Dynamic Effects of Store Promotions on Conversion Fraction:
Expanding Technology Applications with Innovative Analytics
FAPESP Thematic Project Workshop 2026, Sao Paulo, Brazil

Ignacio E. Inostroza-Quezada, Leonardo D. Epstein,
School of Business and Economics, School of Business and Economics,
Universidad de los Andes, Universidad de los Andes,
Santiago, Chile. Santiago, Chile.
(iinostroza@uandes.cl) (lepstein@uandes.cl)

Ronald C. Goodstein, S. Chan Choi,
McDonough School of Business, Rutgers Business School,
Georgetown University, Rutgers University,
Washington DC, USA. Newark, New Jersey, USA.

(goodster@georgetown.edu) (chanchoi®@business.rutgers.edu)



Table of contents

Overview

The essential: A counterfactual approach for conversion fractions
Advantages of our approach relative to prior research

An application: an initial description

The Model and Approach

Application: Results
Estimated model for conversion counts
Prediction distribution of the promotion effect

Summary, contributions, and next steps
Summary and contributions
Ongoing research (next steps)

0/23



Table of contents

Overview

0/23



Overview
» Managers conduct marketing activities (e.g., price promotions, store-front signage).

» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

1/23



Overview
» Managers conduct marketing activities (e.g., price promotions, store-front signage).

» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

1/23



Overview
» Managers conduct marketing activities (e.g., price promotions, store-front signage).

» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

1/23



Overview
» Managers conduct marketing activities (e.g., price promotions, store-front signage).

» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

1/23



Overview
» Managers conduct marketing activities (e.g., price promotions, store-front signage).

» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

1/23



Overview
» Managers conduct marketing activities (e.g., price promotions, store-front signage).

» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

1/23



Overview

» Managers conduct marketing activities (e.g., price promotions, store-front signage).
» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

A

—

1/23



Overview

» Managers conduct marketing activities (e.g., price promotions, store-front signage).
» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

A,

—

1/23



Overview

» Managers conduct marketing activities (e.g., price promotions, store-front signage).
» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

XS

—

1/23



Overview

» Managers conduct marketing activities (e.g., price promotions, store-front signage).
» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

bELFY

—

1/23



Overview

» Managers conduct marketing activities (e.g., price promotions, store-front signage).
» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

ASRAN]

—

1/23



Overview

» Managers conduct marketing activities (e.g., price promotions, store-front signage).
» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):

bEL Y

—

1/23



Overview

» Managers conduct marketing activities (e.g., price promotions, store-front signage).
» Effect of a price promotion on store performance.

» Decomposition of store performance (Lam et al., 2001):
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Stochastic processes of interest:
number of visits,
» number of conversions, conditional on the number of visits, and

average ticket size, conditional on the number of conversions.
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» Decomposition of store performance (Lam et al., 2001):

{Store Sales} = {Conversion Counts} x {Average Ticket Size}
= {Number of Visits} x {Conversion Fraction} x {Average Ticket Size}

» Main questions: What is the effect of a promotion on the. ..

» .. number of visits?
» ... conversion fraction?
P ... ticket size (i.e., customers’ expenditure)?

» A promotion may affect differently each one of these components.

» Focus of this talk: Effects of a promotion on
i) conversion counts and ii) conversion fractions, based on

’{Conversion Counts} = {Number of Visits} x {Conversion Fraction}‘
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Overview

» How can one measure the promotion effect on
i) conversion counts and ii) conversion fractions?
= Measure each store performance component relative to its corresponding baseline
(Abraham and Lodish, 1990).

> Main challenge: Baselines for these store performance components are not available.

» Obstacles along the way: How does one. ..

» ... build these baselines?
» ... predict the promotion effect (and its variability) on these store performance
components in any specific time-band within a day?
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More refined assessment of predicted pro-
motion effects.

“Marketing action" covariates are not ne-
cessary.

Perdikaki et al. (2012): pointwise estima-
tion of the effect of store traffic on aggre-
gated conversion fraction on each day.

Predictions of promotion effects and their
uncertainty on conversion fraction, during
the promotion period.

More refined assessment of predicted pro-
motion effects.
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Source: FollowUp-Chile, from sensors placed at the store entrance and from cash registers.

