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Motivation

I Short panel data sets (small N but N T) are common in many
fields of Economics, e.g.

I Macro-level panel data
I Experimental panel data

I Observational data may contain “anomalous” observations
(Rousseeuw and Van Zomeren, 1990; Silva, 2001)

I Vertical outliers (VO), good leverage (GL) points,
bad leverage (BL) points

I Large influence on the Least Squares (LS) estimates

=) Biased regression coefficients or standard errors
(Donald and Maddala, 1993; Bramati and Croux, 2007; Verardi and Croux,
2009)
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Motivation

I Diagnostic plots (leverage-vs-residual plots)

I for cross-sectional data: lvr2plot/lvr2plot2

I Measures of in uence (Cook (1979)’s distance)

I for cross-sectional data: predict ¢, cooksd

I for panel data: jackknife2, cooksd(newvar)
bpd(newvar) : command
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Motivation

I Diagnostic plots (leverage-vs-residual plots)

I for cross-sectional data: lvr2plot/lvr2plot2
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I Measures of in uence (Cook (1979)’s distance)

I for cross-sectional data: predict ¢, cooksd

I for panel data: jackknife2, cooksd(newvar)
bpd(newvar) : command

I These metrics may fail to ag multiple atypical cases (Atkinson and
Mulira, 1993; Chatterjee and Hadi, 1988; Rousseeuw and Van Zomeren,
1990) unlike pair-wise measures (Lawrance, 1995)
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In this presentation

I | present a method to

1. Detect and identify the type of anomalous unit

2. Show how these a ect the LS estimates, and the in uence of other
units

I | follow a unit-wise approach (full history of a unit)

I | propose two commands in Stata

I xtlvr2plot { Leverage-vs-residual plot for panel data
I xtinfluence { In uence analysis with panel data
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Model and estimators

Static linear panel regression model with fixed effects
Yie =X} + i+ Uit
Model after the within-group (WG) transformation
Pit = By + Bit
P :
where @it = Vit T Vit etc., and  is a vector of parameters.

The WG Estimator

xx Py x
b= i), it Bit
i=1 t=1 i=1t=1
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Residual and Leverage

I The average normalised residual squared

I,

L X .
bi:? p:lglt:

2
t=1 i bit

where bir = @i B, b are LS Residuals.

2

Cut-o value: car = 7

I The average individual leverage of unit i at time t is
X

Nii;te
t=1

— 1
where hii:tt = BL(R'R) 8¢, and hiies = BL(R'R) g for
t;s=1;:::;T.

Cut-o value: ¢ = 2K
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xtlvr2plot: Syntax

xtlvr2plot { Leverage-versus-normalised residual squared plot for panel data.

xtlvr2plot depvar [indepvar] [if] [in] [, options]

options

graph_opts graph options allowed for twoway scatter
Generated variables

_lev average individual leverage

_normres2 average individual residual squared
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xtlvr2plot: Example of code

** Use of the xtlvr2plot command

xtset id t

xtlvr2plot y x,
mlabel (id)

xlabel(, format(%9.3fc))
ylabel (, angle(h) format(%9.3fc))

title("Unit-wise Evaluation”, size(medsmall))

saving(“"xtlvr2plot_example.gph™, replace)
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xtlvr2plot: Summary Table

** Summary table w/detected anomalous units
** generated by xtlvr2plot

Anomalous units

x-cutoff
y-cutoff

@.e01
0.002

Good leverage units

- Count : 2

- List : 20 5@
Bad leverage units

- Count : 2

- List : 10 4e
Vertical outliers

- Count : 2

- List : 30 6@

Note: Units 10 and 40 are set to be bad leverage units; units
20 and 50 good leverage units; units 30 and 60 vertical out-
liers.
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xtlvr2plot

Note: Units 10 and 40 are set to be bad leverage units; units 20 and
50 good leverage units; units 30 and 60 vertical outliers.
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xtlvr2plot  vslvr2plot

Note: Units 10 and 40 are set to be bad leverage units; units 20 and 50 good
leverage units; units 30 and 60 vertical outliers.
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In uence analysis: Overview

I How anomalous units may a ect the LS estimates

1. Joint in uence

2. Joint e ects

3. Conditional in uence
4. Conditional e ects
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In uence analysis: Joint in uence

I Fori6j,
cj()y= b by, °g% b by (k) *
where b(i;j y iIs WG estimator w/t units i andj, s is RMSE, K is #covariates

I In uence exerted by a pairi(j) on LS estimategointly
I Comparison of LS estimatesith and without the pair
L cy(d)=c; (P

