. (2014). Divorce law reforms and divorce
rates in the USA: An interactive fixed-effects approach. J. Appl.
Econometrics 29 231-245. MR3233244

KING, M., Essick, C., BEARMAN, P. and Ross, J. S. (2013).
Medical school gift restriction policies and physician prescrib-
ing of newly marketed psychotropic medications: Difference-
in-differences analysis. BMJ 346 £264.

KINN, D. (2018). Synthetic control methods and big data. Preprint.
Available at arXiv:1803.00096.

KREIF, N., GRIEVE, R., HANGARTNER, D., TURNER, A. J.,
NIKOLOVA, S. and SUTTON, M. (2016). Examination of the
synthetic control method for evaluating health policies with
multiple treated units. Health Econ. 25 1514-1528.

L1, K. (2018). Inference for factor model based average treatment
effects.

L1, K. T. and BELL, D. R. (2017). Estimation of average treatment
effects with panel data: Asymptotic theory and implementation.
J. Econometrics 197 65-75. MR3598646

LoPEs, H. F., SALAZAR, E. and GAMERMAN, D. (2008).
Spatial dynamic factor analysis. Bayesian Anal. 3 759-792.
MR2469799

LOPEZ BERNAL, J., CUMMINS, S. and GASPARRINI, A. (2016).
Interrupted time series regression for the evaluation of public
health interventions: A tutorial. Int. J. Epidemiol. 46 348-355.

MORGAN, S. L. and WINSHIP, C. (2007). Counterfactuals and
Causal Inference: Methods and Principles for Social Research.
Analytical Methods for Social Research. Cambridge Univ.
Press, Cambridge.

O’NEILL, S., KREIF, N., GRIEVE, R., SUTTON, M. and
SEKHON, J. S. (2016). Estimating causal effects: Considering
three alternatives to difference-in-differences estimation. Health
Serv. Outcomes Res. Methodol. 16 1-21.

R CORE TEAM (2016). R: A Language and Environment for Sta-
tistical Computing. R Foundation for Statistical Computing, Vi-
enna, Austria.

ROBBINS, M. W., SAUNDERS, J. and KILMER, B. (2017).
A framework for synthetic control methods with high-
dimensional, micro-level data: Evaluating a neighborhood-
specific crime intervention. J. Amer. Statist. Assoc. 112 109—
126. MR3646556

ROSENBAUM, P. R. (2002). Observational Studies, 2nd ed.
Springer Series in Statistics. Springer, New York. MR1899138

ROSENBAUM, P. R. and RUBIN, D. B. (1983). The central role of
the propensity score in observational studies for causal effects.
Biometrika 70 41-55. MR0742974

ROTHMAN, K. J. and GREENLAND, S. (2005). Causation and
causal inference in epidemiology. Am. J. Publ. Health 95 S144—
S150.

RUBIN, D. B. (1974). Estimating causal effects of treatments in
randomized and nonrandomized studies. J. Educ. Psychol. 66
688.

RUBIN, D. B. (1990). Formal mode of statistical inference for
causal effects. J. Statist. Plann. Inference 25 279-292.

RUBIN, D. B. and WATERMAN, R. P. (2006). Estimating the
causal effects of marketing interventions using propensity score
methodology. Statist. Sci. 21 206-222. MR2324079

RYAN, A. M., KRINSKY, S., KONTOPANTELIS, E. and Do-
RAN, T. (2016). Long-term evidence for the effect of pay-for-
performance in primary care on mortality in the UK: A popula-
tion study. Lancet 388 268-274.

RYAN, A. M., KONTOPANTELIS, E., LINDEN, A. and
BURGESS, J. F. JrR. (2018). Now trending: Coping with
non-parallel trends in difference-in-differences analysis. Stat.
Methods Med. Res. DOI:10.1177/0962280218814570.

SANSO-NAVARRO, M., SANZ-GRACIA, F. and VERA-
CABELLO, M. (2018). The demographic impact of terrorism:
Evidence from municipalities in the Basque Country and
Navarre. Regional Studies 0 1-11.

SAUNDERS, J., LUNDBERG, R., BRAGA, A. A., RIDGEWAY, G.
and MILES, J. (2015). A synthetic control approach to evalu-
ating place-based crime interventions. J. Quant. Criminol. 31
413-434.

ScHMITT, E., TULL, C. and ATWATER, P. (2018). Extending
Bayesian structural time-series estimates of causal impact to
many-household conservation initiatives. Ann. Appl. Stat. 12
2517-2539. MR3875710

STUART, E. A. (2010). Matching methods for causal inference:
A review and a look forward. Statist. Sci. 25 1-21. MR2741812

VARIAN, H. R. (2016). Causal inference in economics and mar-
keting. Proc. Natl. Acad. Sci. USA 113 7310-7315.