6/ 23



An application: an initial description

Number of Visits and Conversions

(]
2 _
(']
ol —— Number of Visits
o o O
- ]
e £
[
PN 5
E T v
m C
23
@6 8
Sg 2
G
5 ©
O o _|
[= [T'e]
=
z
o J
I /‘: A}I T1
~ )
o NS &
. ¥
Time-band b, day t i

Source: FollowUp-Chile, from sensors placed at the store entrance and from cash registers.

6/ 23



An application: an initial description

Number of Visits and Conversions

2 § | —— Number of Visits Max Number of Visits: /

@ 8 4 —— Number of Conversions } Oct 28 = 422; Oct 29 = 480

£e ¥ g

Il JIJIJIJ ! HIJIIIM JMW ;Nllﬂ JH‘ [ M thlﬂ,‘mMIMIJM.JUM.M,m
+* Ti n%{i a?‘n\fb, dayt &

Source: FollowUp-Chile, from sensors placed at the store entrance and from cash registers.

6/ 23



An application: an initial description

Number of Visits and Conversions

2 E —— Number of Visits Max Number of Visits: /
% § —— Number of Conversions g Oct 28 = 422; Oct 29 = 480
£s S
2 : HI” “.']J‘UIJW HJ““'JHIMH“ "'J IHMM "Id .“JUIM IU,JH,HI,‘_JHIJ ]MI] “‘fJ'JII‘m'IIJ‘IJIAJIIMIdu‘,m
@@\“I s“\él @go,' @»99 |
Time-band b, day t o

7/23



An application: an initial description

Number of Visits and Conversions

250

2 —— Number of Visits Max Number of Visits: /
% . § —— Number of Conversions g Oct 28 =422; Oct 29 =480
§ i HI” “.']J‘UIJW HJ““'JHIMH“ "'J IHMM "Id .“JUIM IU,JH,HI,‘_JHIJ ]MI] “‘fJ'JII‘m'IIJ‘IJIAJIIMIdu‘,m
@6\\' &“{d v"go; f\?’él
Time-band b, day t o

> Study period: May 1, 2016, to Oct 29, 2016 (i.e., 182 days for the analysis).

7/23



An application: an initial description
Number of Visits and Conversions

2 E ] —— Number of Visits Max Number of Visits: /

% . § i —— Number of Conversions E Oct 28 = 422; Oct 29 = 480

2 : : m” J]JUIJJUJ1|JIMJ“| “ﬂd“J’LJh“ “Auid.“ MH“HﬂthJﬂd‘h””Hhimduhudm,AJMkhuuMh
@6{\ Ti n%i aﬁil, dayt OG{"

> Study period: May 1, 2016, to Oct 29, 2016 (i.e., 182 days for the analysis).
> t:dayindex, t € {1,..., 182}, where

» Pre-promotion period: from May 1 to Oct 27, t € {1, ..., 180}

> Promotion period: Oct 28 and Oct 29, t € {181, 182}

7/23



An application: an initial description

Number of Visits and Conversions

2 E ] —— Number of Visits Max Number of Visits: /

@ § i —— Number of Conversions g Oct 28 = 422; Oct 29 = 480

B2 & S

2 : : m” J]JUIJJUJ1|JIMJ“| “ﬂd“J’LJh“ “Auid.“ MH“HﬂthJﬂd‘h””Hhimduhudm,AJMkhuuMh
@6{\ Ti n%i aﬁil, dayt &

> Study period: May 1, 2016, to Oct 29, 2016 (i.e., 182 days for the analysis).
> t:dayindex, t € {1,..., 182}, where
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> Promotion period: Oct 28 and Oct 29, t € {181, 182}
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> We excluded from the analysis days from July 27 to Aug 3 because of sensor

malfunction.

» b: time-band index in a day.
This application uses 11 one-hour time-bands per day:
[10:00; 11:00), [11:00; 12:00), [13:00; 14:00),..., [20

:00; 21:00].
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For the time-band b on the day ¢,
» v; p: number of visits,
» ¢; p: number of conversions and
» pi b = Ct p/ Ve p: cOnversion fraction.

