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Abstract

Infiltration of machine learning (ML) methods into econometrics has remained
relatively slow, compared with their extensive applications in many other disciplines.
The bottleneck is traced to two key factors —a communal nescience of the theoretical
foundation of ML and an outdated probability foundation. The present study ventures
on an overhaul of the probability approach by Haavelmo (1944) in light of ML
theories of learnibility, centred upon the notion of probably approximately correct
(PAC) learning. The study argues for a reorientation of the probability approach
towards assisting decision making for model learning and selection purposes. The
second part of the study comprises two chapters.
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Drafts of the first three chapters are in SOAS Economics Working Paper
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4. Roles of Hypothesis Testing and Economic Model Formulation

Hypothesis testing is the means to verify economic theories against data in Haavelmo’s
monograph. This ideological pillar gives rise to the motto of ‘measurement with theory’
(Koopmans, 1947), a motto which has played a key role in shaping how econometrics is
organised and consolidated under Haavelmo’s probability approach. Estimation and
hypothesis testing, therefore, form the core of present-day econometrics.

However, there is an unsurmountable gap between the reality of positive economic issues
in general and the setting of hypothesis testing in classical statistics. Hypothesis testing was
originally set up for analysing randomised data samples. Sample collection is guided by and
targeted at single parameters. Their expected measurements are formulated as null
hypotheses. The null is taken as a plausible norm and its rejection is expected to be a
surprise. Such surprises are regarded as random events with small probabilities and classified
into the alternative hypothesis. This dichotomous formulation facilitates discriminative
decision making by means of probability-based thresholds. But more importantly, hypothesis
testing serves primarily as a confirmative tool oriented towards the null. Under the motto of
‘measurement with theory’, the economic theories to be verified are treated as the null.
However, the economic reality differs substantially from such a stringent formulation. This
reality is best conceived as what Valiant described as a theoryless situation and causal claims
that compose economic theories are effectively common sense based. As such, theoretical
models deductively formulated a priori are not data-congruous in general, and uncertainty in
the formulation is not ignorable. Consequently, verification or confirmation of causal claims
in economics cannot be simply equated to hypothesis testing of given parameters in
theoretical models. The claims are generally too complex to be formulated uniquely into
single parameters to be tested following the confirmative statistical approach. The task entails
judgments based on comprehensive analyses of empirical results from elaborate modelling
experiments. Mechanical applications of hypothesis testing in such a context are bound to
lead to mistakes. The innate flexibility and uncertainty of models apparently offers a fertile
ground for inventions of hypothesis tests and their applications. But the hypotheses in these
tests are generally statistical features being derived from fitting prior chosen models to data.
The features are mostly indirect symptoms of the formulated causal claims of interests,
making the test results inconclusive for theory verification. Meanwhile, researchers are likely
to be induced into a confirmative bias trap by the restrictive framework of hypothesis testing.

Section 4.1 illustrates, by means of two basic cases, how confirmative bias can lead
researchers astray in both applied and theoretical research. The first case is the use of
endogeneity tests. The presence of endogeneity bias in econometric models is widely taught
as a norm. As a result, endogeneity tests are performed routinely in econometric studies with
the aim of verifying specific economic causal claims. Unfortunately, as the object of the test
is a non-uniquely defined and model-dependent statistical feature, this implicitly encourages
applied modellers to actively practise p-hacking research. The second case is the design of



tests on single time-series variables for stochastic grouping purposes. The design is based on
the critical assumption described in the last chapter, namely that stochastic data generation
processes of single variables are the very foundation of jointly distributed variables. Since
many economic variables exhibit dynamic features dissimilar to what typical stationary
processes exhibit, the topic has become part of the frontiers in econometric research. To
verify the initially assumed stand, test designers are led to extending single-time-series based
models to accommodate recalcitrant dynamics of observed single variables. From the
viewpoint of philosophy of science, their endeavours fall into ‘HARKing’ (hypothesizing
after the results are known) and defective accommodationism, since what they are pursuing
are merely data symptoms rather than the underlying economic causes.

Use of hypothesis testing is bound to lead towards diagnostics in aid of model learning
and selection, once the learning step is embraced in econometrics. Section 4.2 turns to the
diagnostic role of hypothesis testing and highlights the limitations of the hypothesis testing
framework. Its confirmative stance determines how limited these tests are when modellers
face various exploratory learning tasks, especially when considerable uncertainty is present
about what alternative hypotheses should be. This explains why information-based statistics,
cross validation techniques and feature selection procedures occupy a relatively central place
in machine learning. It is only after data-congruent models have been learnt that confirmative
testing on parameters in the models becomes empirically applicable.

In his “The Testing of Hypotheses” chapter, Haavelmo devotes a full section to the
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‘Meaning of the Phrase “Formulate theories by looking at data™ (section 17). Interestingly,
he concedes that such formulation belongs to ‘inductive science’ and ‘involves risk of
failures, which are beyond our control’. This concession indicates that Haavelmo’s
conception of hypothesis testing is broadly in accordance with the idea of statistical learning
described in section 4.2. The limits of history, however, confine him to the narrow framework
of classical statistics, because ‘discussion of “right” or “wrong” in connection with such
empirical, inductive processes would take us into metaphysics’ (p.82). This statement is now
clearly outdated with the advent of machine learning. As shown in section 4.2, faithful
formulation of economic causal claims is indeed a far more complex issue than what the
hypothesis testing apparatus can tackle. Section 4.3 expounds this point further through two
examples, one on the problem of selection bias in microeconometrics and the other time-
series aggregate index making in macroeconometrics. These examples demonstrate how
easily mechanical use of the hypothesis testing framework is prone to Type Il error, and how
crucial it is that the search for best possible data-congruous models is done via careful
infusion of logical reasoning and inductive learning. Consequently, the formulation task

should be placed at the core of econometric research.
4.1 Confirmative Bias: Pitfalls in Blind Adoption of Hypothesis-Testing Framework

The statistical tools advocated by Haavelmo are primarily for testing the statistical
significance of single parameters of theoretical interest. His initial focus is on how
compatible these tools are for individual parameters in SEMs, as these models are deemed the
most fundamental type. His derivation of the OLS inconsistency in SEMs, now widely
referred to as endogeneity bias, has set the core econometric research path on estimation and



testing of a priori defined structural parameters. Therefore, the first case to be considered
here is endogeneity tests on single parameters.

Case one: endogeneity tests

Although SEMs should be highly multivariate in general, Haavelmo’s derivation of
endogeneity bias is based on a bivariate static SEM (1943, 1944: ch. 5), which is an extreme
oversimplification of reality:

y=PBx+g&
41.1
( ) x=py+e

It is easy to derive from (4.1.1) that cov(xe;) # 0 and cov(ye,) # 0 when x and y are
assumed to be jointly distributed random variables. The correlations make the OLS
inconsistent for (4.1.1) because of its single-equation based optimisation criterion. For
example, the OLS of the upper equation in (4.1.1) amounts to:

(4.1.2) y = Byxx + &y, with cov(xe, ) = 0.

The inconsistency implies B, # B;. The inequality is referred to as ‘simultaneity bias’.

Since the explanatory variable, x, in (4.1.2) is also an explained variable in (4.1), the bias
becomes widely known as endogeneity bias.

Nowadays, concerns over endogeneity bias are widely seen in the context of single-
equation models. The instrumental variable (V) method is prescribed to circumvent the bias
in this context (see section 5.1 for further discussion). The 1V route effectively refutes (4.1.2)
and replaces it with the following conditional model involving a set of 1Vs, denoted by V:

(4.13) y=B,vx" +e&, Withx' =V, Py = (V'V)7V'x, and cov(x"e)) = 0.

(4.1.2) and (4.1.3) are two non-nested rival conditional models under the premise of x = xV.
In Haavelmo’s classification, the prior belief in the presence of endogeneity bias amounts to
the assertion that x is an observable variable with non-negligible measurement errors whereas
xV is the theoretical variable. This assertion underpins endogeneity tests. The null of the tests,
Hy, is posed as: plim(B,.v — By) = 0, versus the alternative, H, : plim(B,,,v — Byx) # 0.
Arguably the most popular endogeneity test is the Hausman test.

Now, attend to the way that endogeneity tests are formed, as it deviates from the norm of
hypothesis testing. What economists expect to be widely confirmed, ie. B, # f;, is
formulated in the alternative instead of the null. The formulation thus makes these tests look
like diagnostic tests, which are discussed in the next section. But what is more important to
note is that the option of (4.1.3) against (4.1.2) guided by endogeneity tests is in conflict with
the criterion of optimising model fit. It is commonly known that the mean squared errors of
53‘5 are usually larger than those of ¢,, leaving (4.1.3) with inferior fit as compared to (4.1.2).
Meanwhile, by involving 1Vs, (4.1.3) is a more complicated model by construction than
(4.1.2). According to the principles of PAC learnability, rejection of a relatively simple
model in favour of more complicated ones should be based on the evidence of the latter



enjoying higher degrees of fit and generalisability than the former.! The conflict results from
the fact that endogeneity tests actually derive their discriminative power from single-
parameter significance tests. This becomes evident from the following model:

(4.14)  y =P ox+pB v’ +e) '

A significance test, namely g,,,v, # 0, is now the equivalent of the endogeneity test of

(4.1.3) against (4.1.2).2 Given the relative ease to find x¥ # x, it is no wonder that inferior
models in terms of fit are frequently selected. There is a widely used rhetoric to defend the
choice of (4.1.3) against (4.1.2) despite the latter enjoying a better fit: Optimal model
prediction is irrelevant for empirical studies whose tasks are explicitly set to verify causal
claims of specific interest. The single-parameter-based significance test in (4.1.4) is a precise
embodiment of this rhetoric. Its firmly confirmative biased position makes endogeneity tests
fundamentally different from diagnostic tests for function learning purposes.

The essence of a significance test on 8, v, # 0 in (4.1.4) plus a diagnostic veneer helps

explain why endogeneity tests and IV estimation has won such widespread popularity among
applied economists when they are engaged in confirmative driven causal investigations. Since
IVs are, by definition, outside of the variable set of an a priori formulated model, it is usually
not difficult to select, via experiments with various IV combinations, a desirable 1V set whose
correlation with the model variable set enables IV estimates of the structural parameters to
meet the prior expectation. The IV route thus spares them from the pain of a thorough model
learning and selection. However, such concerted efforts to search for desirable p-values are
dubbed ‘p-hacking’ in applied statistics, and use of the practice solely for the sake of
achieving journal publications is described as ‘star wars’.3

One telling case of IV-induced p-hacking is an investigation by Brodeur et al (2020). This
paper aims at evaluating the intensity of p-hacking effects on the topic of PEMs. The
evaluation is carried out on 13,440 hypothesis-testing results of PEMs reported in 308 papers,
which are selected from 2015 publications in 25 top-ranking journals. These results are
obtained by means of four methods: randomized control trials, the 1V, the difference-in-
difference method and regression discontinuity design. Brodeur et al (2020) find that the 1V
method is one of the most effective for p-hacking. This outcome is actually predictable from
(4.1.4). So long as non-unique choices of IVs provide modellers with adequate ‘wiggle
room’, it should be relatively easy to find certain x” which satisfy x # x" and meet the
criterion of g, v, # 0. Obviously, p-hacking activities tarnish the credibility of the
subsequent statistical results. Growth of the practice of p-hacking reflects an overreliance
among applied modellers on p-values as the measure of uncertainty relevant to testing the
hypotheses of interest. An extensive exposition of the incapacity of p-values as exclusive
uncertainty measures can be found in the 2019 special issue of American Statisticians entitled

1 One should not confuse the IV case with overfitting. Overfitting describes the situation where although model
fit keeps rising with model complexity within training samples, model prediction deteriorates outside training
samples. In the 1V case, model fit worsens when (4.1.3) is compared with (4.1.2), irrespective of whether it is
inside or outside training samples.

2 This expedient route is described in various textbooks, e.g. see Berndt (1991: ch. 8).

3 Brodeur et al (2016) come up with this description because of the widely established practice in journals to use
different numbers of ‘*’ to indicate different degrees of statistical significance, e.g. * indicates 5% and ** 1%.
As for p-hacking, see Hirschauer et al (2016) for further discussion.
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‘Statistical Inference in the 21st Century: A World Beyond p < 0.05°.# Among other things,
the issue warns modellers against interpreting p-values in hypothesis testing of single causes
as the empirical risk, as those values do not reflect any model uncertainty.

Case two. Single time-series variable tests for classification purposes

This research topic has primarily been led by development of unit-root tests, as described
in the context of marginal-distribution-based time-series models in section 3.1. The topic
derives its significance mainly from (a) a widespread conviction of the critical assumption,
described at the beginning of Chapter 3, that data generation processes of single variables are
the very foundation of jointly distributed variables; (b) observations of slow dynamic features
in many time-series variables, features which apparently exceed characterisation of stationary
processes; (c) the unavailability of hypothesis testing techniques for nonstationary variables
in classical statistics.

The initial research is based on AR models. Take the AR(1) model (3.1.2) in Chapter 3
for example. Unit-root tests for that model are formulated as Hy: p = 1 versus H;: |p| < 1,
such as the Dicky-Fuller (DF) test, arguably the most popularly used unit-root test in practice.
The formulation reflects a common expectation that the presence of unit roots should be the
norm, namely that economic variables to be tested should be nonstationary by and large. The
formulation, however, poses serious technical challenges for theoretical econometricians as it
falls outside the apparatus of classical hypothesis testing. It turns out that more complex
mathematics is required for tackling non-stationarity than is needed for stationarity, in order
to try and minimise the size distortion and maximise the power of the tests by the standard of
optimal test designs.® Meanwhile, recalcitrant dynamics observed in reality compels
augmentation of single time-series variable models underlying the tests. In the augmented DF
test, for instance, (3.1.2) is augmented into an AR(n):

(4.1.5) Ve = Lim1PiVe—i + Ut
Unsurprisingly, the AR(n) model class is still inadequate in practice. One generalisation route
is to introduce a deterministic component, u,, into the model class, e.g.:

(4.1.6) Ye = Ue + Z¢, Zg~AR(n)

A great deal of flexibility is built in (4.1.6) via different formulations of u,. One popular
version is: u; = d;&, where d; denotes a vector of a priori given deterministic variables, and
& the corresponding parameter vector. For instance, a time trend, ¢, can be included in d; to
accommodate the proposition that the variable to be tested evolves with time in a
deterministic way; and when the variable is known to have experienced ‘structural’ breaks,
dummy variables representing the breaks can be added into d;. To account for the latter
phenomenon more realistically than the dummy specification, the breaks can also be
represented stochastically, say by a Bernoulli process, m;, in the following formulation: p; =
Ur_q + e, &~1id(0,02). Clearly, different formulations evoke different optimal test
designs. Furthermore, in the case that u, is composed of unknown parameters, such as &,
their optimal estimation has to be considered in the test designs. The combined consideration

4 Applications of significance tests are a common practice in so many disciplines that this topic has attracted
wide attention, e.g. see a detailed analysis by Mayo (2018) from the perspective of the philosophy of science.
5 For detailed surveys and reviews on this topic, see Part 1V, Volume 1, Palgrave Handbook of Econometrics,
edited by Mills and Patterson (2006).



scales up mathematical complexity. It is no wonder that the research topic has earned the
state-of-art reputation.

Contrary to the impressive theoretical achievements of single time-series variable tests,
their empirical efficacy remains rather limited. For most economists, the rigorous
classification of single variables into different types of stochastic processes bears too little
relevance to their direct research concerns. Outlook differences between the test developers
and economists are particularly telling with regard to structural breaks. While the breaks are
regarded as sporadic contaminations to stochastic processes following the general form of
(4.1.6), what really concerns economists are model forecasting failures (breaks) in the wake
of unexpected shocks, and also how to make it possible to predict upcoming foreseeable
shocks and their possible impacts. Behaviour based ‘structural’ models in economics exclude
the single time-series variable model type. In fact, observations that dynamic patterns of
single variables are approximately characterizable by certain stochastic processes do not
warrant the deduction that these variables are intrinsically generated by those processes. It is
an epistemic pitfall to equate observable data features with data generation mechanisms.
When the object of hypothesis testing is on superficial symptoms rather than causes, the
resulting tests cannot have much substantial efficacy in practice. What the tests can do is
merely to reinforce the confirmative bias, namely the belief that economic data are
fundamentally generated by single-variable DGPs. The research path of model augmentation
from (3.1.2) towards (4.1.6) falls into the defective methodology, referred to sometimes as
accommodationism.® A distinct feature of the methodology is to produce models which
overfit, because overfitting models facilitate confirmations of hypotheses which are otherwise
rejected. When research is motivated solely by a priori resolve to confirm a certain
hypothesis being the norm, it is usually not difficult to find models which are flexible enough
to render the expected outcome. The research practice is also referred to as ‘HARKing’, a
term coined by Kerr (1998) for the situation when post hoc hypotheses are reported in
research as if they were a priori formulated. Kerr has also summed up a list of costly
consequences of HARKIing activities in his reflections on scientific research methods under
the logical empiricist approach.

It should be noted that the practice of HARKing should not be deemed undesirable per se.
The fact that the tendency to Hark is widespread indicates how complex the investigative
process of societal causal relationship is in an open world. The costly consequences of
HARKIing activities are effectively manifestation how the above process cannot be confined
within the classical hypothesis testing framework.” The incompatibility of the framework
with social science research issues is caused, according to Deming (1975), by confusion of
two different types of research questions involving statistical analyses — ‘enumerative’ and
‘analytic’. An enumerative research question is definable within a known universe/frame,
such that data samples pertinent to the question are randomly collectable under controlled
experiments. Furthermore, post-research targetable actions depend vitally on the estimation
results of the statistical analysis. Social science research questions, on the other hand, are
generally analytic by nature. Such questions usually concern certain causal systems and are

6 See Hitchcock and Sober (2004).
7 See Prosperi et al (2019).



posed with the intention to improve their future performance. The post-research targetable
actions depend on conditional predictions of the causal systems under uncertain
circumstances. Additional constraints are thus needed to clarify the uncertainty before
hypothesis testing is applicable.® Under the circumstances, HARKing is effectively to try and
accommodate the stringent hypothesis-testing setting to reality. Sadly, such an attempt is
often made at the expense of neglecting the need for statistical prediction in an uncertain
universe, a crucial task in analytical studies. Further discussion on this point is in Chapter 6.

