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Abstract — This paper investigates the preference between real-time locational targeting and discount depth and how these
factors influence consumer purchasing behavior in mobile marketing. We experiment with the context of the location
(focal, competitive, benchmark), the timing (real -time vs. delayed) and the discounting depth (low, medium, high) using
a 3 x 2 x 3 factorial field experiment with 36,000 observations. Causal effects are identified using random assignment,
difference-in-differences estimation and triple differences regression. Results show significant locational targeting effects
especially in competitive locations when combined with deeper discounts. Discount response curves vary significantly
across locations, showing diminishing returns to focal locations as well as threshold effects in competitive situations. The
findings provide useful information for mobile pricing strategies at the location level.

Keywords — Mobile Marketing, Locational Targeting, Discount Depth, Factorial Experiment, Difference-In-Differences,
Price Elasticity.

I.  INTRODUCTION
The rising application of smartphones and the development of mobile accessibility to the web contribute to the growth of
context-aware technologies, such as location-based services (LBS). When location data is used, LBS provide data on the
surroundings (e.g., restaurants, retailers, and shops) of mobile internet consumers. Thus, these context-aware technologies
are a vital instrument for researches and companies alike.

In [1], scholars focus on mobile promotions, which is a dual-way/multi-way marketing and communication between the
firm and its clients, using mobile technology, devices, or medium. Since it integrates dual-way/multi-way communications,
mobile promotions are majorly engaging in nature, and can include mobile advertising, customer support, as well as related
relationship-growing operations. These operations are becoming increasingly significant in the transformative organizational
landscape. Literature on mobile business has addresses the significance of technology in enhancing the rise of mobile device
transactions [2]. However, literature concerning mobile promotions is still in its infancy stage.

Mobile promotion campaign often targets potential customers by using their physical locations, real-time weather, and
time of data to enhance the efficiency of their campaigns. These quantifiable insights are a significant advancement compared
to offline (traditional) marketing approaches. Evaluating the novel features of mobile internet consumption, such as when
and where users respond to location-based marketing, assists businesses and research to answer managerial questions related
to context-aware marketing campaigns, enhancement of mobile promotion, and selection of oftfline redemption points [3].

Local-based promotions on mobile phones have a significant history connecting to the advent and development of
location-monitoring devices and technologies. Mobile devices are highly customized and significant personal
communication instruments, and many users keep them closely and within reach. These devices have allowed users to
ubiquitously access digital data, anywhere and anytime, which shows that mobile devices allow advertisers to reach
consumers directly and continuously.

Due to the fact that consumers used these devices to conduct many activities, beyond just texting or talking, marketers
also have novel opportunities that target their engagements. Many users access the internet using mobile devices, and access
mobile apps, most of which have mobile promotion content. Currently, social media platforms, such as YouTube, Twitter,
and Facebook attract many consumers who access platforms using their mobile devices, these sites provide significant
insights for marketers, due to their tremendous analytics capacity [4].
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Considered as part of the contextual promotion market, LBMA (location-based mobile advertisement) services were
worth more that USD 40 billion in 2020, and that amount is expected to double by 2030 [5]. These services provide
significant insights to promoters, which are vital for i) addressing customers directly, ii) reaching users in a particular
geographical area identified as target audience, iii) delivering real-time advertisement content, iv) personalizing
advertisement, and v) replacing or changing message whenever needed.

This paper aims at establishing the interaction between real-time mobile targeting and physical location and depth of
discount to influence purchase decisions. Through a combination of experimental design and elasticity analysis, the research
can be strong enough to make location-specific promotional optimization in a mobile retail setting. The remainder of this
research has been organized in the following manner: Section II provides a background analysis of mobile market research
as well as LBMA literature. In Section III, we describe our experimental design, which integrate treatment manipulation,
purchase measurement, and analytical model. Section IV discusses our findings, which begins with reviewing the
assumptions related to the availability of instantaneous targeting impacts. Lastly, Section V concludes our findings and
highlights the strategic significance of real-time locational targeting for mobile promotions.