Ce bl Ve b; pE’C,)J} ~ Binomial(vg, p; pgfg)l with

Iog|t(pt ﬁo + ﬁ xgci.
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» Study the variability of the effect of a promotion on each of these components
through the prediction distribution.
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Estimated model for conversion counts

For each time-band b of day £, with b > 1, the estimated model for conversion counts,
conditionally on visit counts, is
. a(0) ~ Bi ial . a(0)
Ce, bl Ve, b; Pt,b} inomial(ve, p; Py ).
where Iogit(/“)g’cl)) is a function of
» 0/1-dummy variables for

> the one-hour time-band of a day (TB):
[10:00; 11:00), [11:00; 12:00), [13:00; 14.00),. .., [20:00; 21:00],
» the day of a week (D): monday,. . ., sunday,
» the week of a month (W): 1st,..., 6th,
» the month of a year (M): may,. .., october,

» TBxD, and WxM.
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Observed, estimated, and pointwise prediction of
conversion counts (¢ )
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Observed and pointwise prediction of
conversion counts (c; ) during the promotion
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Observed and pointwise prediction of
conversion counts (c; ) during the promotion

Conversion Counts in Oct 28 Conversion Counts in Oct 29
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Predicted promotion effects on
conversion counts (c; ) during the promotion

Predicted Promotion Effect on Predicted Promotion Effect on
Conversion Counts in Oct 28 Conversion Counts in Oct 29
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Observed, estimated, and pointwise prediction of
conversion fractions (p; )
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Observed, estimated, and pointwise prediction of
conversion fractions (p; )
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Observed and pointwise prediction of
conversion fractions (p; ;) during the promotion
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Observed and pointwise prediction of
conversion fractions (p; ;) during the promotion

Conversion Fraction in Oct 28 Conversion Fraction in Oct 29
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Predicted promotion effects on
conversion fractions (p; ;) during the promotion

Observed minus Predicted
Conversion Fraction at time-band b

Predicted Promotion Effect on
Conversion Fraction in Oct 28

o

2.

w

(=

o

o

(=

o

w

(=

Q

o

‘:Ii_ T T T T T 1
@‘\ @‘\ @‘\ @‘\ S & & @‘\ @‘\ S &
S &S o T $ T et T T

TEIEFFEETTEESE

Observed minus Predicted
Conversion Fraction at time-band b

Predicted Promotion Effect on
Conversion Fraction in Oct 29

o

2

w

(=

o

o

(=

o

w

(=

Q

o

Cli_l T T T T T T T 1
@‘\ @‘\ @‘\ S & S & @‘\ @‘\ S &

S &S T e et e T T

TEIEFFEETTEESE

16 /23



Table of contents

Application: Results

Prediction distribution of the promotion effect

16 / 23



Prediction distribution of the promotion effect

» Important questions: What is the variability of the promotion effect on

» conversion counts, and
» conversion fractions

in a specific one-hour time-band?

17 /23



Prediction distribution of the promotion effect

» Important questions: What is the variability of the promotion effect on

» conversion counts, and
» conversion fractions

in a specific one-hour time-band?
» Prediction distribution: Distribution of the predicted effects of the promotion on
conversion counts and conversion fractions.

17 /23



Prediction distribution of the promotion effect

» Important questions: What is the variability of the promotion effect on

» conversion counts, and
» conversion fractions

in a specific one-hour time-band?

» Prediction distribution: Distribution of the predicted effects of the promotion on
conversion counts and conversion fractions.

» With bootstrap (Efron and Tibshirani, 1994), we use 10000 replicates to estimate
prediction distribution.
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Prediction distribution of conversion counts (c; )
during the promotion

Conversion Counts in Oct 28 Conversion Counts in Oct 29
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Prediction distribution of conversion counts (c; )
during the promotion

Conversion Counts in Oct 28 Conversion Counts in Oct 29
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95 %-prediction intervals are based on 10000 bootstrap replicates.
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Prediction distribution of the promotion effect
on conversion counts (c; ;) during the promotion

Predicted Promotion Effect on Predicted Promotion Effect on
Conversion Counts in Oct 28 Conversion Counts in Oct 29
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Prediction distribution of the promotion effect
on conversion counts (c; ;) during the promotion
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Prediction distribution of conversion fractions (p; )
during the promotion
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Prediction distribution of conversion fractions (p;, ;)
during the promotion
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Prediction distribution of the promotion effect
on conversion fractions (p;, ) during the promotion