Positive economic research is essentially data-analytic. Tackling data-analytic questions
entails designing and selecting models which not only best fit the desired purposes but also
are data-congruent. As argued in the previous chapters, a posteriori model learning is a
prerequisite for that task. The design of effective procedures of data-aided model selection is
essential for the success of such learning. Since the selection involves setting statistical
criteria, their assessment evokes the use of hypothesis-testing tools. It should be stressed that
these tools do not serve to verify subject-matter based causal claims. Rather, they are used to
check if various model-derived statistical features, which are formulated into relevant
hypotheses, meet with the expected statistical criteria for model selection. It is based on this
distinction that these hypotheses are often referred to as auxiliary hypotheses, and the
resulting tests as diagnostic tests.®

4.2 Diagnostic Testing and Model Selection

Tests on model residual distributions against the classical assumption, namely that the
residuals are identically independent distributed (iid), are the most basic and popular type of
diagnostic tests. The assumption is embodied in a number of null hypotheses in those tests,
for example, the residuals are serially uncorrelated, homoskedastic and fit into a normal
distribution. Apart from residual distributional features, there are two other areas where
diagnostic tests are often targeted. One is to test for the constancy of parameter estimates,
such as the Chow test and the CUSUM (cumulated sum of the residuals) test. These tests are
essential for model-based prediction. The other area is to assess the relative performativity of
different models. For example, tests on parameter zero-value restrictions against omitted
variables in nested models of different sizes, and likelihood-ratio based tests to discriminate
between non-nested models, especially theoretically rival models. Diagnostic tests targeting
non-nested models have evolved into quite a sizable group, and are commonly known as
encompassing tests.*® The statistical features of the residuals form the ultimate testing object,
despite the differently formulated hypotheses in parameter constancy tests or encompassing
tests.

By convention, the null hypotheses of diagnostic tests represent the desired data features
of the models under design. Rejections of the null indicate incompatibility of model against
data. Therefore, diagnostic tests are also referred to as mis-specification tests, so as to

8 See Hahn and Meeker (1993).

9 Caution is needed when ‘auxiliary’ is used to classify hypotheses. All statistical hypotheses predicated on
econometric models are auxiliary, from the standpoint of the hypothetical, economic causal claims, as long as
the claims are not directly verifiable without models.

10 Cox (1961, 1962) is acknowledged as pioneer of non-nested tests; see Pesaran (1987), Mizon and Richard
(1986) for early development of encompassing tests.



differentiate them from specification tests, which are significance tests of structural
parameters. Since statistical properties of the residuals are the focus of diagnostic tests,
subsequent model revisions are rationalised as an error-statistical approach.!* The approach
effectively promises a route towards appropriate HARKing. In econometric practice,
rejections of the null are prevalent because a priori formulated models are rarely data-
congruous. The question of how to prescribe appropriate remedial actions after such
diagnoses remains a major weakness in research. Under the assumption that structural models
are a priori known to be correct globally, the textbook strategy is to prescribe optimal
estimator choices as the core route, following Haavelmo’s lead. Take tests of residual
autocorrelation for example. Residual autocorrelation is commonly diagnosed from static
models applied to time-series and/or dynamic panel data. It is not difficult to prove that the
OLS, the default estimator, is inefficient in the presence of residual autocorrelation, and that
the inefficiency can be overcome by the generalised method of moments (GMM) estimators
which incorporate the autocorrelation as weights (see the second case in section 5.1). From
the viewpoint of model revision, the efficiency gain in these GMM estimators comes
essentially from an implicit model augmentation — augmenting static models into dynamic
ones through the incorporation of a residual autocorrelation component. Hence, the practice
of estimator-centred prescriptions amounts to implicitly accommodationist HARKing. A
clear manifestation of this is the case of DSGE models discussed in section 3.2 of the last
chapter. In contrast, the incorporation of ‘structural’ breaks into the AR models in the second
case of the previous section amounts to explicit HARKIing. It is debatable if either way of
HARKIng is appropriate.

An important question thus arises: What are the pitfalls in prescriptions following the
alternative when the null has been rejected? Reflection on the question leads to two
interrelated key factors: the limitation of the confirmative hypothesis-testing setting and the
nature of derivative residuals. Most of the diagnostic tests follow the standard format of
dichotomous hypothesis tests, where the null is expected to be the norm and its rejection is a
small chance/probability event. In econometric reality, however, rejections in diagnostic tests
are so common that they serve merely as a formal rejection of the expectation. Consequently,
model revisions are a must whether done explicitly or implicitly. However, since the direct
objects of testing are the symptomatic features of the model residuals, it is beyond the
capacity of diagnostic tests to clearly specify model mis-specification causes. This incapacity
implies that it is indeterminate whether the null rejections from different diagnostic tests are
due to the same cause or different causes. For example, an economic crisis can be reflected in
rejections of homoscedasticity and normality of the residuals as well as parameter
inconstancy when the model does not take the crisis into explicit consideration. It is
obviously erroneous to adopt and incorporate every single alternative literally in the treatment
prescription under the circumstances. Consequently, rigorous model selection procedures
under a systematic approach are called for. The LSE dynamic specification approach is a
good example of such an endeavour. To avoid the above pitfalls, applied researchers are
advised to start modelling from dynamically the most general model class, so that the basic
requirement of the null being the norm is most likely to be satisfied. Once the limitation of

11 See Spanos (2010, 2018) for more discussion.



diagnostic hypothesis testing is avoided in the first place, it becomes possible to carry out
stepwise model reduction, with the help of diagnostic tests, to select the most parsimonious
models. The LSE general-to-specific approach is essentially the result of summing up all the
dynamic mis-specification problems, which commonly occur when a priori conventionally
formulated models are fitted against time-series data. In comparison, it is a far more
challenging task in micro-econometric research to sum up all the commonly seen mis-
specification problems, especially in view of the ever-growing sample sizes and data
varieties. In the absence of general model classes which would satisfy the requirement of the
null being the norm, it is no wonder that diagnostic tests have not been used much in micro-
econometric practice.

The limitations of diagnostic tests become increasingly apparent when multiple plausible
alternative attributes are specifiable. Large-scale hypothesis testing tools are needed under
such circumstances, tools which take into consideration the appropriate allocation of p-values
corresponding to those alternative attributes.? But when the number of possible attributes is a
priori unknown, the set of alternative attributes cannot be closed, p-value based diagnostic
tests are devoid of their base. This explains why discriminative tests based on thresholds
other than p-values are used widely during the function estimation process in machine
learning. In short, exploratory research tasks entail far more versatile tools than what the
confirmative statistical toolbox can offer.

Let us now reflect on the role of diagnostic tests during the process of model design and
selection, from the perspective of machine learning theory. Specifically, the discussion is
anchored in the context of two equations, (2.1.2) and (3.3.1) from the previous two chapters.
The anchor enables us to deconstruct model selection problems into the following two
aspects:

Q1. Which variables in the two candidate sets, {x; - x,} and {z; --- z,,}, of (2.1.2)
regularly play a significant explanatory role for the target variable, y?

Q2. Of those selected input variables in (3.3.1), what functional forms are best
representative of causally interpretable relationships between them and the target variable?

In order to tackle each question, multiple decision criteria and rules ought to be
considered in the learning algorithm. A systematic model selection strategy is essential to
ensure that the selected criteria and rules can be executed efficiently, either in a sequential or
iterative manner. Above all, the algorithm design should follow the principle of SRM
described in Chapter 2. SRM delivers accuracy and generalisability, two basic model
selection rules. Accuracy is further embodied in ERM while generalisability is captured in the
notions of parsimony and stability. Given a model class for a certain analytical question, the
primary goal is to select models which neither underfit nor overfit data within the class. To
realise this goal, we need to divide data into a training set and a validation set: D = D;,4in U
Dyatidation With Dirgin 0 Dyatiaation = @, SO that the goal can be translated into a search for
the best possible bias-variance or bias-complexity trade-off. The criterion of ERM is clearly
inadequate for the search and prone to selecting models which overfit, as it aims only at

12 See Efron and Hastie (2016: ch. 15) for further discussion.
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minimising the training errors, &.-4in. 10 balance ERM with parsimony, a set of statistics are
devised to penalise model fit by model size relative to sample size. The adjusted R? is
arguably the most popularly used statistic in econometric practice.'* A group of popularly
used statistics is known as information criteria, including the Akaike information criterion
(AIC), the Bayesian information criterion (BIC) known also as Schwartz criterion, and the
Hannan and Quinn criterion (HQ). Their differences are the result of different formulations of
penalty measures for model complexity. Theoretically, the differences reflect different,
sometimes contentious, viewpoints about which rules should be the most appropriate. For
example, AIC is motivated by the rule of predictive accuracy or asymptotic efficiency,
whereas BIC is based on asymptotic consistency. In practice, BIC may guide modellers to
more parsimonious models than what AIC indicates, because the weight of penalty on model
complexity is heavier in BIC than in AIC, namely dIn(n) versus 2d (where d is model size
and n sample size). Hence, AIC can be more sensitive in signalling underfitting cases than
BIC, and vice versa for overfitting cases.'* Information criteria are easily applicable to
distribution-free function learning situations, as they are free of p-value based thresholds.
Moreover, they can be combined into regularised loss functions to facilitate model-size
constrained estimation (see section 5.2 of the next chapter for further discussion).

The diagnostic tools discussed in the preceding paragraph are primarily in response to Q1.
As for Q2, the key standard or criterion is economic explicability, or more broadly, subject-
matter potency. Specifically, this criterion demands for intelligent parameter designs in
(3.3.1). It was pointed out in section 3.3 of the last chapter that meaningful parameter
designs, referred to as feature learning, cannot be accomplished a priori. Diagnostic tests
obviously play an important role in feature learning. Clearly, confirmations of diagnostic tests
on model residuals are a prerequisite for conducting statistical inference on individual
parameters. Moreover, tests on the constancy of parameter estimates are an indispensable part
of feature learning. After all, parameter constancy is a key manifestation of structural
invariance, and hence generalisability, of models. When models are fed by time-series data,
recursive and/or rolling estimation can be exploited to construct sequences of parameter
constancy tests, particularly for situations where sample sizes are rather limited. In the event
of cross-section-data-based models, adequately designed cross-validation experiments are
essential for testing parameter constancy and model stability.t® Finally, various encompassing
tests form another set of useful tools for model selection, complementary to information
criteria.

It is clear from the above discussion that statistical tests function primarily as a
discriminative toolbox for learning algorithm designs, and that it is premature to conduct
specification tests before best possible generalisable models are successfully learnt.
Correspondingly, the primary function of probability is also discriminative. Its function to

13 A mirror statistic to the adjusted R? is Mallows’ C,,. But this statistic is rarely used in econometrics.

14 For further discussion on different choices of penalty measures in information criteria, see Kadane and Lazar
(2004), Ding et al (2018). For detailed discussion on the AIC-BIC debates and related issues, see Yang (2005),
and also Dziak et al (2020).

15 For a comprehensive survey of cross validation methods, see Arlot and Celisse (2010).
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assist statistical inference in specification tests is secondary, since these tests are predicated
on having found interpretable parameters of well learnt models.

For most data-analytical questions, prior knowledge can merely offer a rough and
inconclusive set of possible causal factors. The task of factor selection entails appropriate
sequencing of the possible variables and features to be filtered. There are two sequencing
procedures in machine learning: forward selection and backward elimination.® The latter
procedure effectively underpins the LSE general-to-specific dynamic specification
approach.’ The backward selection procedure is mostly applicable for cases where the
number of variables to be filtered is limited, and there are notable correlations between them,
for example, in the case of lagged variable selection in time-series modelling research. When
there are enormously many variables to be filtered and evidence of causally substitutive
effects among them is weak, forward selection is the viable route. When modellers are
confronted with the compound task of variable selection and input feature design, algorithms
allowing for iterative experiments are usually needed.

4.3 “Formulate Theories by Looking at the Data”: Modelling via Data Deconstruction

Section 17 in Haavelmo’s chapter on The Testing of Hypotheses is entitled ‘The meaning
of the phrase “to formulate theories by looking at the data’’. Here, Haavelmo emphasises the
importance of ‘“data” in the broad sense of empirical knowledge’ (p.81) in formulating
theories. Such a formulation is effectively an acquiescence of HARKIing activities and the
limited applicability of the hypothesis-testing framework. In machine learning, nowadays, the
process of model formulation through ‘looking at data’ has been largely computerised, and
the model learning process from an open and theoryless environment has been proven far
more complicated than formulation of null hypotheses in confirmative statistics. A key
contributor to the complexity is the need to substantiate theoretical claims through inductive
learning, or the need to ‘ground’ and ‘robustify’ these claims in Valiant’s parlance (2000).
This need requires researchers to take into careful consideration both the theoretical claims
and data-related specific circumstances during model formulation.*® The formulation is, after
all, a higher-level research issue than statistical testing.

In the last section, the discussion about model design and selection following the machine
learning approach is centred on two model classes, (2.1.2) and (3.3.1). Both are broad
functional representations of many applied issues. The discussion is thus too general to
convey adequately the aforesaid complexity. Two examples are given below to rectify this
inadequacy.

Case one: Causal inference of supply-side wage effects using incomplete data samples

Consider household surveys, where the wage rate entry is missing for those who are
unemployed. This poses the question of whether models regressed with subsamples excluding

16 For more discussion on these procedures, see Hastie et al (2009: ch. 3), Shalev-Shwartz and Ben-David
(2014: ch. 25).

17 This is clearly embodied in the designs of the software applications, PcGive and PcGet, see Hendry and
Krolzig (2003), Hendry and Doornik (2014).

18 For further discussion on the importance of engaging vernacular knowledge in applied economic analyses, see
Swann (2006).
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those missing observations are valid for inference. In textbook econometrics, the case is
framed as a truncated or censored data complication, which induces selection bias, i.e.
inconsistency, in the OLS based regression, because the corresponding model is formulated
as a limited dependent variable model.X® This is, unfortunately, a misconceived approach.
Any assessment of estimator consistency assumes known population characteristics. But
these characteristics are unknown in the present case as they hinge on counterfactual
speculation. The limited dependent variable model representation is far too simplistic to
support such speculation. Hence, a posteriori predictive estimates of those characteristics are
needed, which requires, in the first place, inference of counterfactual labour supply behaviour
of those unemployed at the individual level. From-specific-to-specific inferential issues are
classified as transduction in machine learning. Let us go into more details of how the case
should be formulated based on transductive learning.

Suppose that a household survey sample, X = {h,w, Z}, adequately represents a certain
target population. In the sample, h denotes hours of work, w hourly wage rate, and Z an input
variable set for bothhandw (Z = Z, U Z,,, and Z,, N Z,, # @). For respondent i who reports
h; = 0, w; is missing. Construct a missing data indicator: [ with [; = 0 if w; is missing and
[; = 1if w; is observed (the subscript of individual respondents is mostly omitted hereafter
for simplicity). Variable [ is commonly referred to as labour force participation (LFP).
Subdivide the sample by [: X = {X,, X;}, where X;, known also as the complete-record
sample, is much larger than X, but the size of X, is not trivial. Write the labour supply model
for the wage effects using X, as:

(431) h1 = fhl(wllzhl;ﬁl) + ghl

where the parameter corresponding to w; in set, 4, is the focus of inference. The research
question can now be phrased as whether (4.3.1) is valid for inference concerning the group
classified by [,, had the whole group decided to work. Note that the question designates h, as
counterfactually missing instead of being zeros as the survey has recorded.

A textbook claim for group [, to make the none-LFP decision is that potential wages, wy,
are non-market clearing. The claim implies that the missing wage data pattern is not random.
The implication fuels the derivation of selection bias, namely inconsistency of the OLS
estimates of B, for the inference task. The pivotal role of the missing wage data pattern
places transductive learning of plausible wy a first priority. A principled approach to tackle
the learning task is Ruben’s multiple imputation (MI) analysis (1987). What MI essentially
does is to run stochastic predictions of individuals in w, via exploiting data similarities
between Z; and Z,.%° In MI analysis, data missing mechanisms are categorised into three
types: missing completely at random (MCAR), missing at random (MAR), and missing not at
random (MNAR). Write a general human capital model as:

(432) wq = fwl(zwl, dl) + ng

19 For more detailed descriptions, see Maddala (1983), Cameron and Trivedi (2005: ch. 16), and Kennedy
(2008: ch. 17).
20 See Carpenter and Kenward (2013) for a detailed description on M1 analysis and related techniques.
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The three types of mechanisms can be denoted as: (a) MCAR: Pr(l;|lwy, Z,,) = Pr(l;), (b)
MAR: Pr(l;lwy, Z,,) = Pr(l;lw;,Z,,) and (¢) MNAR: Pr(l;|w,, Z,,) # Pr(l;|wy,Z,,). The
above non-random claim is formalised in the last type. MNAR cases can be simulated on the
basis of MI results, which are attainable using (4.3.2) under the MAR assumption. Such
simulation is known as sensitivity analysis. Specifically, denoted imputed w, under MAR as
(W(I)VIAR

141

w{4R and concatenate it with w, to form w{!AR = ) Since the following the LFP

model holds:

(4.3.3) L= fiZ, Wi v + & = fI(Z; yM4R) + & with /4R = 0,

we can impose systematic shifts on wj4® to produce w{’N4® such that (4.3.3) becomes:
(4.3.3%) I = f,(Z, w)NAR, yMNARY 4 o with yMNAR = 0,

Simulations with different plausible shifts guided by prior knowledge provide us with a range

of wNAR scenarios.

Once w)4R and w)!N4R are obtained, we are in a position to impute their corresponding
counterfactual h, using (4.3.1), because h, is missing in monotone with wy,?* and MAR
according to prior economic reasoning, i.e. Pr(l;|hy,w,Zy) = Pr(l;|hy,w,Z,). The MI
analysis also tells us that OLS regressions with missing response variables under MAR are
not inconsistent when complete-record samples are used, and that inconsistency arises only
with MNAR response variables, provided that the regression models in application are
correctly specified.?? Accordingly, selection bias should be irrelevant for B, in (4.3.1) and
should be relevant only for a; in (4.3.2) under MNAR.