L Ci (D) F(12)
where ;= k+1land ,=NT N (k+1)
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In uence analysis: Joint in uence

I Fori=j,
Ci(h= b Dby "x% b by (sk)*
where b(i) is WG estimator w/t unit i

I i's inuence on LS estimatesas in Belotti and Peracchi (2020))

L Ci(b)y F( 1 2)
where ;= k+1land ,=NT N (k+1)
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In uence analysis: Joint e ects

| Forisij,
-G ©)
! Ci (P)

I How much the pair is in uential wrt i
I FOI’i:j,K“izl
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In uence analysis: Joint e ects

| Forisij,
-G ©)
! Ci (P)

I How much the pair is in uential wrt i
I FOI’i:j,K“izl
| For large values oKj;;

I The most in uential unit (j) alters the e ect of the least (i)

I j either enhances or reduces the e ect df on the LS estimates
) based on the conditional e ect
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In uence analysis: Conditional in uence

Fori 6 j,
]
" !

0
Cigy(by= DByy By, Rin%ia  Pay By (k) *

i=1
i6]

I In uence exerted byi on LS estimates withoutj in the sample
I How the absence of aects the inuence i on LS estimates

I Cig)(Py=0 fori=j

I Cigy(P) 6Cii(P)

L Cigy(B) F( i 2)
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In uence analysis: Conditional e ects

I Fori6j A
_ Gign(M)
Mia) = Ci (P)

I How in uence of i changes before and after the deletion gf
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In uence analysis: Conditional e ects

I Fori6j
Mois = Cigy(b)
i) ~ b
Gi (D)
I How in uence of i changes before and after the deletion gf

I |fMi(j) 1

I inuence of i increases withoutj in the sample
I j masksi
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In uence analysis: Conditional e ects

I Fori6j
Ci(j)(b)

My = Y/
) Ci (b)

I How in uence of i changes before and after the deletion gf

I |fMi(j) 1

I inuence of i increases withoutj in the sample
I j masksi

I |fMi(j)< 1

I in uence of i decreases withouj in the sample
I j boostsi
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xtinfluence : Syntax

xtinfluence  { In uence analysis for panel data displaying the measures and
e ects of unit j against uniti. The size of the symbols is proportional to the
magnitude of the calculated measures.

xtinfluence  depvar [indepvar ] [if ] [in] [, options ]

options

fig ure( graphtype )

graph_opts
saving( filename )

Saved data sets
filename _adj _mtx.dta

Annalivia Polselli

display diagnostic plots likegraphtype allows for
the choice betweerscatter plot or heat plot;
default is scatter

graph options allowed forscatter and heatplot
save .dta and .pdf le with the speci ed name
and location

Automatically saves a data set with the in uence
measures and e ects generated by the command
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xtinfluence : Example

**Use of the xtinfluence command
xtset id t

** Heat plot

xtinfluence y x, figure(heat)
keylabels(all, interval) color(RdBu, reverse)
lev(30) statistic(max)
xlabel(5(10)100, angle(h) labsize(small))
xmtick(##10) xmlabel(##2, angle(h))
ylabel(5(10)100, angle(h))
ymtick(##10) ymlabel(##2, angle(h))
saving("xtinfluence_heat")

** Scatter plot

xtinfluence y x, figure(scatter)
xlabel(5(10)100, angle(h) labsize(small))
xmtick(##10) xmlabel(##2, angle(h))
ylabel(5(10)100, angle(h))
ymtick(##10) ymlabel(##2, angle(h))
saving(“xtinfluence_scatter")
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In uence analysis: Summary table



filename _adj _mtx.dta

The saved data set resembles a directed and weighted adjacency list
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In uence analysis: Heat plot
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In uence analysis: Scatter plot
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Conclusion

I The proposedstata commands allow to
1. Identify anomalous units and their type (unit-wise
leverage-vs-residual plot)

2. Investigate how anomalous units may a ect the LS estimates (joint
and conditional in uence and e ects)

I Once identi ed the type of anomaly in the sample

1. Methods for measurement error if error in the data entry

2. Robust estimation techniques if VO and Bl(Bramati and Croux,
2007; Verardi and Croux, 2009; Aquaro andGek, 2013, 2014; Jiao,
2022)

3. Jackknife-type standard errors if GliMacKinnon and White, 1985;
Davidson et al., 1993; MacKinnon, 2013; Belotti and Peracchi, 2020;
Polselli, 2022)
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Thank you for your attention!

B annalivia.polsellijatlessex.ac.uk
¥ https://github.com/POLSEAN/Influence-Analysis
7 @AnnalivPolselli
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