Predicted Promotion Effect on Predicted Promotion Effect on
Conversion Fraction in Oct 28 Conversion Fraction in Oct 29
2 o = Pointwise predicted effect 2 o = Pointwise predicted effect
o £ T = _
o6 o o6 o
29 29
o0 o ow O
8L o BE o
O O
w o~ [Ty w o~ [Ty
28 3 28 3
Eg Eg
gL 8 T 8
55 ° 55 °
o® o®
o2 o2
C C
S e S e
S e e e e e e e e e B e e G e
\K@ P\{V@ r\“&@ \559 rf-"@ \‘5@ r(‘@ \‘5@ ,\q@ s q:\@ \K@ P\{V@ r\“&@ \559 rf-"@ \‘5@ r(‘@ \‘5@ ,\q@ {‘9@ q:\@
& & & FHF & & & & & & & & & & FHF & & & & & & &
TEIEFFEETTEESE TEIEFFEETTEESE

21/23



Prediction distribution of the promotion effect
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P that does not use a “marketing action” covariate (Ando, 2008).

» Our approach uses data outside the promotion interval to build a counter-factual
predicted baseline for conversion counts, and their corresponding conversion fractions,
during the promotion. This baseline assumes that the promotion has not taken place.

» Advantages of our approach:

» promotion effects on conversion counts, and their corresponding conversion fractions, are

easier to understand and
» provides valuable information for workforce management.
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Ongoing research (next steps)

Use

our approach to

examine promotion effects on the three store performance components Lam et al.
(2001) identified: i) visit counts, ii) conversion counts, and iii) the average ticket size,

examine lead effects of promotions on store performance components
(Doyle and Saunders, 1985),

compare effectiveness of different marketing actions implemented at the same store
(e.g., clearance promotions and in-store demonstrations), and to

decompose the total effect of a marketing action on store performance components
with customer-level data.
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Computing the number of visits per time-band

> We divide each day in the dataset into B time-bands of the same length.
» For each time-band b on day t, with be {1, 2,..., B},

> A: »: number of people who arrive to the store,

E; »: number of people who exit the store,

Ct. . number of people who convert,

ng, , : number of visits, i.e. the number of people who stay in the store during the

time-band, and

» O p = max{ns p — E¢ p; 0}: number of people who remain in the store at the end of the
time-band.

» For each day t in the dataset, we observe {A¢ p}, {E: b}, and {c; p}, for all b.
We use {A¢ b}, {Et b}, and {ct p} to compute {n; p} for all b.
» For each day t,

> n.p>cp forallbed{l, 2,..., B}, and
» nobody remains in the store at the end of the B-th time-band.

vYyy

» Therefore, for all t, we use n; p = max{cs, p; ¢+ b} Where

At b if b=1,
¢i‘,b: At‘,b+ot‘,b*1 |fb€{2,3,,8—1},and
E: b ifb=B.
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Model diagnostics

> For each store sales component, we use quantile residuals to check the adequacy of the
respective model.

» If the model is adequate, quantile residuals are approximately distributed as standard
normal (Dunn and Smyth, 1996).

> For each model, we examine

histogram of quantile residuals,

quantile-quantile (Q-Q) plot of quantile residuals,

estimated autocorrelation function of quantile residuals,

plot of quantile residuals vs fitted values,

histogram of quantile residuals per one-hour time-band on a day,

histogram of quantile residuals per day of the week,

histogram of quantile residuals per week of the month, and

histogram of quantile residuals per month of the year.
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Diagnostics in the model for conversion counts

Histogram of quantile residuals
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Diagnostics in the model for conversion counts

Quantile-quantile plot of quantile residuals (including a 95 %-confidence band)
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Diagnostics in the model for conversion counts

Estimated autocorrelation function of quantile residuals
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Diagnostics in the model for conversion counts

Histogram of quantile residuals per one-hour time-band on a day
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Diagnostics in the model for conversion counts

Histogram of quantile residuals per day of the week
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Diagnostics in the model for conversion counts

Histogram of quantile residuals per week of the month
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Diagnostics in the model for conversion counts

Histogram of quantile residuals per month of the year
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Statistical inference

p-values based on likelihood-ratio tests

For Iogit(pgyc[))) in Binomial( vy, p; pgcl)))

’ Variable \ p-value ‘

B 1
D 1
W 1
M 1

TBxD 2.259973-10°°
WxM 0.003106045
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