However, the prerequisite of known correct models is untenable in practice. From a
pragmatic viewpoint, parameter constancy between (4.3.1) and the model applied to whatever
counterfactual situations under concern is the basic requirement of the present case. In
comparison, consistency is an imprecise criterion because it implicitly assumes that the
population of interest is a priori known for certain. Since M1 analysis results in a plausible
range of simulated complete-data samples X, ,;, we can use them to assess parameter
constancy empirically, i.e. regressing (4.3.1) with X, to test Hy: B = B u;. Likewise, we
can regress (4.3.2) with Xy, to test Hy: a; = a ;. Both nulls are the expected norm except
for (4.3.2) under MNAR. In other words, unexpected test rejections, particularly rejections of
B1 = Pomr, can only indicate model generalisation inadequacy rather than selection bias.
This diagnosis is corroborated by undesirable statistical properties of the residuals from the
two-subsample regressions.??

The above formulation shows how misconceived the selection bias claim is. It is also
worthwhile noting that the primary weakness in confining the research realm within the
supervised learning model boundary is actually not estimation inconsistency, but inefficiency,
because idiosyncratic data information in Z, is indispensable for predictive estimation of

21 For the definition of monotone missing, see Carpenter and Kenward (2013: ch. 3).

22 See Carpenter and Kenward (2013: ch. 1) and Carpenter and Smuk (2021) for further discussion.

Z In practice, fy,,, fi, and f; are commonly cast in parametrically linear forms. See Qin et al (2019) for an
exploratory investigation of this example using the US data on married women labour supply.

13



counterfactual simulations. This point becomes transparent when research questions are led
by specific policy targets, as in the case of the PEM-based average treatment effect research.
The set policy targets have effectively fixed the population characteristics of interest. The
validity and effectiveness of policy treatment evaluations is crucially predicated on careful a
posteriori selection of appropriate control groups, frequently by transductive inference using
matching techniques. The selection amounts to filtering [, for subgroups which are most
comparable to specified policy targeted subgroups in [, in the present case.

Case two: Model-based leading indicator construction

This research question has remained a serious challenge in empirical business cycle
studies for nearly a century. A well-known example is the factor-analysis based aggregation
modelling approach.?* Unfortunately, progress on this issue is disproportionately slow,
especially compared to the amount of research inputs. The progress has been hindered by two
related problems: lack of invariance in the loading structure of indicators and lack of
adequate validation evidence of their predictive power beyond the training samples. From the
viewpoint of machine learning, these problems manifest poor formulation of an analytical
research question. The intended aim of leading indicator construction is to improve
forecasting of certain macro targets, as implied by the attribute, ‘leading’. The aim dictates
that the research issue belongs ultimately to a supervised learning task. However, factor
analysis falls into the unsupervised dimension reduction category.? Moreover, from a causal
modelling perspective, observed disaggregate variables in factor analysis are a manifestation
of certain latent common causes. In composite index making, which is what the present
research amounts to, none of the constructed indicators can possibly be conceived as a
common cause of the related observed disaggregate variables.

Let us demonstrate how the above research question should be reformulated using the
case of constructing financial conditions indicators (FCIs) for macro forecasting.?® Denote the
macro forecasting variable of interest by y, and suppose that its conventional macro model is
of the ARDL class:

(4.3.4) Ve = Qo+ Xie1 iYe—i + XNieoBiXe—i + e

where X = {x,, -, x} denotes an input variable set including financial variables such as
interest rates and monetary aggregates, and B is the associated parameter vector. Now,
numerous economists have stated that those macro financial variables are inadequate to
represent fully and speedily the vast financial markets. Their concern can be formulated as a
hypothesis of omitted latent leading variables in (4.3.4), which can be approximated by FCls.
Suppose that a small number of FCls, say F = {f;, -+, f;}, can be derived from a large set of
observed financial market variables. The hypothesis amounts to extending (4.3.4) into:

(4.3.5) Ye =g+ Z?=1 aiye—i + Z?:o BiX:_; + Z?zo LiFi_i + &

24 See Sargent and Sims (1977), Stock and Watson (1989) for further detailed discussion.

25 Factor analysis is closely related to principal component analysis. Both are categorised as dimension
reduction tools for unsupervised learning tasks. In measurement theory, models underpinning these tools are
described as reflective models, whereas models for composite index making purposes are referred to as
formative models. The latter type is more complicated and entails specification of more criteria than the former,
e.g. criteria involving the target variables of prediction, see Markus and Borshoom (2013: Part 11).

26 See Qin et al (2022a) and van Huellen et al (2022) for a detailed account, and illustrations of this case.
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Verification of the hypothesis lies in the search for evidence whether there are selected
models in (4.3.5) which parsimoniously encompass the selected model in (4.3.4).

The above formulation embeds the FCI construction in a supervised learning framework.
Hence, the following partial regression measurement model class is chosen, taken into
consideration the ‘leading’ attribute:

(4.3.6) Ve = 2ieq Wjiljg—i + 0y, j=1,--,m

where {I;;,j = 1,---,m} denotes a large set of observable financial variables. The weights,
wj;, can be estimated by the partial least-squares principle. Subsequently, the first few
indices, F, can be selected for experiments using (4.3.5). According to the measurement
theory, any measurable indices in F should be time-wise concatenable.?” To validate this
fundamental criterion, recursive estimation and tests of parameter constancy form a key part
of the model selection process with respect to (4.3.6).

By putting the research task into a supervised learning framework, we can also adopt
more target specific designs into the FCI construction than the basic case where factor
analysis is used for the measurement model. This is best reflected in two dynamic aspects in
the design. Specifically, dis-synchronised dynamics among observable financial variables
from various markets is taken into the design of (4.3.6) such that the surviving variables
through model selection can be dynamically heterogenous, namely in different lag orders. As
for (4.3.5), we can also transform it into an ECM, in view of the popular transformation of
ARDL models into ECMs, so as to decompose the target into a short-run variable and a long-
run disequilibrium component. Consequently, long-run and short-run FCIs can be separately
constructed for better results in terms of ‘separate factors of variation’. Furthermore, the
supervised learning step of (4.3.6) can be extended by a preliminary step of unsupervised
dimension reduction when there is evidently redundant information among financial
variables, for example, with similar variables from the same type of markets but geographical
different locations.

It is worth reiterating that all the equations in the above two cases are model classes and
that function estimation or learning in each class is essential. Yet the learning itself may still
be inadequate for faithful formulation of economic hypotheses of interest. The formulation
task goes well beyond the stringent hypothesis-testing framework. These cases therefore
reinforce the key arguments of the last two chapters. Specifically, learning is indispensable
for the formulation of practically robust economic models. The formulation process involves
a close and principled interplay of subject knowledge and data through numerous
experiments iteratively. Hence, the dichotomy of measurement with theory vis-a-vis
measurement without theory should be discarded. This viewpoint actually reinforces
Zellner’s appeal, nearly half century ago, in his concluding remark: ““Theory without
measurement” and “measurement without theory” are extremes to be avoided’ (1979). Here,
the ‘extremes’ are based on an oversimplistic way to classify models, namely to label models
as ‘theoretical’ because they are a priori deduced mathematically, and models as ‘empirical’
when they are developed a posteriori through data analysis. The rise of Al and machine

27 See Markus and Borshoom (2013: ch. 2) for further discussion.
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learning has made this classification effectively obsolete. From the perspective of PAC
learning, the interplay is an indispensable way to circumvent the brittleness and lack of
targeted real-world focus of models produced by the hypothetical-deductive route. What is
dispensable, however, is the imposition of a probability space on the distribution of the
variables of interest. Probability is primarily and predominantly used in diagnostic tools for
assisting decision making. The role of statistical inference on interpretable parameters
becomes subordinate, albeit while still remaining an integral part of model selection during
the formulation process.

5. Problems and Potential of Estimation

Optimal estimation of structural parameters in a priori deductively formulated theoretical
models forms the core of present-day econometrics. This core is well established after
decades of developments and extensions of Haavelmo’s derivation of endogeneity bias. A
recent summary of this core can be found in the discussion around the concept of ‘estimand’
by Athley and Imbens (2019: section 2.1). It is important to reiterate here that the assessment
of statistical optimality of estimands is predicated upon the assumption of known correct
models. The previous chapters have exposed how untenable this assumption is, no matter
how elaborate and rigorous the deductive process is of those models. The flaw in this
assumption thus undermines the core of present-day econometrics.

The primary task of this chapter is to lay bare the methodological defects in blindly
seeking optimal estimators for a priori postulated structural parameters. Algebraic proofs of
non-optimality of the OLS are based on diagnoses that residuals of the estimated models fall
short of the classical assumptions in a default regression setting. More often than not,
however, such diagnoses reflect the inadequacy of a priori postulated models for practical
purposes. But if the global correctness of these models is taken for granted, the inadequacy
can only be deemed as estimation defects. Their treatments result inevitably in implicit model
modifications, and sometimes deterioration in model fitting or generalisability. Hence, the
estimator treatment route effectively camouflages model formulation problems, offering
systematically false confirmations for inadequately formulated models. This pitfall is
demonstrated in Section 5.1 through an extension of the two cases discussed in Section 4.1.
The discussion shows it is evidently premature to consider the task of parametric inference
before model formulation problems have been empirically ironed out.

Once model learning and selection is prioritised, the primary role of estimation becomes
the assistance of model selection. Section 5.2 examines how estimation fulfils this role as part
of the learning algorithms. Since the algorithm design is ruled by SRM, choice of the basic
estimation principle is driven by loss function minimisation subject to SRM, and the
estimation results are used as indirect data evidence for model assessment. Formalisation of
this role results in extension of estimators by a regularised loss minimisation constraint
embodying the desired model selection principle. From the applied perspective, it is crucial
not to interpret the resulting estimators in the same way as conventional estimators for
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optimal parametric inference purposes. This is because the rule of loss function minimisation
is assessed against validation samples whereas conventional estimators are designed in a
dichotomous sample-population setting, which ignores the need for dividing available data
into training and validation samples.

Section 5.3 delves into the topic of post-selection inference. Once detectable non-optimal
problems from model residuals are ironed out, the estimation problems presently described in
econometric textbooks should generally disappear. The key task now falls on model
reparameterization in feature design or representation learning, namely design and selection
of parametric representations which not only faithfully translate the original economic causal
claims but also capture the smallest possible separable input factors of data variations.
Inferability of the resulting parameters touches on the question of whether classical tools are
directly applicable to post-selection models. Contentions over this question are briefly
discussed in this section. In short, the present chapter reinforces the main conclusion of the
last chapter, namely that the framework of classical statistics is too narrow and thus impotent
for empirical verification of economic theories.

5.1 Problems of Estimation Prior to Model Selection

As already discussed in Chapter 4, there is an unsurmountable gap between the setting of
classical statistics and that of positive economic issues in general. However, since current
econometrics is established within the framework of confirmative statistics, which assumes a
priori models as the correct norm, estimation becomes the only gap-filling outlet when
statistically undesirable signs reflecting the gap emerge from model residuals, either through
logical deduction or data experiments. These signs are diagnosed as non-optimality of the
OLS estimator, since OLS-based regression models form the key statistical apparatus initially
adopted in econometrics. Consequently, econometric research is predominantly focused on
the rectification of the prescribed non-optimality by alternative estimators. Sadly, this focus is
strategically flawed. It mistakes fundamentally analytical research questions as enumerative
ones. Pitfalls of this estimator-centred approach are demonstrated below through the two
cases described already in Section 4.1.

Case one: OLS inconsistency based on a priori deduced endogeneity bias

The deduction and the estimation-centred solution of the bias is originally offered by
Haavelmo in the context of a bivariate static SEM. Subsequent emulations of his analysis
lead to extension of the endogeneity bias label to problems, such as omitted variable bias
(OVB) and selection bias, in the context of single-equation models. Since these problems
occur frequently in practice, fear and confusion over endogeneity bias has plagued
econometric practice, and its IV treatment has effectively promoted widespread p-hacking.

To uproot the conceptual flaws surrounding the diagnosis and treatment of endogeneity
bias, we adopt the separate notations in machine learning for error terms, &;, and &,,,;, t0
differentiate in-sample and out-of-sample errors. Continuing with the bivariate SEM of
(4.1.1) in the last chapter, let us focus the examination on the upper equation. Denote the
OLS estimation of that equation as:

(5.1.1) y = Bix + &, B =X'X)IX'Y.
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Simultaneity of y and x in (4.1.1) implies corr(xey oy¢) # 0, Whereas the OLS is predicated
on corr(xey;,) = 0. Hence, inconsistency of f; with the SEM formulation is easily
deducible prior to any data experiments. The inconsistency can be readily extended to single-
equation models where E (y|x) underlying (5.1.1) embodies causal claims based on a highly
partial equilibrium principle. In such circumstances, omitted other input variables are bound
to be present in passively observed samples. Moreover, this inevitable presence is
accompanied by uncertainty in identifying fully what these omitted variables are. Denote
such an a priori unspecifiable omitted variable as z. When prior reasoning cannot rule out
corr(xz) # 0, the problem of OVB must be attended. Starting from (5.1.1) and following
Haavelmo’s step, the problem is readily reduced to corr(xey o) # 0 in general. As OVB is
added as another key source of endogeneity bias, the OLS is widely held up to infamy for not
being an asymptotically consistent estimator in econometrics.

Standard treatment of endogeneity bias is to replace the OLS by IV estimators. Denoting
an 1V set by V, the IV estimator can be expressed as the generalised least squares (GLS) in
correspondence to the OLS in (5.1.1):

(5.1.2) 3V — (X'V(V'V)TW X)X V(V'V)TWV'Y
The IV estimator can also be represented in terms of a two-stage least squares (2SLS)

procedure. The 1%-stage is a regression model based on E(x|V), and the 2"%-stage is to
replace x in (5.1.1) by x¥ = E (x|V).% The corresponding 2"%-stage model is:

(5.1.3) y=BVx +e, BV =(x"xV) x''v.

Evidence of IV =+ B, is widely accepted as empirical verification of endogeneity bias, but
disquiet remains on the choice of corresponding 1Vs as well as the interpretation of £1V. In
order to get BV # f3;, one must have x¥ = x. This prohibits modellers from taking the 1°-
stage modelling task seriously in the sense that they must try not to fit x as best as possible
for the sake of verifying BI¥ # B;. This rule of non-optimality determines the non-
uniqueness in IV choice. It reveals the model revision function of the IV estimator: tacit
replacement of the a priori assumed ‘endogenous’ input variable by an IV-generated
variable. From this viewpoint, the GLS of (5.1.2) can be regarded as the OLS on certain 1V-
weighted composites of x, and the choice of the IV estimator over the OLS is equivalent to
one of (5.1.3) over (5.1.1). This brings us to the interpretation aspect. When xV # x, (5.1.1)
and (5.1.3) are de facto non-nested rival models. Since there are multiple ways of generating
the 1V-compounded x” in (5.1.3), it lacks clarity, if not credibility, to interpret g1V as
measuring the causal effect of x — y rather than x — y. From the perspective of two non-
nested rival models, the a priori choice of IV estimation amounts to rejecting the original
causal claim in (5.1.1) by implicitly replacing it with (5.1.3). In other words, the IV estimator
achieves the removal of the diagnosed corr(xe; o) # 0 through modifying the key
conditional variable of interest, namely from x to x". Considering the multitude of possible

28 |t should be noted that it is incorrect to describe the IV estimator by a chain rule, i.e. V - x — y, following
the 2SLS representation. For more detailed methodological discussion on the IV estimation and endogeneity
bias, see Qin (2015, 2019).
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x”s, it is unsurprising that IV-modified models are unlikely to gain unanimous trust as
faithful representations of the original causal models.?°

The predicament of the IV remedy brings us back to COTr(ngout) # 0 and, specifically,
the presumption upon which it is based, namely that given theoretical models are globally
correct under normal circumstances. The general untenability of this presumption have been
discussed before. Let us examine here how logically unsound the specific model setting
underpinning the diagnosis of endogeneity bias is from two respects: formulation of the
common-sense rule of interdependency between variables into simultaneous relations, and
the nature and roles of the error term as model residuals. It is now a well-known fact that
symmetrically formulated SEMs are not operational statistically, and that statistical
operationality entails asymmetrically formulated conditional models.®® Model representation
of interdependency in the real world involves formulating complex feature representations of
dynamic interactions between variables. Hence, static SEMSs, as depicted by (4.1.1), are not
only inadequate but simply unusable. When simultaneity is embedded in dynamically
adequately formulated models, endogeneity bias becomes practically negligible, as formally
proved in Wold’s ‘proximity theorem’ (Wold and Juréen, 1953: 37-8) long ago. It should be
noted that model adequacy in Wold’s ‘proximity theorem’ is embodied by assumed white-
noise model residuals. This assumption is expressed as consistency of models by Cox (2006:
Appendix B). A discussion on how the notion of consistency relates to model learnability in
machine learning can be found in Shalev-Shwartz and Ben-David (2014: section 7.4), as
described in Chapter 2. Clearly, any consideration of the issue of how parameters in a given
model should be optimally (including consistently) estimated should be predicated upon the
verified condition that the model is data congruent and generalizable.

Assessment of model generalisability brings us to the nature and roles of the error term. It
is crucial here to clarify the difference between g;,, and ¢,,,. Given data samples, &;, is
known unknowns in the sense that it is the residuals of predefined models and chosen
estimators. As such, statistical properties of ¢;, are derivative of both the models and the
estimators. In contrast, &,,,; is unknown unknowns. Its properties are not fully foreseeable
even from a good combination of prior knowledge and available data information. Concerns
over this predictive uncertainty lead to the focus on E,,; as the object of assessment for
model generalisability, as shown in the description of PAC learnability in Section 2.2.
Division of available data into training and validation samples, and attentive examination of
the latter by means of cross-validation techniques are manifestations of this focal quest.
Sadly, the division is absent in textbook econometrics. It turns out that cross-validation or
model-projection checks are the key to best exposing the spurious nature of the alleged

29 Wold is among the first to argue that the essence of endogeneity bias is not an estimation issue but a causal
modelling issue, see Wold (1954, 1956). He also highlights the inadequacy of a deductive modelling route, see
Strotz and Wold (1960). In microeconometrics, an interesting case where the function of model modification of
the 1V route is effectively recognised is the redefinition of the average treatment effect in the PEM into ‘local
average treatment effect (LATE)’, see Angrist et al (1996). Obviously, the term ‘local’ differentiates the IV-
based PEMs from those a priori postulated PEMs.

30 Evaluation of statistical operationality has been formalised into identification conditions in the context of
SEMs. Unfortunately, these conditions are unrelated to a general connotation associated with ‘identification’,
namely how models are verified to correspond closely to reality via data experiments, see Qin (1993: ch. 4).