II. BACKGROUND ANALYSIS
Mobile marketing research shows that the context in which users are exposed to mobile advertisement significantly affects
their behaviors. As shown in Table 1, most literature in this area focusses on the wider contextual spectrum, which impacts
all users available in a particular location within a specific timeframe. For instance, Park, Shenoy, and Salvendy [6] highlight
that mobile advertisement received on a sunny day is generally more effective than those received during the rainy season.
Matsumoto and Hidaka [7] also found out that consumers traveling in a crowdy subway trains are significantly more probable
to respond to mobile advertisement offers compared to those travelling in less crowded trains.

LBS describe services that are improved with and rely on data related to the location of mobile devices. This type of data
is irrelevant if it is presented verbatim. It should be correlated with some form of services. LBS focus on supplying users
with necessary services with customized data according to their location.

Personalized advertisements are related to offers and coupons send to potential consumers on their mobile devices based
on various forms of targeting. These integrate the employment of display ads and mobile banners, as well as ad
personalization displayed in every user. Lastly, mobile-led-channel impacts relate to the effect of mobile device and app
usage displayed to every user. In addition, mobile-led cross-channel impacts relate to effects of mobile device and app usage
on both offline and online channels. In Fig 1, we illustrate the broad dimension of these three critical development areas of
mobile promotion research.

Table 1. Summary of Chosen LBMA Literature.

Promotion Behavioral Behavioral

approaches .
Type measured targeting

Field Movie Price Competitive
. Out-store . - - .
experiment theaters promotion location-based
promotion is
effective,
whereas focal
location-based
Kendrick [8] Field . . one produced
Movie Price
surveys & Out-store . v - poor results,
: theaters promotion 8 LIRS
experiment highlighting
saturation
effects ad
income
cannibalization.
Rivalry
enhances the
profitability
level of
. . . . behavioral
Qi, Yao, and Field Movie Price
Fan [9] experiment Out-store theaters promotion ) ) content
targeting, while
organizations
face symmetric
pricing
motivations

Ref. Approach Location Setting Summary
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that eases
competition.
In case a
mobile coupon
is produced in
the most
convenient area
(near the store
providing it),
within a shorter
expiry period
Khajehzadeh, and large
Oppewal, Longitudinal Out-store Movie Price ) - discount, it is
and Tojib field study theaters promotion more likely to
[10] be used; a
collective offer
results to
higher rate of
redemption
compared to
pricing formats
(amount or
percentage
discounts).
Location (in
which
advertisements
are received
near the
product) is the
most
significant
value measure
and enhances
customers
purchasing
intentions
whereas
personalization
(advertisements
targeting the
user) is the
second more
significant, and
pricing
promotion (no
discount vs.
30% discount)
is least
significant.

Shamdasani, Price &
Stanaland, Experiment In-store Wine non-price v -
and Tan [11] promotion

In case a consumer is sensitive to uncertainties about a brands’ qualities, consumers will be more concerned with quality
uncertainties. In that regard, uncertainties may decrease price sensitivity, which defines price-searching behaviors.
Nonetheless, in case consumers are insensitive to uncertainties about a brands’ qualities, uncertainty may potentially increase
price sensitivity (price-repugnance behaviors). This notion can be extended to all forms of brand qualities and positioning
data, such as horizontally segregated product qualities. Therefore, whenever there are uncertainties about a specific product
quality, these uncertainties may impact consumer price sensitivities [12].

In addition, the impact of uncertainties on pricing sensitivity may be controlled by consumers’ sensitivity to uncertainties.
Therefore, product cluster-based factors that impact uncertainty levels, for instance whether a product is experience or search
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good, as well as factors, which impact sensitivity level of these uncertainties, such as engagement, are projected to impact
brand credibility influence on consumer price sensitivity.