VEGA-BAYO, A. (2015). An R package for the panel approach
method for program evaluation. R J. 7.

VIBOUD, C., BOELLE, P.-Y., CARRAT, F., VALLERON, A.-J. and
FLAHAULT, A. (2003). Prediction of the spread of influenza
epidemics by the method of analogues. Am. J. Epidemiol. 158
996-1006.

V1zzOTTl, C., JUAREZ, M. V., BERGEL, E., ROMANIN, V., CAL-
IFANO, G., SAGRADINI, S., RANCANO, C., AQUINO, A., LIB-
STER, R. et al. (2016). Impact of a maternal immunization
program against pertussis in a developing country. Vaccine 34
6223-6228.

WING, C., SIMON, K. and BELLO-GOMEZ, R. A. (2018). Design-
ing difference in difference studies: Best practices for public
health policy research. Annu. Rev. Public Health 39 453-469.


http://www.ams.org/mathscinet-getitem?mr=0867618
http://www.ams.org/mathscinet-getitem?mr=2949893
http://www.ams.org/mathscinet-getitem?mr=3233244
http://arxiv.org/abs/arXiv:1803.00096
http://www.ams.org/mathscinet-getitem?mr=3598646
http://www.ams.org/mathscinet-getitem?mr=2469799
http://www.ams.org/mathscinet-getitem?mr=3646556
http://www.ams.org/mathscinet-getitem?mr=1899138
http://www.ams.org/mathscinet-getitem?mr=0742974
http://www.ams.org/mathscinet-getitem?mr=2324079
https://doi.org/10.1177/0962280218814570
http://www.ams.org/mathscinet-getitem?mr=3875710
http://www.ams.org/mathscinet-getitem?mr=2741812

WOOLDRIDGE, J. M. (2013). Introductory Econometrics: A Mod- XU, Y. (2017). Generalized synthetic control method: Causal infer-
ern Approach. Cengage Learning, Mason. ence with interactive fixed effects models. Polit. Anal. 25 57-76.



Statistical Science

2019, Vol. 34, No. 3, 504-521
https://doi.org/10.1214/19-STS703

© Institute of Mathematical Statistics, 2019

A Conversation with Peter Diggle

Peter M. Atkinson and Jorge Mateu

Abstract.  Peter John Diggle was born on February 24, 1950, in Lancashire,
England. Peter went to school in Scotland, and it was at the end of his school
years that he found that he was good at maths and actually enjoyed it. Peter
went to Edinburgh to do a maths degree, but transferred halfway through to
Liverpool where he completed his degree. Peter studied for a year at Oxford
and was then appointed in 1974 as a lecturer in statistics at the University of
Newecastle-upon-Tyne where he gained his PhD, and was promoted to Reader
in 1983. A sabbatical at the Swedish Royal College of Forestry gave him
his first exposure to real scientific data and problems, prompting a move to
CSIRO, Australia. After five years with CSIRO where he was Senior, then
Principal, then Chief Research Scientist and Chief of the Division of Mathe-
matics and Statistics, he returned to the UK in 1988, to a Chair at Lancaster
University. Since 2011 Peter has held appointments at Lancaster and Liv-
erpool, together with honorary appointments at Johns Hopkins, Columbia
and Yale. At Lancaster, Peter was the founder and Director of the Medical
Statistics Unit (1995-2001), University Dean for Research (1998-2001), EP-
SRC Senior Fellow (2004-2008), Associate Dean for Research at the School
of Health and Medicine (2007-2011), Distinguished University Professor,
and leader of the CHICAS Research Group (2007-2017). A Fellow of the
Royal Statistical Society since 1974, he was a Member of Council (1983—
1985), Joint Editor of JRSSB (1984-1987), Honorary Secretary (1990-1996),
awarded the Guy Medal in Silver (1997) and the Barnett Award (2018), Asso-
ciate Editor of Applied Statistics (1998-2000), Chair of the Research Section
Committee (1998-2000), and President (2014-2016). Away from work, Pe-
ter enjoys music, playing folk-blues guitar and tenor recorder, and listening
to jazz. His running days are behind him, but he can just about hold his own
in mixed-doubles badminton with his family. His boyhoood hero was Stir-
ling Moss, and he retains an enthusiasm for classic cars, not least his 1988
Porsche 924S. His favorite authors are George Orwell, Primo Levi and Nigel
Slater. This interview was done prior to the fourth Spatial Statistics confer-
ence held in Lancaster, July 2017 where a session was dedicated to Peter
celebrating his contributions to statistics.
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analysis, point pattern analysis, spatial statistics, CHICAS.
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