19



consistency of the IV treatment. It was already well-known in macro-econometrics prior to
the rise of VAR models that model projections using SEMs which were estimated by the 1V
route were unequivocally worse than those by the OLS.% In the context of cross-section
sample-based studies, cross-validation experiments reported by Young (2017) and also van
Huellen and Qin (2019) show no evidence of asymptotic convergence in IV-based estimation
results. Specifically, their cross-validation results show that model (5.1.3) demonstrates
generally superior asymptotic convergence to that of (5.1.1), indicating the former having
stronger generalisability than the latter. Their findings imply that x is more often a valid
conditional variable than its IV-compounded substitutes. Deduction of endogeneity bias from
inadequate and unvalidated models is merely a delusion. Endogeneity bias should thus not be
used as the reason for modifying arbitrarily key causing variables postulated by economists
on the basis of prior common-sense knowledge.

Case two: OLS inefficiency due to observed autocorrelation in {&,} when a priori
formulated models are fitted to time-series data samples

Treatment of the problem by estimators involves utilising the estimated autocorrelation
coefficients of &, as weights added to the OLS.?? The resulting estimator is again a GLS. In
the simplest case of 1-order error autocorrelation of a bivariate static model:

(5.1.4) Ve =PBxe + &, & = PEt—1 + v,
the GLS can be of the general form: £ = (X'Q(p)~1X)~1X'Q(p) Y, where Q(p) denotes
the weight matrix in p. Now, substituting e, = y, — Bx; away from (5.1.4), we get:

(5.1.5) e = pYe-1) = Bt — pxe—1) + V¢

Hence, the efficiency gain of the GLS over the OLS is achieved by an implicit modification
of the static (5.1.4) into a dynamic model. Notice that the modification imposes a specific
restriction via p on the dynamic pattern of both x, and y,. (5.1.5) is thus referred to as a
COMFAC (common factor) model.*® Reparameterise (5.1.5) into an ECM:

(5.1.6) Ay, = pAx; + (p — Dy — Bx]e—1 + v .

(5.1.6) reveals that the common factor restriction amounts to imposing equality of the short-
run and long-run impacts of x, on y,. This is clearly an unintended restriction as far as the
original causal claim is concerned. Numerous empirical results have shown that (5.1.6)
misrepresents dynamic interactions between macro time-series variables in an oversimplistic
way. In fact, the rise of VAR modelling in macroeconomics has made the above GLS
treatment redundant, as residual autocorrelations are absent generally in VAR models.

Modelling experience with VARSs tells us that observed residual autocorrelations indicate
model inadequacy in dynamic formulation, a specific OVB problem where what have been
omitted are informative lagged variables. The GLS treatment based on (5.1.4) offers an
expedient way of removing the symptom. But this estimation treatment route contains serious

31 See Qin (2013a: ch. 1) for detailed description.

32 The estimation treatment originates from Orcutt’s investigation of single time-series (1948), and the 1%%-order
error-term autoregression based estimator is widely taught as the Cochrane-Orcutt estimation procedure
(Cochrane and Orcutt, 1949). An early textbook to formalise the procedure into the GLS is Malinvaud (1970).

33 See Hendry (1995: ch. 7) for detailed exposition.
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side effects. Practically, it is prone to bias in the estimated long-run steady-state parameters
of theoretical interest due to the common factor restriction. Epistemically, it can easily
misguide armchair economists to generalise this observed undesirable symptom from &, to a
global property of &,,:, and to use the property as a panacea for possible dynamic
formulation inadequacy, as shown in the case of DSGE model research discussed in Section
3.2 of Chapter 3. This epistemic pitfall further highlights the rudimentary weakness of
applying directly confirmative statistics apparatus to economic issues.

It is evident from both examples that what the estimator treatment route does is to modify
inadvertently original a priori models, giving rise to the phenomenon of polysemy of
structural parameters described in Qin (2013a: ch. 7). As a result, model generalisability is
likely to deteriorate and/or parametric interpretability to become obscured. The solution is to
deem statistically undesirable properties of the error term as symptoms of model formulation
inadequacy and tackle the inadequacy following the PAC learning principle.

5.2 Potentials of Estimation in Serving Model Selection

For the task of learning models with the best possible generalisability, the primary role of
estimation is to assist model selection as efficiently as possible, instead of deciding what the
optimal estimator should be for individual parameters. The previous chapters have explained
that SRM is the fundamental rule of this learning task. Moreover, most positive economic
issues can be classified as supervised learning issues, and economic behaviour rules
associated with those issues can be formalised as convex learning problems within the linear
model class, which are solvable through minimisation of certain quadratic loss functions. A
basic criterion of the minimisation is the least-squares principle.3* It is worthwhile reiterating
here that this least-squares principle is evoked in a discriminative or distribution-free manner
during the model learning process. As such, the principle should be evaluated and interpreted
in the context of optimal control algorithms rather than that of parametric inference. In other
words, practitioners should be fully aware that the least-squares based minimisation is more
versatile than an estimator for the latter purpose. Different evaluation criteria stem from
different roles. Let us extend this point by looking at two issues: interactive uses of
conventional estimators together with diagnostic tests, and the augmentation of conventional
estimators.

Estimation primarily forms part of model selection algorithms. It is used interactively
with various tests in an iterative manner. The essential goal of the algorithms is SRM. This
goal entails an additional filter on those in-sample quadratic-loss-function-minimisation
based estimation results. They should be filtered by the criterion of out-of-sample error
minimisation, a requirement embodied in the VVC generalisation bound for regression models,
as described in Section 2.2. Define multiparameter regression model h by:

(5.2.1) hiy = X8 + ¢,

34 In the case of discrete choice models using the logistic function specification, the minimisation results in a
principle equivalent to the maximum likelihood (ML) principle. From the decision theory perspective, the
maximisation can be treated as an optimisation issue of convex functions, without the need for any distributional
assumptions, e.g. see Abu-Mostafa et al (2012: ch. 3), Shalev-Shwartz and Ben-David (2014: ch. 9).
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where d denotes the dimension of X, its VC generalisation bound can be expressed by the
following:®

(52.2) E[e?]oue () = E[e?]m(W) + 0 (5)

where E[£2],,:(h) and E[e?];,(h) are out-of-sample and in-sample mean squared errors
respectively, and the term, O(+), means that its absolute value is asymptotically smaller than a

constant multiple of the ratio, %, with N denoting the sample size. O(-) shows us the vital
role of this ratio in minimising the generalisation error, E[e?],,:(h) — E[€?];,,(R) .
Specifically, for models with equal E[£2];,(h), it is the model with smallest ratio, %, whose

generalisation error should be the smallest. This not only formally corroborates with the
conventional wisdom of going for the simplest possible models, but also clarifies why
estimation results during model selection should be summarily assessed jointly with various
information criteria, such as AIC, BIC or simply adjusted R?, as described in Section 4.2. All

these statistics penalise model complexity via variants of the ratio, %. This explains why

information criteria are extensively used at the primary model selection stage. In a
multivariate regression model context, the selection rule amounts roughly to model reduction
via excluding those Xs whose parameter estimates are statistically insignificant.

An alternative way is to augment estimators by merging the above interactive use of
estimation and tests into their mathematical expressions. The augmentation amounts to
adding a constraint, for example, via subjecting the commonly used E[£2];,(h) minimising
principle to a constraint of minimising E[e2],,.(h). The resulting principle is referred to as
regularised loss function minimisation, or simply regularised loss minimisation (RLM). This
route is thus known as ‘regularisation’. In the context of regression models, h, estimation by
the principle of quadratic loss function minimisation can be expressed summarily as:

(5.2.3) Povs = argmin{lly — XBII*} = (X'X)7'X"y

where argmin{-} means obtaining g by minimising ||y — Xg||?, a quadratic norm which
denotes the residual sum of squares (RSS), namely a quadratic loss function, of model h.
However, this optimisation solution only targets at E[£2];,,(h). To incorporate the target of
E[£?],.,:(h) as well, argmin{-} is extended by a regularisation term on . Specifically, write
the extended function as:

(5.2.4) Brs = argmin{|ly — XB|1? + 281>} = (X'X + AD)"1X"y

where 1 > 0 is a tuning parameter and D denotes a diagonal matrix. Clearly, B, is a special
case of Br.s with 1 = 0. This modified target function in (5.2.4) produces the ridge
estimation principle. Aiming at minimising E[£2],,:(h) via its bias-variance trade-off
relation, the modification is carried out through tuning down the variance part, by means of
the regulation term, 1||3]|2, as long as the variance decrease is greater than offsetting the
corresponding increase of the bias part. Essentially, the possibility of shrinking E,,;(h) via
balancing the two components lies in the potential of model dimension reduction. This is

35 For detailed explanation, see Abu-Mostafa et al (2012: ch. 3), Hastie et al (2009: ch. 7.9) and Shalev-Shwartz
and Ben-David (2014: ch. 11).
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clear if we consider the case of comparing the systematic parts of two models of different
sizes, say y = X, and y = X,, where p > d. Since ¥F_, pZ > XL, BZ, AlIBII* penalises
larger models more than smaller models ceteris paribus, though there is no explicit alteration
of the dimensions. Hence, this approach is described as exerting a certain soft cut-off
threshold on model complexity, as opposed to a hard cut-off threshold, d, under the previous
approach.

The controlling effect of the regularisation term on model complexity becomes more
explicit when the quadratic specification of the term is replaced by an absolute value
specification. The resulting estimator is known as lasso:

(5.2.5) Brasso = argmin{|ly — XB||> + AX|B]}, or: mﬁin{RSS} subjectto }|B| < C

The equivalence of 1)}|8]| to setting a threshold, ):|B| < C, reveals that the previous
approach of setting hard cut-off thresholds can be seen as a special case of lasso — when C is
such that all insignificantly small parameters are cut off. If C is too large, the model risks
overfitting whereas if C is too small, the model suffers underfitting. Regularisation via lasso
effectively formalises the mixed use of estimators and tests by condensing the goal of
minimising E[£2],,.(h) into the estimation principle.®

Pivotal to the success of regularisation is the step of calibrating A or C. By balancing
between low empirical risk and possibly simplest models, the learning rule of RLM
determines model complexity at its best possible parsimonious point, the point where the
selected model is free of underfitting and overfitting. What underlies this balancing act of the
calibration process is the division of data into training versus testing samples. Hence, the
calibration implies cross-validation checks, and RLM is consistent with the rule of SRM.
Moreover, model stability is proved to be a key condition for the success of regularisation,
and thus the calibration.®’

Overall, the role of estimation during the model learning process well exceeds the
framework of statistical inference. It is an epistemic mistake to mix this approach of
predictive estimation with the conventional role of estimation as a purely enumerative means.
In particular, it is important to see that RLM-based estimators are merely a mathematically
succinct way to convey the need for taking both E;,, and E,,,; into consideration for model
selection purposes. Therefore, those estimators must not be judged by the criteria used for
estimators in the context of optimal parameter inference.®

The embodiment of SRM in the RLM rule sheds light on the practical efficacy of the
parsimonious encompassing principle of the LSE approach in econometrics.>® A compelling

36 Regularisation is explained in detail in many machine learning textbooks, see Abu-Mostafa et al (2012: ch.
4), James et al (2013: ch. 6), Efron and Hastie (2016: chs. 7 & 16). The last book describes ridge regression
from the James-Stein theorem, which proves the superiority of ridge estimators over ML estimators on the basis
of distributor-free decision theory.

37 For further discussion, see Shalev-Shwartz and Ben-David (2014: ch. 13).

38 One example of such a misconception is the incorrect use of the criterion of unbiasedness to assess fgys.
Clearly, when (5.2.3) is unbiased, (5.2.4) must be biased and hence not optimal. This misuse may explain why
the approach of predictive estimation has not been popularised in applied econometric research.

39 See Hendry (1995: ch. 14) for a detailed exposition.
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example of the efficacy is the estimation of latent long-run relations of multivariate time-
series models via ECMs. Essentially, that principle is built on the same criteria of selecting
models with the best possible fitting-stability trade-off. Although conceptually absent, model
learnability is implicit in the aim of outperforming the extant rival models. Estimation and
statistical tests are used in combination, coined as ‘testimation’ (Trivedi, 1984), during the
selection process. The task of parameter inference is deferred to the end of the process,
making fruitful model selection search a prerequisite of the inference. On reflection, it is
more precise to call Br.s and B 450 ‘testimators’ than estimators.

5.3 Post Selection Inference

Once the model learning process is over and the best possible parsimonious and data-
consistent model selected, the issue arises as to whether optimal estimation and inference on
parameters of the chosen model is now feasible. This issue is examined here from two angles.
The first concerns reparameterization, and the second the caution and consideration needed
for applying classical estimators after reparameterization.

Let us discuss reparameterization in the context of equations (2.1.1) and (2.1.2) in
Chapter 2, namely a setting where the a priori theoretical model is simpler than the a
posteriori model. The parameters postulated in theoretical models are generally weak as far
as their statistical separability from data variation is concerned. This is because the causal
relations they represent are mostly partial equilibrium states and the economic variables
involved are flow and stock variables. From the viewpoint of (2.1.1), this weakness is
commonly referred to as collinearity among x; in econometrics. But from the viewpoint of
(2.1.1) against (2.1.2), it is referred to as OVB of x; with respect to z;. Since the bias is
resolved via model learning and the selected model is of the type like (2.1.2), the main goal
of reparameterization is to circumvent collinearity as much as possible. An excellent example
is the reparameterization of ARDL models into ECMs in the context of time-series
modelling. Transformation of selected ARDL models into ECMs enables minimisation of
collinearity in the former due to observable inertia in variables. However, the minimisation
cannot resolve significant collinearity among x; when the long-run relation embedded in the
error-correction term is multivariate. Under these circumstances, calibration experiments are
needed during the ECM estimation in order to find the best parametrically interpretable
models. This may explain why calibration plays such an important role in DSGE modelling
research. Effective model learning from cross-section data samples is a more complicated
task than that from time-series samples, making the machine learning approach
indispensable. Under this approach, the issue of reparameterization is widely discussed under
‘feature design’ or ‘feature representation learning’ in machine learning. It is noteworthy that
Haavelmo’s discussion on ‘autonomy’ in his Chapter 2 crystallises finally in feature
representation learning, and its pursuit is no longer a supposition but empirically operational.
Clearly, feature learning entails good use of subject-matter knowledge. As far as feature
learning in econometric research is concerned, careful consideration of both economic rules
and statistical criteria is essential in successful designs of algorithms, and the learning
commonly involves heavily iterative steps. The core research attention of applied economists
should therefore be focused on this challenging task.
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The issue of optimal estimation is now on the agenda for parameters which are not
gravely affected by collinearity after reparameterization or feature learning. Estimator choice
for these parameters should be a relatively easy task at the post-selection stage. Since
problems detectable from model residuals have been effectively ironed out, textbook reasons
for more complicated estimators than the OLS have largely evaporated. The maximum
likelihood (ML) principle is known to produce equivalent estimators to the LS-based
estimators for well-specified regression models, and the principle serves as the linchpin of
model-based inference in accord with classical statistics.*°

When it comes to conducting post-section parametric inference, an issue of great concern
is the accuracy or validity of the classical method of confidence interval (CI) calculation.
Specifically, there is notable scepticism about whether such intervals are asymptotically
correct with p-values appropriately controlling type-I error. The scepticism stems from a lack
of consensus on what the appropriate probability space should be from which those p-values
can be drawn for statistically learnt models with explicit uncertainty. On reflection, the
scepticism is deeply rooted in the prejudice against data mining activities of the pre-computer
era, and fuelled by fears of ‘double dipping’, an easily committed mistake of circular analysis
during those activities. Circularity arises from double counting of data evidence, because
available data have already been used for model selection. A simple and safe strategy against
circularity is to conduct parametric inference only with ‘undipped’ data, via splitting
available data samples to enable the inference being based on undipped samples only.*
Admittedly, this practice is not always viable when sample sizes are limited. However, since
the strategy underlies all the cross-validation techniques based on the division of training and
testing sets, the resulting models thus selected should outperform in general those a priori
deductively formulated models, especially considering the impossibility of obtaining data-
congruent models by the deductive route alone in an open world milieu. Therefore, models
statistically learnt following the PAC learnability principle fit relatively closest to the
required setting of confirmative statistics, and are definitely better and hence more ready for
ClI calculation than models built solely by the a priori deductive route.*? In other words, even
when post-selection estimation apparently falls foul of double dipping, the resulting Cls of
estimated parameters in models which have survived the PAC learning process should be far
more reliable and credible than those in models without having undergone the process.

Nevertheless, the explicit acknowledgement of uncertainty in the PAC learnability
principle remains a deterrent to some modellers in treating post-selection models as certainty
equivalent units. The development of selective inference techniques is a concentrated
endeavour to modify, in order to account for model selection uncertainty, the probability
space within which parametric accuracy is measured.*® The basic idea is as follows. Write the
conventional Cl formula for §; of an a priori known model, M™, with the desired significance

level, a, as:

40 See, for example, Shalev-Shwartz and Ben-David (2014: ch. 24).

41 The method of data sample splitting in statistics is attributed to Cox (1975). In econometrics, scepticism
against data mining has been long debated, see Qin (2013a: ch. 9).

42 This point is effectively demonstrated in formalised theoretical arguments by Zhao et al (2021).

43 See Taylor and Tibshirani (2015), Efron and Hastie (2017: ch. 20) for further explanation.
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(5.3.1) P(p; € Cli(@) = P(B; € Cli(@)|j e M") 2 1 - a

Denote a statistically selected model by M. Since the uncertainty in selecting M is intimately
related to d, a parameter of the selected model size defined in equation (5.2.2), an augmented
Cl which explicitly takes the uncertainty into consideration should be:

(5.3.2) P(B; € Clig,(@j EM) 21—«

The above interval formula is developed in the context of simultaneous inference.** The idea
of simultaneous inference arises from concerns over the lack of account, in individual
confidence intervals, of the uncertainty effects due to other related input variables in a
multivariate model setting. A classic case of simultaneous confidence interval is Scheffé’s
interval, which is based on F distribution rather than t distribution. The resulting intervals are
usually notably wider than the conventional ones due to widening of the underlying
probability space. However, Scheffé’s interval is not designed for tackling model selection
related uncertainty.

Should (5.3.2) be adopted as a standard CI formula for post-selection estimation? To find
answers, we need to clarify the question of whether Cls calculated respectively from (5.3.1)

and (5.3.2) are indeed comparable. On reflection, what causes |Cl;.g,| > |CI;| is the different

conceptualisation of uncertainty in the generalisability of M versus M". Based on the premise
of M" being globally correct, the possibility of any model generalisation uncertainty is totally
disregarded in (5.3.1). But the uncertainty of M is included in (5.3.2), making M less certain
than M" from the outset. Since the premise is clearly at odds with reality, it is unreasonable
to use comparison of the two types of intervals as evidence for assessing post-selection
effects, and/or for discrediting data mining with the ‘double dipping’ claim.

Mounting evidence from various research fields confirms beyond doubt now that
machine-learnt models following the PAC learnability principle outperform, in general,
models built solely by a priori mathematical derivation. The evidence contradicts sharply
with |ClL;.;z,| > |CI;|. The contradiction reinforces our earlier discussion on how untenable it

is to equate naively the task of verification of economic theories to that of statistical
estimation and hypothesis testing, since the task entails a complicated process of learning and
selecting M from data. In particular, the process involves multiple optimal control criteria in
combined use with a host of computational and statistical tools. As a result, Cls of the
parameters of interest should not be treated as the sole evidence for theory verification, and
information gathered during the model selection process should also be taken into
consideration as indirect evidence. In other words, reports of applied economic studies should
faithfully cover all the evidence upon which the post-section Cls of the parameters of interest
are predicated. To a great extent, such a broad coverage of evidence together with the
conventional Cls is practically a more viable strategy than the approach of trying to
summarise everything into one CI formula.*

44 For detailed formulation and discussion, see Berk et al (2013), Efron and Hastie (2017: ch. 20).
45 See Holmes (2018) for a detailed discussion.
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From an epistemological perspective, disputes over, and discussions on, the issue of post-
selection inference remind us again of the limited capacity of probability as a practical
measure of uncertainty. In the PAC learning principle, the probability notion for model
generalisation uncertainty is merely a formal and explicit representation of our limited
capacity of learning and cognitive power. In other words, the concept is analytical rather than
enumerative. Any attempts to measure that uncertainty through selected model sizes are
therefore prone to committing unignorable measurement errors. Essentially, statistically
measurable probabilities of the uncertainty of specific research objects are predicated on
clearly defined probability spaces with absolute certainty. Such definition is impossible to
materialise in the context of model learning. It should also be noted that although it is well-
known that probability measures across differently closed spaces are not comparable,
mistakes in making such comparisons are widespread in practice. Furthermore, the higher the
dimension of the defined probability space, the harder it is to interpret the resulting
probability as the measure of specific uncertainty of interest, not to mention the rising
technical complexity in keeping track of the optimality of the measurement.*®

46 In relation to the rational way of applying probability, Holmes (2018) tells the following story about Einstein.
He said to his students, ‘Life is finite. Time is infinite. The probability that | am alive today is zero. In spite of
this, I am now alive. Now how is that?” None of his students had an answer. After a pause, Einstein said, ‘Well,
after the fact, one should not ask for probabilities.”
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ARWENSHEZMNTE, X—R U HINTEEREN!

(4.14) ¥y =PBx+Byvx’ +e)

XA AEMREFN TN EXF B),v, # 0 NEZMRE? ERXNE—HITFHIIR
A, INEMEXY » xS TN, SBRTNAFARSHEZHEARIVER. B
—IRHE, NMAFEANTXEEFRFZAA TR T ISR R O£
BAEMZHABMNARIREAN S, RENKULAIUE RN AR RUE B
ROLEIRE. By, # 0 X—IERT X DR FEANBAEARI. MmibE 2 HN%IET
RERARET, AEMREMART EZE BT LN BMEEZ SR I ENIS T
KA,

RNAMRIENEZHRRAR, MERUTI2HMHRIENRR, AN AERH
REBE TETEMRBCRAERFIETRRER, #HE T —FKENZERZ. ATIR
TEAEX LREEMELMBHENTERZI, B HEARTALTENES.
MAENSIERMAELTENHEXYE, BSSRITEENL, &L, v, fAE, FEH
EEE. Ailt, TREEENMERER T X ARAMREBLBIERSE DR FRMIER
FBRG, NABBTMNSEATNENSHGE. EF—ROZ AN

VER(A13)LE (412 EREENBERAR TEMENER. FEENSREANANNINGEEREE
BEREEARMRES. ERAEFAIIMNITUUEEEZ THENEY. METTATENREEN TR
EAIRLTENRE, WEYTRE.

XML AT NERRBREENA, WS Berndt (1991) FY5E 8 &,
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ARG, XEBERSHENGITEEMRATENHRITARERA p BRI, B
WHRBEGITEZFNSBEERERAREXEIRNEN, WHEHER A BRRK.

BRIATEEN p HRIFEE, Brodeur etal (2020) YR BIDHTERE LB %
AT AR B PR AR ZYETE A A MAME AR p ERIER AT, XOAEIDE
= BEMREYIAEE. TRETEZX. fFEEFNNKEIFEITE. 2THNERAIKE
M 25 DEFLTRRIATIA 2015 F R KA 308 FitX, MITHHEARXLERIAKN
13440 ME XM B ARSENEE. DULRERE, TELEZEN p ERIEEHE
HEANEE. X—HRALE (4.14) NBRTY. RETRETEF —ENEFEARS
B, EEEERTEKIFE x » xVHxY, THRIEP,,v, # 0 WEIR. p ERIZR
IEMRENHRERI. B2 ZA p BERISENRATTESAERTHENITEE
Ay XFRFRAYE A KR E R E X FIHRIRGRAER 2 BRMRZ IEHRIAR, XF
BEAEXRSZHIURBET, BRRQEEHN p BZZAEEDNERTEEE—
Fetr. £k, (EESGITER) FT 2019 F£4H5E T HA 21 L NGITHET: pE
<0.05 (I E"ME T, EREITHRENAMREEEFRGITENR A, BEEERS
TN HERR.

BlI—. NNFETEEERTIEFRIENDEMERE

KB AT EFIERHARNINEERRNE= (a) ENTEMMEYLEBYIHEX
FEEHEAMHEMTENGES, b)FSKFETEREBYE T HETRIIETH#R
SEEIRIRE, (o) FEFRBENEEELHREREINZTEH., AENHRVGETETE
ElHEEER E, XATERESEMNRMNLRE. E 3.1 HHHN—/MBEEAHERE
B (3.1.2) A%, RRIIWANREAN He:p =1, Hy:lpl <1, WAEE FHY Dickey-
Fuller DR)#£% ., £ TREZNZXFEEZULNEBHNSRE, DFRIEIEBMIIRE
EARMESHERRIE. X—EEHNELE 7 UFEREEARMOSITZREEIEAE
2, FTPREYLIEADTREFERAHERITTEERITEREREIENKLIE ST
EHREAFARE . A TRER/NKEEEMKINELE, FREESKREMNIN
M, RERITEBTERRILEGREERFZHNEIHT. BN, I TRSKEEAE
FeE, 2REAHT RREEMETHETERE, M 3.1.2) AR RS BE
IFFERE YR

(4.1.5) Ve = Dieq PiVe—i T+ Us,

¥ RA DF et 28 T (4.1.5) 1. R, AR(m) REXMNAEURP AT HE
PEFEENESHSRILE. —MET XUNEAZTEHENEE e FIRFRE

(4.1.6) Ye = Ue + Z¢, Ze~AR(n)

PHTFERFAREARNEXH, BARENES Y RASEGENSGIT2ETEE, Brodeur et al (2016)

FIEXFIFERFEIT BENSHAEFZNER AR XKRN BRI . BX p BRNNFER, W

Dd, Hirschauer et al (2016) .,

CETGBEMAS IR, XSS nBE T HSSRNKE, ML Mayo (2018) MRl
FRHENRWER.

SHEAKRBWMRHIEMLR, o750 Mills and Patterson (2006) F 44 Palgrave £t &% FME—%
(EFFTEFIER) FHE IV EHD.
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AP pe OO Y RARBRIE S MO BB RIRMRIAT, 0 pe = did  (diRTERSBTE
MAEMZEEE, SABRNNENSHEE) . SXNBEIANTE SN B ML
R, MIE d FRANBZE ¢, BB ERA-—IHERER Mty ZTERH
FERHNEEHRAR, WXL T EERY, B8&%d . A THE
AT REBENBAYE, ERE pe = peor + Te&r, £~10d(0,08), HPH m AR
FIEMEMEHMAFEGNRETENZE. BR, S TuNARERESRSZWERL
RigREHNARTT. S pNRETTRENSEN, RigieRORITIEDINE &
RESHORLMAEITEE. ETPRFHSHNERM, MzWITEFFEEBNE
M ZRBEHEI A5 QTELERTR AR FARB O IRERET .

Y, REEFTEMNFIEEARBERRITNRAREE, SNHNANKREAR AT
BRo TR RZHAEFFERME, BHEMETEFMENBIEREIIAERSM]EM
NLRBHEE L, RERMX—ZENFEENENMEBARATENM@EE. &L
(4.1.6) AR SHIERTIRT, EHMEWAIE HEHEEERZEFNBARTES.
BERLF, YABRBABEAENEHERE TR, MURIBREXNHE IJRETUNAYR
TEHHMERSN, NRRSZHEFERAFETNERDE, iIBAFIERTEE
BRI AR, JRER, R 16)RNIR— I EIERFRIENFEEREZR. ©
S5ZFFRMAEIN. BENEARTEWHNEL TV ZRHE. FAiL, MNEHFEE
RN E] —E R ST M REVLRAE, HARIEL X LRI —EETEREIRERYLH .
A=EHPE, HYRENZRERZNAZARN, KRERFAELAMINNENARLN., X
FERABARERERE RECRAIFRITHRENER. M (B.12) 2 (4.1.6)8 X
g, #EITHBFENTENEEESNG ZEMHENES. E2E FXFIAL
HEIHRE, $IEPAERBRE 2 TEMIVIFMEAREE S HHNREFYT RASE
Elzm®, fIIIEMIL. Hitchcock and Sober (2004) MBS 2 BEH A, X F—k
RIS AR T B M UK VT IR EER E X . I EXS BT IS EE A
W, R AR SSHNIE S AR I A A A o AR IBIE L8 M9 ST Ri% . Kerr (1998) £ &
EIBIRAU T VTR, HWIETHARKInG'—iF, WHERXKRE MERIE TS
BRi%. XE¥ENRREAFIRENTH. XA T HARKIng & 5 SE K& TR
B

AEFEEPRNZE, HARKIng T ARG HIELATR, BN ZHFEEIRRE
oA REIETRENE M. HARKIng A EN MEERE, EREEE iz
ERrENERZEIRNEITHRIEREERE, ik, S TFHFZE HARKIng /iR
=, EEAREKENERMALEMREFCEENS. XMAEEME, ELIRETRHA
ZUHFENMRNREARSHY AHSHRERARTE., 47T HERXAEAHSRMERLE
KA, Deming (1975) ¥ Zeit S A9 7R 3T R V3 A H K (enumerative) ja] 78, XX HF
N A SR B R (analytic) o) @, SITRIRICI E XTI EE K 0 BB AT Rk
REE, BEYRPH, BEHANRERHEZE™H, BTRESTHERTEE
ARFMEABEAONEER, FASEITITNESRESEEM AT, BATEREN
AE, HRNEZEERHSTHNEMERXR, MREERRIITHEIZXRZNEK
RMRERIVISLIERE ., Eitb, SHZXRAELZEREFE MAORKME ZEHTN, 7 =2
BARNE L. XARELEFERAERTXLBT, HRSSIBXEANEGERE

6 23R T I, Prosperi et al (2019),
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MR M INE ZFHARNEE. XMBUEASSERBEY RIER RN
Bihigiz, RREBHBEREBAERNEEMN . XESEINTHEXH HARKIng 17
AMSKEPrE. RIBOE, XMITBBNT BATER BT EETNRN DR THFE AR
MX—XKBETF. ARAX—RHFENIRIEE 6%,

A=, SKIELFFOMRNRAREABEEB MErrd, XK R
R REATIMEIARBEARESRTE R L SEIREEHEMNRE. taEiR, ~7
AR TRERDIEBTRDB, FELAE DT EEBARE, XMIELH
FILEOTAIRERETR. EXNNRRFAEZERS TRIEEROTHNER
RiZaBEN BT R, MEHN T HFEENEMEES TR ILEET S RIURENIR
BEEITHRE, WEPRMRBENIEFEIRE. AT7TXAIXERBNARRAE, &EirEF
FRBH, BELXERERAZEMERE, FERETHRIREIR MRS,

4.2 SHTER TS SR AR R

ZFTEFRRENNSHMERE BRI R ZT Z B2 MR T .
XERWHYNKRERIFADH X —LRREAEE, ZREBETRRRKN, Nk
ZUWRMESD . RETMRTTZE. REWNFIABXREFF, RTREREZIN, 2
B IIES RWATTE, —fNRESHEEENFHATMRE, WARREKE
M RAMCUSUM)IREE . KR ZEMATINOEEFFAME . A—TEILLR
DHEAERANENRE, WETHRERDTERFNRELEENRNSHRTARK
1. UEIEBREAMREEENUALLRE. SRRV RESERASTRE’,
REMRREAZH. BEE—RNE TRENSEEENBHALHRRIEZSIHN
RANBERE, REMRANRIDRDAT EREENGITRIL.

T e R REE MIER TR EN THEARANERRITTFEAN R RR
BRENREERRRER SHIEZ BHALE, FIZHMERREHERAREIR
weR, MATHNREERRENSHEZENERRERK. B BTi2M
REHNREN RN AKREZMMNRITRIE, FIELFII28E R EAR R E RN BUE AR
AREGIUTTEC, REFITTEALZ NN EE M HARKIng F3KkE& iz, AKX,
FRMENELSBAN BEESRLENBE S/ MISEM. Fit, 2R RwgiE
BTRATEREMRNES., XN ZNETMEESIRENR BIEFHRTH
— KRB, ARAEREEMNHNERERRIVRELRX —RKREART, HRHEL
EESERIATHEL DAEFERZHMRRERNBAZTT . RIAERETFIIAR
BRIEE A, HAFRSRENERFHAN, BESRBRHRENBREXKL,
X AL, BAMTRENEBR/ N _FERREGAMN . R —FREREKN
IRITEFTE EXAESREZBWEXRABELSN X%, BRRAEER/NTE
%o [T XEEfETT T AR LB AL IG5 E BARNENTTE, XXEGRAEEAINT
EIREETENRDMR S . MRS EREE, XM XEEEMEIT AR

7 3R °] I, Hahn and Meeker (1993),

CEXEREY, AHEIM X —MESNRERNBRENELEERRESE. NRIEZLFELETEBEIE
BUIREESSIMAGIAZ BE, TEEEPEANRERREALEHRETHIMENER.

R RIIET Cox (1961;1962) ; FTitEXFHNFEIAR IS Pesaran (1987), XX Mizon and
Richard (1986),

10 338 5] I, Spanos (2010; 2018),

33



=, HIEREERER, BEEGTEFSIANRZEMWERRERE, BESEE
BREE ST AN SRER LI . WERE, X—I2RTERTRMENEREX
HARKing, XmM EE 3.2 TP DSCGE RAG] T A RIRSRAE. ETHI=H
NTREMMRBTE XRBMRE, WAIREXMEBETARMLT .

M4, AVHMHRBHKIEN, BEEREFRRJEITERNLT Z BinfIi? ER
KR, SIBATTERMNIANKRER MIEXRENER: RRGRERZFBRMEE
RBRZEZLTAM. DHMREZFRITMHRERBERNGZ), BRHEESHREER
WIENBRR A NREREM ., SAEEFRAEERNEERE, STRIEMWT £d
i, ERRERLERRBEEATHE ERER HARKINg 7 AR A RITZ B . R
2. HTRENEENRRAZBEMGIRIE, SRBIREKEN, RKEAESFRNN
RRBHAREIENEIZRANATORAR, IAEESFENTERARNOBE . HER
BIREMNRECEH 7T EMRITEE. SENRARENISHEREmNS, BTk
ZRRBNIELTE R, TARNRERERANT E — MR NARIERIRESH
wik . XNERBREFBRIZKFE HARKIng TR, BRERARFTEAR. flw, =
BAHAESREKI ENBIEF A B EEMRELF N EMHN, KENSTUSMMT
BB RBRIRE T REWIESE, MRETILESAH. RHEFS. XN, #5501
HERE. BEXASERAMNRENDTREKGERNE, BASFIIAG. IR, =
REFIMERES NS, CHMRETRTZAERH, FEETBEENRGEE
REMTE. HX, FEFFRIRNDSERERZERNIMAERN. 1ZBBRE%
FRBRAHTRENENED, RA—MINTRELXDERRFNER . HT AT
FIZRARNEESH M RE 2 RRENEIERATES, XFZEEEERMAER L
EAgS T RRRENERME. BEFEET AT ZMISERRE T A XZRE K HME
FAL, BRFEHEEVESNREEER L. AT, EETHEEESEERLK
MY ERET RS, EREMMRNENREBGE R, BELGHERERE
RIZMNBIER A FESX—ARFHNEREXEFZF . XHITFRESMMRRERY
HERAEMRP-—EAZFAN—NEZRAE,

DREE, RRUBRIERETE—N—FERRREZURE. oMMl
TEMNEAMNS, SeFRENRERKRSATEREN, ET-FR—eBESR
AAFEA, FEMEFREZETTRIEN p EXHHNAMERRRCEFR?. @
HERBRRNEMTEMMRR LR LERE. THEFRRENETAENNE,
MR p EARFHERIZEMERRBMAE T EAM. IHEATAENREIF,
EER AR EF SIES A A MR B REBAZ U p EXNIRSTHENRITENRRE ., £F
5, ERRMPARESEN, RIS TRENSAMEHEIARMN.

TH, ERMNMVSREF IR AR RRNAEE L, KiTie— T2
RHEERIEPNMENAE. HTETINIE, RMUEZFZPHXRRK(21.2)ME
ZEPPRRRARNGINANER, BEEEFEDIDBAT:

A wt QLFHENAEERD - 30z, -z} S, BWMELENBEHFE
EREEEMEENENBRIER?

1 338 5] I, Efron and Hastie (2016, Ch15),
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B. B (3.3.1) MALEMENNBAZTEMS, AWRIEFETNBNVBAR
Horl, TRERFHERENSBHFEENEFRARKER

EASSFIEE, SOENLERTREN S DREIVEMRIERRE, 7H
BE— N AGEERB TBREIMERNNEEZMERTERL . BENERTRE
FRORERRN, NHIHEEMMAR SRM AN, ZENEHT R MEREAE: HEEHN
BTN, BREAIAERLN RM £, fZ AN ERERE &S XRER
T, XRKRE, EUEEMNELRIL RN, ERAOXBEXIFEARMUEX A
MERRE, A, TNBEHLEREDBARINENMLH DS, BID =
tDtrain U :Dvalidation (tDtrain n Dvalidation = Q)) ) ﬁﬁ%@%ﬁ%'g%gz%ﬁﬁy@i%
SSMAREIERE. fGitEms, #IREXMEHINENRTE BRI EXEEKRE
MEREFMMERNA—FNFER? T, Kbz, BERRELESHE—ARAER
ENRMGITE, WFRbEEAERN (AIC). A ESEN (BIC). XE-ERESAEN
(HQ) F5F, XEANNERFETEINREAET ROETNREFEXNARZEE. K
EitAEE, ENRBEANARERREERIVENEZR. Hl, ACHITEZMER
FOFUNAEE . BAMEA MR AME ST R B EA, 1 BIC FITENE DURELAY AT
IE—EMEAMEENRBNELE. NEABEE, BT BIC Y THRENAEKRY RINE
WREEET AIC, % BICIERMERRITESILIZ AICIEREREE L., UHE
U, AIC ST FAREI RN G BB LLAR G, BIC ST FARELIS L& A9 1B LLAR B S,
5 RDRENARENRRQEAL, ETERENNGITEA{GESE TIRFE LM
RIFFHEMFRAFARI . EHRE, EETHRARAINIEHEER A BIRMNIE
WA RN RAGTHES, EAS Moo B ARMUEEZNRAER (FRTEES2 T
FIiE)

M ERARIRFRESE TERHNOEAN. XT B, FTEEEN—E
BIFHIIEREF AR TRAMEEN TXOF WA N # @3D)ME, 1z
TSR LRENTEANR . BMNELEZ 33 DUEEH, BITXHLEAFENX
NSZHARREARHEEREIIN, ZRITHE-MRRFIES, SREFIE
SFRUMEX, BRAFLEFI. EFIFITER, 2HMtRREARATRISNT
8. 8% HEREZTRFBELSHENSH RS TREIMMSEEEZRITE
IMRDERR. X, MNERESEATHNREOEFIFIPHLETT. &
=, AEFRZAMERNERIRN AT ROFEBIR. ZUMEBREERERZA
TM, ZAEUXENGHEEZATME R RRE RN N TETHFFROER
ki, BIFAGEITDERERMN ARG SNIAE 2 o HNERNFR, BAEAETES
ASHEEFTTHRRERIERAZ HMNEN TR, AFAEENERNBELTL
AL, MNTFETRFAHAEIRENERRER, Hlard I PHEMZXBIEENZE%
EZHEAEMRBEVREMNAE TR, B, IMEFUERRDISEIRFTE
FR—EEFNTRE, NEMEENFITEENEIEM.

P gt SIEBRMEAN K AER B HT (Mallows) 9C, . FERX—FITEEITEFBERBHRION
zﬁo

BHXERANRAREETRFOEFNITIE, ¥R T I Kadane and Lazar (2004) & Ding et al (2018), &
KIRFRNE IR XA AIC 5 BIC ENZ £M131%, TS5 Yang (2005), XX Dziak et al (2020),
UEHXZXEIENEARR®, 55 Arlot and Celisse (2010).
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FRAHRE, EFRERTORITKEEEN, SRR TFROEENEEN
BITheE. RAEHFISIE T EESUNHBEEREYE, TRSRARIIEBE
RIGIER . WRTEFEREN OB HMERIE AR ORI R, REKE, %
B RBNER R O E BB R HHFIAETE. AT, BRI TEEEF
S8 Y S G HRIT TR (VR 2RIy,

EFRBANE, EADETERED, ERKRIERESERARBEERHRET

RESEE, MARBHUE-—IMHELTENE. LIMETEHRLYBERETELENR
MRER, BEREMRRFZITHN—NER. XN, RTHAGEEAENSSHITENE

TEEEZ, NHFETEEFIEOERRETELEN. W TX—=, &EVlss
S HRHEIE [ RFE (forward selection) F1 [a)#EB& (backward elimination) #MEF%
25, TEFHPHRRELFTEREMN—REIEERNFTERE HEXmEANREH
SEEFRERNYE, ZENERATHERTENEER. BEXEZAHFEEEEXMHNG
e, INETFTIHFEEHFEINNFKIE, FREFRFRBEEEATHERTERILLE
A, MEEENERBRYINACENEE. MEARREATHBETERHEGATER
HEFEERKOAH MR, BEREEFFTEEERBEREAREEISHEEINEL
RERE, 7HEXNNARENERLRITTAITE,

4.3 “AEIEMR PR HIEL": NEIRFTEIEE R

IR EAME (Rixtele) —Fh, FEERT T AEEAZDEAER" (R
6 17 Tird) MEX. R, HEETHNERMIRZERERLNSEZ IR
(56 81 T) . XML T HARKing T AMEMINT, HEMRRCBERRZ Hix
EAMRNEGA. W5, FAHERSERREELRIIR, TEENARNERRY .
AMRante, FABET R MEIER R P EEER NI EERM. REll, X{EZHE
FINEW. BA, SELEEEREREAERNEEE L S AKE LN HEIERRIE
BAEEEZS. SEZEAMN— M TRZBNEIES. BETNANERKREAE
BEEFEREEMENER RIS, MEXREERRREGTHRGSPAT B
MU, NEXFDMEDTNELENENE S, ERIREARRINNDHERIRY.
S, REMRESZEUFITRERXESHMRES.

EHaNSREI BRITRARERFIERESE(2.1.2) 1 (3.3.1) XE/MERIK
). XARARENTFZ LRI XREGFRT, HARTHEIMRIBST EHRIR
B, BIEEEEFTSNIARE ANV ELSRE, TEFRARMRAEFRATEX— R

26— RALIEEHRANFEAX ) HEEHY T BBV MUETTHERT

EREPIBEHAMRZTNNHETAHN, BTHEAPEIVNEANLE—IE
B, mER T HARNER S EIER K . X MNAME A B FEARM T R EE RN
mit, EERESEFLEE MR (2R PF LR RFWR AXBEE
(truncated) =i il 2k (censored) £i3EREARIFR{E F T E4EEY (limited dependent variable

15 ¥R 0] 2 I, Hastie et al (2009, Ch3) 0 Shalev-Shwartz and Ben-David (2014, Ch25),

1o X—JRNEZ T PcGive # PcGet XM Frit 2 R GEAIRITIES, RN Hendry and Krolzig
(2003). X Hendry and Doornik (2014) .,

VX BT Swann (2006) X F EE RN T EALFIFIEERMNITIE.
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model), FREBMILEEPE-BILIDENERFE L, X—EMMHEKREZ £08
RERBRTNEANERTH, BULBANERRARERE, FF5B&R/N_FER
E—BM. A, IMRX—BMEROEFERELE. Kf, EREBEFERANR
®Ro AITEN—BMRHNEMSAEFEMEN. MAGIFYNERSEBETRES
AR, BMREBLELEWARBERY N EBEE. B, E@EANERBURT AN IZ
EER S EEHINER, X—MRASRERNTERUEXMFEREN. BR, BR
AR E /RN E N WA RNRELS D MAELTHMETUNGE, KR8
FRARMPRELZAFFERH TR FRIUNGEE . SIEMNE 23 DILER
o, MR Gt iR B T2 55 SISERs .

THHRAR -TERNZITNESFEIESHEARPERRE. AX ={hw 7}
RAFEXNERALBGEEEEBREMENELBEEFAR. 8 h AF I TR N
2, wHINNIRER ZBRShMwBXNBELER (Z=2,VZ,, BZynZ,
Q). HREAh =0/, HFARPH w; RK. WE—DRREIERRE D Hw; BRKR,
L=0, Hw, RERER, [=1. EBRELFFET, BRI AT NS 5% (labour
force participation (LFP)) (AL, TXHREMETIREMENTAIRI) o #K!
BHERDAWDTHE X ={Xo, X1} BE, XIHABZABKTXNHAE, ERF
FINFUBEEAT. BB X Ze5s 71 TRHSA Y ARENE A

(4.3.1) hy = fr, (W1,Zh12ﬁ1) + &n,

ZHELL PN TwHNEERRIEINSH. XERMNXEMNVLIZE: A 4.31) FH
MERES T A TIHEMRE [ TArE ARV EIITARE REE, WIGET
fYhy EZARREFATNTELE, MEREFXLHRTHRELTE.

ZFEX LAABARIVEEN— P BABERS: ZABRNBEZ S HMNEw=
ARG N NTHEZTHME. X—RIZEREAE T REUEHRENE R EIEREYL
B, TRER THEAETRE/ N_FEETT B =X FERENER, £TTHREUER
KA BIEAR, BIAMENEZESZIwWw AT, Alt, (13X Ruben (1987) 19%
FEEMNE (multiple imputation) Sk R G TR A BURN T TR AR EER. ARLEF,
ZEHFISEREFFAZ, 5 Zo 2 BT L E B SN ERREYITNY ., £2E
BNEDTHR, BUBGRENSIE S A=Fhk: eGSR (missing completely at
random (MCAR)) . FE#1ER S (missing at random (MAR)) #013EREH1 &R 25 (missing not at
random (MNAR)), BRI N FFEEREICA:

(4.3.2) wy = foo,(Zw 0h) + €4,

FR=FHEEDTIC A (@) MCAR: Pr(l;lwy, Z,,) = Pr(l;), (b) MAR: Pr(l;|wy,Z,,) =
Pr(l;|lwy, Zy) % (c) MNAR: Pr(l;lwy, Zy,) # Pr(l;j|wy,Z,,) . A¥EFE, MNARKE T4
FEB RN TR EIRGHANERE. T MNAR 15, AT UEE ST L EiHME
BRI ER, HEAXTRNT: FA (4.3.2) EERE MAR BEF TX wofil

18 3334 I, Maddala (1983). Cameron and Trivedi (2005, Ch16) % Kennedy (2008, Ch17),
BEXZEBRINENTEMPM, TSI Carpenter and Kenward (2013),
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MAR
SE, L0 Wi IR Sw B, s = ("), e MAR BIRT
AT B9 LFP AR AL A SRR AL !

(4.3.3) L= f,Z,wois v + & = £L(ZyM"R) + & withy 4R = 0,

M
BAVE T RUEIE w4 R i in— B R G AF5, EE&WS”NARLX&wg”_’J‘{ARz(WO ) ®
AER, FZHTABNK:
(4.3.3") 1=f,2, WMNAR, yMNARY 4 o yyith yMNAR 2 ()

IBERRIIRNRIT— R AL TN R R, B DURE B R UM ARl
H— &7 fwg VAR,

BE 7w FFwN R Z T, AT AT (4.3.1) WREL M MENN L B
. BEBRRIDTE, XEAIR BT wolR R BIFRE?. FRELFFEIE,
HEREXAFIRLA MAR, B Pr(lilho,w, Zy) = Pr(lilhy, w, Z) o TEZ BRI DA HE
IE, AMANRNERFIHERSHNIERZHT, REERRERANTEZWNY
TE. MEHRKYFZ MNAR i, AEB&R/NFRELRETEERE THANSH
MEFRE M. XEKRE, (431 FHERAZEFFRUEZIMN. EFEHR
HAREW VB T L (4.3.2) iy,

A, KRR ASRBEAHEEHAITRVEEMX—mRE&G. mE, T
XEMILEB, HERXALEEEREFHFANGT N NHGEENTRERELY
EMSHATM., BZATERRAMTEN —BRSERAEFHN, EA—IK
HREBREEXBERELEBECHN . FHSEREBE W NS Fw VR R H
B RZE, BNBE T — RN RBIROEINF Ry, X EEFEAR
AFAEN R EFLTITRENEST . FAXEX B (4.3.1), FRMNHT MRITEL
AEMRE, Bl Ho: B1=BomRKFEABMAEREZR. FIE, Aol @idE S
(432) kW Hy: a; = agpy. £ Hy BNIZBETEANEDS, BRTE—REAT
Xom P EBwe M REIER ., hailli, EEBROEMXERT (4.3.2) £ MNAR 75
THH a # apuIREER., RBREFENEERTPARLEER, S32EB1 # Bom
MER, HSEAREEEENZAMAE, MAREEERE. X—2HBEHEE
S B FREAE 3% 2 ST M9 FRH B 5T 5 1 NS IE>.

UERHREDRET KT (4.3.1) EFREEINIRAREMNIEZIRG M. H
THEXAREFERRENTITRELZAFLEZMAABNEEMERBEH, X4
EBANEEBH T EREFIESFEK. XAFEEFIERRKLENINEESR,
FARMUTEBEX —BUIEFRHRE MEHBIRZ, P MEHLES MBI RE R,

VEXEBFRELNENX, I Carpenter and Kenward (2013, Ch3),

2L 335K I, Carpenter and Kenward (2013, Ch.1) & Carpenter and Smuk (2021),

2RAR, BER fi,. fn, R ABEASEEHERE . BXAGIAFMEE R KRR MU RG34,
T £, Qin et al (2019),
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X — RME AT B TR EN R BRI R BN TR s o] U Mt A= 2. %
ENBRBEFESTHE 7T REAMOEN S ARAEER . XA IEREX B AL A
RN RS =5 ARFAR ), AT BURAE BN R AR EEME
MRXEIR. XMEFBSTREBCR BRI EAZTTN L, DIEHSBRBER
RILEEML PR . MREENEFRRUEFNTESOTERERL,

61— BERLGEE BWEFIEIRE B STEE

ERA—NMLENERAF WV EIRH RS, ZEABETATLFH0NEE S5
H—EREFERRER R — IR, EFAERNAERGESRSEETHE, 248
B eI E Sargent and Sims (1977)F0 Stock and Watson (1989), HAERIEMEZiTHE
Tk (factor analysis), EiEAZE, ETEFOIMRENGESIEENNAELER—E
FIEE, FTERIF: BFATREEX BN, NEESE B FREGTUN BRI R
> BB HAEAIEE.

MlsrE IR AE, BETFOMERMREGSR SIEBMMIERIE T E =X
R, ONHKRERERTE. H—, AISTNEESEENTS, SN B AR
TEME ZEREMRANETEEEFZINCHE, METONERABETEEESS
ML ER4TEHE?. H- MRENEARXAZAMRAEE ETFomERELZNHTN
ERTERHENRELE. MHMERTHRR, taiEik, REBEAHETFESD
JEREENHAELTE. M AREENGEIRENINERT S MED
A, TN MEREEAEREENNGERENEKR, IRZEAENENRER

~ =
L8,

TE, FEMEUErIRRTEEL (financial conditions indicators (FCIs)) 4, KiFit—
TIMARBEFINMNEN L ERMRGEH SFIEMANERE BB, RIEAVFRE
MNEMBETR Y, BRZTENENRURE A EENBH ARDLRRIZ, 0:

(4.3.4) Ve = Qo + 2?:1 aiye—i + 2?:0 BiX:_i +e;

AFNBEEESRX = {x, .5} OFEENERNSHRATE, DAHEREHLE
NHEHMEREE, BEENNSHEE. B2, HTXRETEXRBRTERES, RUB
NERIENEMTHERELSRRAEHEANLN ., X—o M REES FRE (4.3.4)
FEERRISSMRABTENHE. ATHREX—RIE, BIEGFESE TN GEBRS
(4.3.4) TN N NS TR 2ERAGEEIREF = {fi,. ), TR (4.34) REY &R
A

(4.3.5) Ve = Qo+ Ximg @Ye—i + Nimo BiXe—i + Xizi TiFe i + &

2 RFAERSERADATEBVIERN, ENENREIBNBPERARTEEESINELET
8, MENEERF, BEFEFONAEMDITAIRELAEERIK B KN EAEE (Reflective
Measurement Model), ATzl NN EESEMNIERRMNEEBEERNERXR, WELEIE
AR 4 AR B B MR T A1 (Formative) S 4H & (Composite) U EAREY, X KARBUFT R AR AR
PEERMMNERBEE SR, BEESINEBFEE, £ Markus and Borsboom (2013, Part 1),

B RAGINTFERERFRE 247, TS0 Qinetal (2022) FiZse% (2021),

39



fEE B EREFALZE, H@35)XFHMTNERNFML T HE.34)XEGHNE
R, A LRGN

ERMERELIE FCI M DB RRENEE LB INTERETHZN. £
{I,j=1,,m} REAZN LT HEERN—NHETUNTINEEE, XEH
SRERETY. BETH. BTTHESTESTH. XN, BORTRETS N
F SRR E TR IRE A SR

(4.3.6) Ve = 2ie1 Wjilje—i + Oy, j=1,--,m

AP N BRER/ N _FEHHEEL .. BEENSEW/LNFAT@.3.2)%, MEAR
MERNAMLELE, DUTRMBRIREIE., XEXAG8E, NEBELHN—IMEARENZ,
T 45 & 18 PR JUH 2 BF Fr £ AR % 14 (time-wise concatenable)®, X&EBRE, 7EM
(A30)EFEAUHNEANERELTREHR, HNMEBNZEPHITIXIERESEHE L
MR

—BXPTHEREFINERIER, SEEMFISHEENERRITEE TN,
XWFIBIN T ARGKRBEEFRENZE. XEETEFOEN FCl BRAESRMT
EMLEE . X—EEAGR DML T BaSFHIDR T LR UE SRR R, H—,
ATHRAREABREHTHINEEBDNNSERLME, BMNEEXAFEOHIER
XEAMERRE (436), H=, ZRIZVNBFETESSRIETNANTHINE
ZeDLECE) R, FATIA M ARDL #R2U3K ) ECM #RBUK N FMELIA R (IE 3.379),
TR (4.35) %A ECM £, BEEREFINBHRIBARDS: —PHRPLE, 5
—MAKHFESERESTE. M, BISIEHEBEED I D # A E AR KEI R
M, MEEFHHEEN THELTN M T EHNRITES. BIMEFT—RHNE,
HUN M EEEEEANERE ML KB IE T &R — &/ T 7 RS IRE,
ATEFXERERENESERN, RMNETMNEBT (4.36) MAEREFINTER
HZal, BIN—IPREXEERNEEEZINEESER,

ESESERANE LARARPROIPHELFRANMPIEEE, NEREFH
BRARHN, TREXAERRFEEIEBFN—IEARKLT. ERL—FBHFAR
RUEIN O ER R ARIIC . BEEGXANNREMR . XRDEFIANX
ENFITMRRREERZ A EZWRESNIR TG E, WEXNFILERXBIER
MG L, Bifth, RRFIZMESAFRBRENLEUT . REERRITE
BHRSBEEREUEVHEEEANRAGHE=E, BEHTAENEEHEERR
1, BT HBEHIIRERHE PAC JEMAVENER, LIt BNDIREFEITEF
MAEXNEED A FERNESTERNEN 2 EFRES. AL, FAEEE M
2281, Zellner iR BT KM, AR (1979) ZHFIR A RITEBFNEARKRM AR FHIE
RERwE CHERNE S TEENE BTHMEERHORMRHIE" . MBH
BRANERRBENZRRBNDIEER, IR RIS 7 & R A RAR A (949
RERRX D ERMEN, LEAELERHESREESHOERSRRT EL 7L, M
BEZRRBEINTFENRBEERER 2R R, XMORESHNRERMER

25 3¥3& Id, Markus and Borsboom (2013, Ch2),
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EWALTEMYsEINEEMRELR. MPACTZEMNNAEE, ERFIZR
ARZE U HEIRAR B A A A9 BE S5 M AN SEFR B ARRR Z St XS MR ME— ] g 12, FIRY, M
THRERRMNEFREBERENEN A TRELR, EREMEIEDRRATE
ERNAEENH=ENEEIREE AL — 1M RRUT. MRUENEEM
BRI NDIREEFFZIIRENSHRRIR. A AXUBRBESHNS
THERES, ARAMFIMEFIER, NEHFA— M ENEENRERT.

FHE EITENE RS EE

gnferxt SEREIRIR AR B R 45 E M S H H R XREFTEF PR
B, X—EBAREELN BB RENNERRITNHEIL. SIS REHRIIZ
B, FRANZEMSEEANRMETEEANEETTENARYT R, £5ZEEN%
DA EERSFRARETEE. Athley and Imbens (2019, 5 2.1 75) — XA X" HSL{ERY
it (estimand)" #2HYN e, ERMRX—IVRHN—Fl. BLBRER, XN THRMAMETT
ENI, BUERSEERRA A LR IEHOER ARERMRFGN. FTENET
EZNET TREREENARESEIEL AFRNERAEY, ZREFRELE
Pz, —BEFNMAX—FR, BFRZRENR, SRUETROMNERDRWENE.

AR USBRIMET AR ONARTEREEAZNERES . GitFENE
BEERAGRHE, EEB&R/N_FE OLS) EABBNRMLMEITITE. AitEF
. FXOLS RARMMMEFHIE, HIEREGSEBY 7 &80 [RENG
=o HIENERKRENZERZ BEZT AR BB ZisiHRgF M. &L
ZWEEE, BREEMNENETGT ERIEBRRAE, KERBREERREEIE
AEMEE, XEHRENEBERTETLUERNFRZ L, HRVRZREN
H ) BE R BRI AET AR RIMNERA T . AENE, XKAXEMETTTEKRS
ARERA, B—MERNERANTREERE. EMSEEEREEMRRNEZR,
ERRMESERRENERRIEZAR. A HITERETREERENUEE
R UE AR TTENERE AER. Allt, DUSTTTENEREA RO RR
e, KRER—MMITEREMRER. AXBEWRNENRERFGREESTTIENER
B&. FAES1 TEMSE 4.1 TR TFRIEPR—< . XABIRITIeRE, EER
FRERPHNEIMERRNERBF, FRSYFRUMEITEBAF AR AR
HE,

— B EFEBEGI I REFERNMRAESET BN, HEMERE M
AT ERRE. WIERXR—IREERE 5.2 THEM. EREZIIED, EiHER
FITEIEERN—FD, EFENFARTERE BT IR R TI8E A9 e R IR A 1E
Ho. BTEMRRERNMEERZINERER, HITENBREFIEERRX BIR
MRRE TN, BX—IEFAERFENRN, AT KB BT, B &
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THERIEMNE—MMARE M RMAIREIER B R IERL (regularized) K &K
. AT, MNMARNARERE, BMNBAAMLEXEMEITES ARITHEMRS
MEEETEXHIET. XERALEREZIEENXREESSZMIAFAR, @
SAGTHFPNETRERETAERARS 2EZ/ZENRITESZ EH, REZEH
AWML X —HT5,

853 THNAZEEERZ FENSEHNEA. ATEFFNREZSERE
1, MEREZTRELRNEBAESEIFR, BRIBRB P 2N EME MG
FEEAERFET . XEEFSBHEMUEITENESELTFL. Atz T FE
BMREMESEEENBSEL, FAIMMBIERETRARITIIMNTNEER
IR () ARFANEDEMMZ T 0 E M, (b) ZHAIERBRTEHL. BImasE
33 TEEHEHDRITHRRAFZINWUBA T INE THXES. XEFTHRHNE, REE
FZRNSHRMERITF I SLARITFNIER . BEl, SGit#ilsazIzR
ARG FE T EN TR I ERORE ZER M RBANIR T ARASIEIR. KT
BEBEMRERINRER, B2, AE#A-PBUT EENER HHEFFARIEMN
SRUEDHFARNES IS, BRGTFNERLAEL TRENEE, TEEABRE
PUES B9 TR,

5.1 X TRBEFHNS Ll vt [5)H

FNEEEE, KIELFFEENARDRESLAGTTENBIINREF SR
[BEERTERANEE. EYASIERRITFERANEFITESY, BMUERERE
BNESERMEAERN., SRARERENIZEANERMREN, ARZMETTTE
K2R, BANSHERL T T EE T, XEMRBFHNEMNEREIERLI
B, ARNEMNEREETEIAN. BTIEFNGITFESIFHNREINET OLS i@ 3
REVAERE, ITEFZNEIT RN EEPEIEX OLS it Btz &AM A
LT . FHMEMATHIE OLS WARMMNEEHEITTTE MBMAZLFITEFZNZ
DRFER. AENZ, XMRPUETITTENROCHARRIBILT T MEHER. AhBd
LR EE 4.1 TRAWDBITFRIESEIARBEM

Bl—: BERHEITAREFEMEMXY OLS X —E a9

RIECE4RE], ERERINRIZIABEIET IS4 /R EX B T AR B BT o) LAY
Wik, EENEAREMNITHEBBIECTE T2 ARKRES, T2 NEFRMEE
AR REER R EUR RN SERERERIEEBNEGEIZE. BTXEEH
EENERAMADPLRINEDZE, EEETARFTHAETRHENZRMIAK
BiE. RN, BAYHBZARENIETEZNERXEKT pERINET.

AT HRIZERER REHERIARMRERE, HAXAVGREIFBIRENDICH

BARNR e SRS eour IR AR EZMN " TIKRA (4.1.1), MERIRRE—
AREZERNER R, Kizh) OLS HIHEA:
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(5.1.1) y = Bix + &, B, = (X'X)"X'Y

SR (4.11) Ry 5 x BEIR ERBKRE cov(xe o) # 0, {82 OLS {EHiHHIRTIR &
Bcorr(xeym) = 0, Ely, TERMEBEDNAIHAELI, f SHEAMNEKIRER
LA, WF OLS XFhx —5 MR B Rl 2 A AR 2 A RERNER. XERF
A, BARENNERESTISBEREM (G.11) FHE(Y) XMEERIBHIEE
i, MULPLFTEENEESHXELREEN. XEKE, EENVNHEIE
A, BREENTESRERN. WERREEICH 2. XEELRIIRTEHR
cov(xz) # 0 TTREMMIRH, ARERVAE BT ERETETRILOEE. M
(G.11) MKk, ERABRATRENHSTERSTREE, BRETEERMERRSSE
corr(xeyout) # 0. T2, OLS X —EM B BB EAITEF P Xk, FxhEF
RAELIRE.

WEFHABRT LA RN TR TAER(VIEEEBA OLS,
BV H—A IVE, BATTLUE IV 5 BRF AT (6.10)5 OLS f X/ =5
(GLS) fhits:

(5.1.2) B = X'V TIXV(V'V)TIVY

ik (5.1.2) NA—MAXEMMER/N_FZE (25LS) . E—MBEE—TETEX|V)
MEIFEE, EMBRIATE = E(x|V)RARE (5.1.1) dfx, JRED:

(5.1.3) y=plVxV + ¢, BV = (xV'xV)"1xV'y

2V = PUERSFRTTINT NN AR RIENEARITRE, B2, EIAETERZFET
b, MREHEEX VA FRESE, FRPNEFLRARK. BRFE 2R
KATEIR, LM IV EEEE, AR AY = 6, MBFEEY »x, XEREE
2SLS HE—MERIETE, DIMFBEANNEEETE x SNRTMEEENE
fro BRI, HTERBY £ B, MOABHFEE—MERXAERKLERHZIER
N, XFARET IV IEEHIEE—M., BMEY = fixix’ » xBKFEXRE, ®EH IV 4
TSR R ERT TN ETEM T MR, BV ERNT B SHRIEE
B WERHE N NE OEETEx, NEEEXMAEE, RITTLUE (5.1.2) &
iy GLS BE2H IV Xfxfil 7 EMIMNAS R OLS, F2, %F IV GitEmF<H
OLS, BEMTFEFER 5.1.3) mAH G.1.1), NI MEBEFRNMAF DR, K
MBEEBRE AT A% T IV R ESRL S REBEERNET T . 7x” % xFTR
T, 5115 (.13) BFAANERHREMN S SIEE, BmFME.LI)ERH VA
ST, ELMEILMY - y2EREER, BEVENNEG LR — yz
FRER G R, WO REXRBEEXES TEE., MNXFANEHEN 18
RINRES, IV IETERREEYTIESTG.LYRME(Y), TXEG.13)HH
Eylx). %52, VETENSARER T EEMREMSINEHTE, Ka8EE

PHAEEL, KWV AETTERRAEIUEN, B 2SS RRAV - x -y, BEERIRN. X
TV AR E R REE AT I Qin (2015; 2019).
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B HAY corr(xerou) # 0 MM, MERET VXD REFESHIEN, BN
MR T 2EETRERRERENEBEE BEREFEEBRIEMRENT.

RSB RERMNEFE corr(xerou) # 0 X—HR, HHIRIEIZERHR
TEEfR: ETERRAEES TS REFRE. STEMNSITELEPFMER 712K
ERfREBAMM L., XEXNB N AEFE—DIBR, AEFRELITE TR
EREMREZ ARYILFRAER ., B— T EHEEXANEEEELEMARNEL
WA EE, EZNTHEEXMREZRZEZEMNARSERRDE. BE TEXNHRH
B EBMR Bt EREREN, it LR ENERE L METEXRIEXNIRHN
FHEMS XEEF=ZVEERTT . FUSELHTEEHEEFIEEREEAER
IR, DPRFTTERETEBEELNSKANSFE. AFRSHNEEER, 0 (4.1.1),
AXERD IS X TR FNSFEEIR, MBRATERERN., MRS IREEZS
VR FHENRRIESSEEFINSFHE, XNERIEERBINAERREES
BRAREI ] AR ANMEHNER ., X—FHRHNIERFTRRE Wold’s ZERIFFHIER 1ELLUE
I8 (proximity theorem) (I, Wold and Juréen, 1953, & 37-8 T1) . EIEHFXAKREDTH
ERRERFAREE URMBEEFNNSFHEX—%4. BEEFE, & Cox{fH
(2006, fff3% B) , SKAAAYFRZMAEAERRMEER —EMHAVEN], Y885 PH RER
—X M5 E MM, T Shalev-Shwartz and Ben-David (2014, Section 7.4), X
EREE_ERHNFXER. MREH—BHEANTH, XREERIFT —MERZSE
HF: EERSENMEITAZEZREEN (BEERE5RAEERE—) WEEZq, &
MEEEEEHRIERRA Z NIIIREL,

AT LR NI LR R BB RETMNARSER. BNKEEX—FT@
FOIAGRIRR, ZEFAMERAHET, IAMXBRBRED e, Moy ME B ARRE
BXDFR. b ERIBHARERBER LR, BRTIMZER N, H R
RS EBUR F AR BTt /0% . Eitk, e, BT EHBIEKREE (known
unknowns)”, HEEEZ T, €5 ME " RHAIAKRHAE (unknown unknowns)”, BI{EHR 7 43R
MR, FEMEEREZSFARMRTIEEEEEENANRE, BB E T u:
MM ETREMNTE . ERMILL, H1E3%IFIETE,, AFE M HERE
AEREEZ RN ED., XME 2.2 TERM PACTTEM, MEREIBEIEN»
ANGHEAFNRER . AEERIUD TTeon BT SOMIA A ZERESE], R
HE MUEHgOTFAEMMNTEFZEXoXFMRE, Bt ANMESEIIGEART
MABEAN P RE. MEBHTEREETATEA2H—BMHNBERERE, ERET

7 Wold B FHEHAEFRIENARAZME TR, MERRERMREANFEZ—, WA Wold
(1954; 1956), iR 4EERAHIEREAIAMEZN A AR T, A Strotz and Wold (1960)
AHITEZD, X IVERHETTERXNRARINBDN -6, E2EM B ITMER P RT FH4k
BRN NS BERREA BERFIAIER Y MM, W Angristet al (1996), X2, “BEF—1EE2R
ENEREXNER XA EBTENEABELE.

PHEEFTEFNEACERES, INRKIREESR S5 L TRIEMNF SRR RBIFM .
EFIRNE, RIX-—AERABIEIEARHAIEREESH UK AR, MitE&FFHiR5E
HA5ZRERZELRR, BXRWNRITZN Qin (1993, Chd),
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FRYDPZMAER, FEEETNCKEER. F7E VAR SISREIEEZ ], &
ITEREARFHIRAERERLTNLKEERMRERHA, XA IV ETHEMNEIER
TSR ERERE ST XA OLS (T AMNERY, BETHEHELSHIEFANEDR
M=, Young (2017) X van Huellen and Qin (2019) X A A X WEIEFERKZE IV Kit=
BYREARSN BN, PSS REBEXN LR IV —BUERIED. Ik
iR, RE! (5.1.3) MEEASNIMEW S TR ELL 6.1.1) 5%, RIpIEMNZLMELLE
EE. XEKRE, r BEELPLHIVASERNBREEFRZRMEZHFBETENR
. NEFREATEETRARMARNEXEAZFENXIMENERZ FrfE
W, FNHEIEABRENEFZRRBBLERMRBENEARXEZRNETEE X VIE
H.

pl—: ARFEERD EANFEEEREHE,NEHEXX OLS KA ML

ﬁ

FRBN ERR BN ARBEER TS E N, BRXREEANE, FK
GLS kB OLS., UERMEEM - THFSERRZTM—HBMAEX A, MH:

(5.1.4) Ve = Bxy + &, & = p&—1 + V¢

By OLS {&it40(5.1.4)Fi=; ©H GLSEitaigh: g% =

X'QPp) X)X Q) Y, HAMO(0)RRETFoMINAUERS, REHRS, GLSHEY
F OLS B MNE, HSUBEFIZETAZENGLA)FESEANBRMRNST B, X~
o, By RENETRSRARN. B GL4) THE: & =y, — fx,; BEAA
B S AERNET S

(5.1.5) e — pPYe-1) = B(xe — pxe—q) + V¢

WEEWR, pPHERENMNRENISHRBRMRINT — D HEREAR, FELLER
(5.1.5) A HEF LA, 3f (5.1.5) S H L, LEERBRI—MREE LRI

(5.1.6) Ay, = BAx. + (p — D[y — Bx]e—1 + V¢

BT R, £ERFHAREY TARY XF y KGN 2 A/NERM.
RENHESEEMANEREKYE, XHFRN—DARBEAYEEFNFEEREN
S, XEFHSFHIETREXAER RN SRERZL. IhEFE=%
PR B9 VAR ERIK A RN EFFNEN— N EERE.

VAR REKAZRN BARTHERREDRHE, RRANFNZRZMERRIAR

KARBHNSRERNRHE . IMAEHET —MRRLERROA HRBHNES
MEATEEXNEERNERETE, RRENFTENHERMY, BT TFRINES

2 R T I Qin (20134, Chl),

0 X Fhfbit T AR H Orcutt (1948)1R H Ay, £ F—M3%ZI A B A& 7%JET Cochrane and Orcutt
(1949)—>xz, R BHIBEFEIEIZ T 7RFR A Cochrane-Orcutt {H1158, Malinvaud (1966)2X51Z0BH#E

IMBH—HRE GLS iR EHIHAIE,

313K T ), Hendry (1995, Ch7) s &5/E BRI 4 (1998, 5 7 &),

45



ERKPHEXREEXERENER. MXEERBEFESELTEERSE SEURE
B ENNSEREN, X—RENAETELIEET. F=02, MM GLS f4it
ELIE (5.1 MUlAE A, MESIBIERETMBE AN ERRNNSPTINNEE
FIIAR] . XAMIAFIELER RN ENEREFRFAFH N, BEXERZ RN A

eout I XIEMY, Fileou ME—NaSIENBRESINKIRE, EABBERRLE
HEMEIZR, M 3.3 TATiAR) DSGEAREG T, X—IAMBEHEXRE TR
IEMSGTtFERERGELENIEZFFMRPE ENTTER B,

FRABIRIE TR, BRAZZIZMERNIEGITTRMUER, EXRBR
ERWEMMARGORE, XN, EREEM EXANRETIIERISAXLEE
R, HERE—MEMNEREREGRNTTE. BTHRAENBESRARESER, N
M5 R A XREMSENS EEXEE?, XFUAREEITE ORISR XSER
FRAARUBREEOTNFRANR, ERUERSEREZUIENRL, EL ERR
BEE—TiRER, EUERRATRGTAENEENERE, B1F PAC MR
#, REMBREAKETEE L RAZREA,

5.2 PURBVEFE ARG THE

PR UM AN FRINREZEIESHE, HITNRTELESWEIR T
BN F SIES, MARMEATNBENSEIMEI AT, ERPIESHER
BfrEaE MR R/IML. ZISREINDE, KIELFFMRNEBREBIREAANE
BENFIEE, HERTARNT B RA LR ORELAREIE, BEYE
PN METUNARE A KRR R BOR /MUK S, METPrid, S/ FRERKRIZ&
IMERSEACEN® . BXRR1E, XEXANRN_FERMANREEES ALK S
B Bk, BNEIZMREESEENRARKINRTIEAIZMETTE ARSI
A RESRINMRSFHE . BN, SiHEMAXARITHR N ZFEE—R
B, AR ZIESKIFHARNFENEEIRE. INGHTARERESIE
MARRTEHARE, M TINEREREREIEDHERNZFESI KNG TTET R
AABE., TARMNANFTHARX—R: —XNERGITESKRRITEESHER
HM7TH, —ENERETENSFEY RITH.

APRTHEEERESNELZD, HTPRBEESEMRERNASRESHFA
EREAN. EXERERS SX—DHEREE, KAMUHARRN ZRBRK R
RAMEA BARAVETTZATING, AR AREFHEENEITTEREIEH . FHPHRHIX
BOEAENZEITHAIMIRER/IML. FTEVEEH, ZAENKI T EFER
B VCZALSR . B ZEEREVFERAIEH:

(5.2.1) hiy = X8 + &,

32 #3548 I Qin (20134, Ch7),

BN FRANBREFANBEEFERNE, HARNREIZES/IMLEBEREUARBNERRLEN
B, MAREBREE, ZRANEDEEITUMKBOLLRDEASE, THEEARIT2HIRERE 05
Dd, Abu-Mostafa et al (2012, Ch3). X Shalev-Shwartz and Ben-David (2014, Ch9),
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Hohfh d R BE X QBT R VC TR TR R
(52.2) E[e?]oue(h) = E[e2]in(h) + 0 (%)

e EE [e2]ue (W FE 2], (D BIFRIETHRERSMORER W B939T7IRE, RO
RFEAOENEERER DRENTEE S HERE, ZLEFHNRTHAR.
FHEH, IHEUIRE [Ele?]ow (D) — Ele?]in(W)] 9B/MELEIRTS, LR - X
B, B, WT—AE[e?),(WIERRBERIE, KA MERN < f, T
WREBRBN. TR, ERZEFRERENRETREEER N SRR
WG, BIMEMERR A AIC & BICEEEAN, XEGIDENBRBILS < ki
ROBRETEUNERREN . ERTURROMNER ERBT, hHASMES
ANEE2RRARBREDRTHRE ST E RO, £5TRERREHTR
h, RAGEAVBHBEME, ABERTRARRTREMBEKHERRELY
BT RO

MEFFRIE L, BT DIE ER R IT R AT BREEITEE = —,
EANBBE, EFRZURER/NMUBIRMEA—FKIMARE M, SE#GITE
%k, TREPBE[e?]imn(WBRNMERMARTE[? |0 (WEBRNMLBIFHZT, £R—T RE
TR, WHEAEEARIEENRK RSN ENL", SENEAIHRR R E R/
£ RLM). IUEERIFRBERMBELT, MHERKRER/NMLABIRF OLSIEH:

(5.2.3) Bors = argmin{|ly — XBI1*} = (X'X) X'y

Hefargmin{}37r, BEH RSB lly — XBI? B9/ MEKRBEHE . ZZHEH
BIAR) —RIRK RS, thREENBKETLIH. BR, 1(5.2.3) RINE[e?]i@n(h) A/
LBHR. AT KE[?]ou (&ML B iRt ERI#ESK, AT INER 2 89argmin{-} N
—NTRI, VA B NI A9 R

(5.2.4) Brs = argmin{|ly — XB1% + AllBI1>} = (X'X + AD)"'X"y

ERFEAA—MFETSE, BA>0, DANAMRE, MR (5.23) 5 (5.24) LA
&, BATTIERoLs R AA = OF PrisBIFBI. GritFeh, BEIGEIE(G.2.4) PR EN
B HAETHEFR AU fETT (ridge estimation), iEFAIkF 5 £ argmin{-} A DK
B B EERKRMAITHMREE . ESMRMUTTTE. WGt T ArsaiEa
RE-TTENERENNBE, Ele®]on(W) WRNMLERR, THRHATSEH A NHiBETE
ZE5FENEXREREI. Bikth, REHETAKB/NLI?, BEFHTHEEZN R
HIRZETMNENIER NI, BEIRERESHTERICRRERNE[e]ouc(h), EFRE
BT REEH Ga/ MERIAESR AR R R . Al o] U LR A AR [ A4
BRI — R, RARPNEGRIBD Oy = X My = XpHRE, Hfp>d, B
RNV B> XL B EHMEFHATMNRHERT, MBI FRARART X AIERAIE

¥ HX VC AR EMRTHE, T2 M Abu-Mostafa et al (2012, Ch3). Hastie et al (2009, Ch7.9) [ %
Shalev-Shwartz and Ben-David (2014, Ch11),
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WAL R ER, BIEREERZIREFARLH M OAF R B . IER ML,
BT TR FHIER AR TR AL B{EE, MR RIE—EESEN
ki EERAAR d (ITETRAEEULE REE.

RFAEG.2.4) P IENE—TRSE R E AL ERE, BLENLTK
E[e?]oue (MM BR/NESEHIBERMEZ BN B X FRENERRT 7!

(5.2.5) Brasso = argmin{|ly — XBII? + A X8I}, HEXIB| < CHMHTR min{RSS}

AR RSS RonFEEFTTH0. B (5.2.5) JBHAETHEAER (lasso) EH. BT
ATIBIHEMFRE—TBELAR: XAl < C, HFTEIRREE SANKIEE d iy
BALREERANERDEAN MRS, NEECAHBRAE ST AEZSHEEN
BHUEEE. 2R CHEEERKR SESUSHNERSER, MCEER/ ), HE
RMENREHRE . IR, BEEREEASKHIENE, RAIEMNEFERIL,
HEENR AR BT EF BE RN R BT RITH NS BHA T T AR E TS,

PRGNS, BN SHASE CHRAELEFRF A IEN LA It B R LR A
MXE. RESHNENE BETHERERRERNRIERSZEMDEL, X
HEIFAIINE XA R EHRE, X —FERE A BT X EERR AW R A
SNE#FERA D, Balii, RESHERSEXXKRIENDSE. FAit, R(IMEZS5E
“E FREMNERNMURNE-BN . FTFELRY, IKRRBE-TEXRRZRML
RERELRFNTIRUEREUEXRRZRMNE N, BEH, RAESHEEN
NE BN —FRBFMRREMITHAINITRE M.

TRENFRETESKEITENGGER, EENERMETENSEFZT R X
WA S A B AT I AR B B 7 W M I TR AVAEZR . R X TP IR EZ
ETFUNEE 11 A T EMEITES R 5 AMEE XM R IRE B ARBR SR RMATTEIZE v —
®, MR TFENIANER, XERFIFTEEHNE, ET RLIMBEITERZME
F BRI FL R P DREGE R EIREn SEo X—BAF NS EREREL K. B
I, BAATANEAESERAGEITENBEAFERTEH S ENM RN G E

37

o

Fidx RLMSEN RIS BB A B T 3N #H— SRR F E I E 5T 8 IR
BENEEERRN®, EE=ZFHANE TS LEREBERIFBHNKIXE

S HEEF I HR BRI EN LB MR, 200 Abu-Mostafa et al (2012, Ch4),  James et al (2013, Ché),
Efron and Hastie (2016, Chs 7 and 16), {EH{542 &2, Efron and Hastie (2016)—F2Z M James-Stein EIE
A ERERIEEIEE, MiZEEREAREEADHRENRIVAKIEEM &, ERIEEIFERT ML
HitEN.

36 %3R8 T I, Mukherjee et al (2006) [ % Shalev-Shwartz and Ben-David (2014, Ch13),

B EXFAMBIRA— DA E G T 2R ER BT ELT R NARERTEH frs. BR, %(5.2.3) f
MGt EHELRER, G24FMHITEXAE R RALEEAFAREZEX THRIMEITE. XME
SN EREHITE—EAZEFITEERAETRN—NEERRA,

3 IR I Hendry (1995, Chl4), sE{EEmAMRZ (1998, 5 14 &),
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SHIHENRINES, ER2WEaRRENN— RFELE. FARED, EEasEN
HIBEBI I RIS RER LR BRUE SRR FERY, BAMEERERENER
B IARIE R ST I BENHS, ENEREEEEARMBMINE X AR TR
AEHRAEMEGITFIERNTE., ARG EERERIRED HiHE5RBTER
NI, HTHERIX—IE L, Trivedi (1984118 T — /A& a1 {4t

(testimation), KT {EIT 3818 7 iHE AR SR A NETE, RNt
ZIBRT RLMENGETTE, MPris & Prasso. FFRARBAEIT T A,

5.3 IREBRIF 7 RO fhTTH R

—BEERPIMNRER, B 7 SHEVAENEERE, BEERNSRNRIMEITHE
o) BEFEIWERRELRT . AKX EBD ABWNTTERITIE: WEIPER
ANBZ R URSEA R MATH R IR B e,

MTE—NTENE XEAAETENI (21.1) 5 (2.1.2) fraEmgs, &
FRERBGRABLFRADVEFHRNEL., E=FWVERE, BHTHEIINEF
TERHZREVYHFELTE, ERERMRENZENERXEXBEZEME
MEXRR, AUERPHNEXSH—RRENEELH RIS T BOMR. EiT
E¥H, EAL)IRBHE, ERRAR—MEER AN S ERLEB. EMN
(21.1) 5 (2.1.2) WAL EMNXRANARE, EXERIBENT 2R REEE R
AR, ETHRVZINER—BR R T RREETREZA, FrERiET£M (2.1.2)
MEE. T2 MESKRERBRREFAFLMEEE, EE2FNMERMESH
W ERZHE, % 3.3 THAYE ARDL #2812 m ECM (I BSHL B T ERE LA
FEEEH#HTREEZ N — I RFEE . —EM ARDL I AN RPN B ARFNTSE
X, FAEieE@idE ECM NS E LR B/ ARDL R B Il E 7S FHIES I B R &
B, ALRER, SERARXASZIMRAREN, BIHECM BSEHLE
BRI A S Z 0 xH, ENSZHENEZERXEMBERTERENT . XNFTE
KA KESHORERIE R TR ECM ffhit, BEIEEELFBRNERS
. XWEAMTARERK A DSCE RBMRD HREERZMENRE. 5% 3.3 HiE
B, S$NEEESURNREZIESENER, FHtERLREMYSREINET
FERMDTEE. EflsFIHh, ARERSHEZINARITRWANFERIT
FHERTFE I RERE. ERREANE BAERREME ST HIEN BET TS
ZATHEARFERTFITEPE T IXERENRERE, BR, TYHIRER
A IR AT DN BRR, BTEFTERESHFITREEEZREFFESR
HERTENERAE, AR —ESNIZEEZRARPREILUEN—IKT, REF
NAZFFRT I ERX—Hkik. EFNEREERENEENTEARMZ K
ERIRE, FREFZRREAFNMEBRABHFESEMTEI, Mk & SOER
oK R IR AL T MARESER L. IR, HIEFIHLENAEFER
ERARESHNEL

49



AT BSRAREFLEFIZGE, NTFRERZHE ™ ERLNSECK
W, BAREZESENRMLMAETTERA T . BT REMEEDE B L KAE D BT
RENEF IR PEFHBRMABR Y, XGAKE D B REE B RS a9 AL T aE R
SRR AMEITHER, BHFZEXETEEFNBIENLENE. N THRRES
REFEERE, &N RETEFNTRAMAMGITE . RARMRGETTRENZM
A RIRAEES TLIEE U2 B RIE ARRNERGITHERM B R REEE R,

KEPSEFUN—DPERERAR: SRFUHFPNEFXEMHITEESEEER
TRFEEFMRE? §FW, HEAGTARFEFIE—XBRN p-EEHNER
X TEFENREESNRFEMI—EMT? FWHNLRERENESEEER
PEM MRS EAESR. BRKE SFUEBEVHEXNEENSREIREZR, #
AR KAFAEENN TRRUEIELEAR T EENREMREIL . XL RN R E
IR EEIELAET —IMREHHILMNFEIR. WEIR R (double-dipping), RIS LHHE
SEALERILE. SAETERINER. ATREEELIECESEER TS
HENGER MAEEEREE HNEREGENSHGEEEREFXE, ERASHEE
IEEMNEEER. ATPSENERR, BIRABIRERERARE RR AR
TESHEENERGXE. XMEUENEERLHERZXBIDERETEEED 2R
Y. BAEE, BRERFIROERTETEESINIXRIEE. BFSBEES
[REVIEET, 47 GeitHiimn B AEBHRE RO FHRZEULIN., Ak
FRERZRT, BREWREESHER —REFCELIERG N, SXERIE
tb, #R¥E PAC MR, BERXXWIEF IROZH AN RAOER, FNEE
RABEZAG NI ERNRE L4, REPGFRERNINSREINEZEES
THRUBERIENRE. £it, PRIt VAN &i#E R EEX BN AETRE
FMHY. XE, RIERERRIEFER R OEARESEMENRUEL T WNER
R, BESPBERSRAEFHENRINEGHIUSREFHNSHAERLL, RkBE
FREANSHGEEECEXENELREEFEINET £, X—2HEHEEREREE
THBNEREMNZIER.

THHE, PACHEMERRAMEE T EIZIRMENRE. Fit, BENIZE
ZAF RS NEFRERENSEMB R, ERA—NMRITEMaRE I 2R/
BEAMRNNE. W TEFREAEEFEREENERGXE, B T2 T MHE
TP HEMER, REECFFENREZEFHEMFNOEE., NEERX—R
B, BANAFR N EROE R m O HERT R ER AR RN A RE M E &R, YR
NESBEEZIHERENMETE ., B SRR SRR BRARER

39 %34 T] I, Shalev-Shwartz and Ben-David (2014, Ch24),

CEITFRBEIL Cox (L9 EAEBIEDBIRNMIIE. ETHRELAEFRR, EREFITEFARKH
FRREEMIMFIZSER, 9JZ I Qin (20134, Ch9.4),

" X—R R Zhao etal (2021)BIEF HFAAERE X TkiAN.
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M, EEENEANROREINERNEGXBEERNMY . R, SpR~E
EREMERM TSR, HTPNEZEMKE e, FENBEXEN A

(5.3.1) P(B; € Cli(@) =P(B; € Cli@|j e M") 21—«

WICEBRENER M, AT RBEMAAHEM SEBNE - JFREIR(5.2.2) TS
d—ZVIEX, FLAETTEEFHENNEEXER, THAXMNRERRRLERARHE
L

(5.3.2) P(B; € Clig (@)|j EM)=21—a

FROBEARBERERESTEEE R, MBI B RNENSREEREXEY,
BX S HERTR AR Scheffé BEfEX (8], 1ZX[EZA T HIEE P HMAXTENATE
Pt R R MmiRite, HEZEMKFERE FOm, A2t 0. WEKIIHERETT
BMNEEXE—RETEENEEKE. XE2ERANENMRSEREARTEE
By, JREDMEBEFINENAHE ML ZSEEARR. NIFZERH, Scheffé EEXEFAZE
IR BUE FMIRITAY,

BA, FMNREZA (532) MAR GI3FRITEERFSEMEITNERFXER?
ATEEX—EE, FNBAEREE (632 5 (531) 2REFTLLMMER. thE
RREATEE], F3(|Clg,| > |CL|MERZHAX MMM FEMEE 257 (L E MR
AERFE. REIDEYU M BEZUEHETRENBRENIRN, FLEC+EE
EEM'ORHEE Y. MESHTRE3MC.q, FEERTMNAREN, TSETIT
EMBEEREENERENER. BR, BEM'Z AT NI TENITIREHEN
SR ERMIA. Bk, SRR FAIRHEARIR M (B BIBREW RR) A8
B, FTFREAFREFNELIARGCIDVITESHMENEREXE, fARG.3.2)it
HARWEROHEN 2 SHEENEERE, BITLRXFHERSXERIEMEREE
WA MR, HIERSEN,

LRI REFRTERTIERRA, & PAC o2 RIBY SR F IRMNEDEHE
RFRERERHFRERSROER, X—FL5|ClL.g,| > [CL|HRBRIEFEFRER
M), BEERAZZS MRREIENESHEETRA5IHhiHeRERZRED
ZAFENINRIR. BITENDITERE, NBIRMEERBRLEREISGITEIFHN
M, TEEAZEEREFREN—RIINITERFNGITFE TR, EEAFEE
TSR NEERIEEE BEEECSENSELEEGFXBNLSEHE. FRILHNE
WIREIBER IR, TR THERFEXISHRGEENEREFEXE L, MEEH
HAMNIASEHG S E) 12X (8] A L B BTHR AR STIE AR . Re)IR, MR AEFF
KHAEER, AZMAXBIELIERTEZLFRIRNBIEST, EEBEA—%

42 13481 I, Taylor and Tibshirani (2015) % Efron and Hastie (2016, Ch20),
BB EEE ST EATTS, 975 Berk et al (2013) [ & Efron and Hastie (2016, Ch20),
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PLEFHENEEX EXFENERANFITE, KEEPREERIEPIE AT
EMNEHRERHZESSZY.

MINMRRHBEE, PAC MR P RFRREZ U HE LR S,
RRAEFTHEFEIZEZATZEHAN— MRS, SHBIPARMBRH—
PNINER. B, X—HSHNRHRETRTEMARE THEEXEHE . HMlER
WRERMSRBPRE XNSHREENEIMAHELNEE, BBATR 2R
MERZENEIL. AT REFIT LTHENERAEFARNRAREENRERNE, K
MBRELEEF DI UBREXNESZIRNRHNAZE, X—FRERKEARS
REMFITFEINEERT, EREFIBETHREULI . KA, EXEARRT
=iE RN ER AR T MR, BERALHAZILXKLREBRNMIT. £FE
3, EXMBRANTENEREER, MEEFRSETZTZENEEI> /BRI, UE
RHETANRIRITEZEXAERZES, MANXERITENNAERME BHL
RUBRORE N ERE, SEROARBHONEHRES. FITFRE REFHEHEMRA
MRS SE, EBNERE T RN NN A RRMES,

4 1348 T I, Holmes (2018).,

07 AR — N EM S ZBXT M, Holmes (2018) #f 7T — M EREHMBMHE. —K, ZREETIE(
A4 B RMEELR, MERMIEE, BHOREENMEAT, TEHSIREFE, X
ZMETRERER? " FAMNELIE. FAZ, ZEEHEE: “—BBT7EX, RINMNZEREET,
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