Mobile Marketing
|
| | |
Targeted Mobile Personalized Mobile-led Cross
Promotions Mobile Advertising Channel Effects

|| Locational Mobile Display Cross-Device l Mobile's Impact in

Advertising Implications Other Channels
|| Temporal OSptlmal Ad

equence
L Personalized
— Contextual Recommendation
Systems

Fig 1. Recent Mobile Marketing Advancements.

III. EXPERIMENTAL DESIGN
This study examines the impact of locational targeting and discount depth provided in real-time environment for mobile
marketing and its effect on consumer purchasing behavior. Participants were recruited from active users of the retailer's
mobile application who provided consent to be tracked by the application in terms of their location. The experiment used a
3 % 2 % 3 factorial design where three location types were used (focal, competitive, benchmark), two targeting conditions
(targeted vs. nontargeted), and three levels of discount (low, medium, high) (see Table 2). Use of a random assignment
ensured balanced allocation of cells, and the elimination of selection bias in order to allow for causal inference.

Table 2. Results of the Factorial Design and Sample Distribution

Location Type Targeting Condition Discount Depth Observations per Cell
Low 2,000
Targeted Medium 2,000
High 2,000
Focal Low 2,000
Nontargeted Medium 2,000
High 2,000
Low 2,000
Targeted Medium 2,000
. High 2,000
Competitive Low 2.000
Nontargeted Medium 2,000
High 2,000
Low 2,000
Targeted Medium 2,000
High 2,000
Benchmark Low 2.000
Nontargeted Medium 2,000
High 2,000

The total observed data comprised 36,000 observations, which was high enough to ensure that we had enough power to
detect small-to-moderate effect sizes. The entire experiment procedure is described in Fig 1, where the procedure has been
illustrated by describing the process of recruiting the individuals, randomly allocate the individuals to the experiment,
manipulating the treatment and analyzing the results.
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Purchase Measurement and Treatment Manipulation
The participants in the targeted condition received mobile promotional stimuli in real time when near their specific
destinations and those in the non-targeted condition were offered the same offers with time lag.

The purchase outcome variable, which is referred to as Y; ; x, is formally defined in Eq. (1).

Y. — {1 if participant i purchases at location j under discount k, )
Bk o otherwise.

Participant Recruitment

Consent & Fligibility Screening

&

Random Assignment

Focal Competitive Benchmark
Location Location Location

Random Group Allocation

¥ v ¥

[ Focal Location } { Competitive Location J [ Benchmark Location ]

; Random Group Allocation Q
L 4

Targeting Manipulation

Targeted Non-targeted
Real-Time Message Delayed Message

Send Mobile Promotion
J J,L

[ Low Discount ] [ Medium Discount J [ High Discount J

|, Purchase Measurement |

| Track Purchase Behavior ’

+
Data Verification & Cleaning

e Geolocation Check
+ Time of Day Control
* Data Cleaning

L
Analysis & Results

o Calculate Targeting Effect
# Measure Discount Sensitivity
* Run Regression Analysis

Fig 2. Breakdown of the Experimental Procedure.

The difference-in-differences model that was used to measure the locational targeting effect (LTE) was calculated using
Eq. 2).

LTE; ;. = (Y = V7)) = (Vi — Vaira) (2)
In which T and NT are used to represent the targeted and nontargeted population, and BM is used to represent the

benchmark location. In order to expand this framework to several discount levels, we introduce a weighted locational
targeting effect given in the form of the Eq. (3).

LTEY = 35, wy - LTE, 4, wy = —g 25— N

N.
k=1 Jik

where w;, represents the representation of the observations at discount k, this makes it possible to aggregate by discount
segments. The discount elasticity demonstrates as an arc elasticity based on Eq. (4).
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Eikuke _ AQjjeyea/Qjkiky _  Qikz=Qks Pky—Pky (4)

arc T APryka/Priky  05(QikytQk,) ! 0.5(Piyt+Pky)

where @, is purchases at location j under discount k, and Py, being the corresponding price. Arc elasticity was expanded
to interaction elasticity to measure locational differences using Eq. (5).

Juizkiks _ pivkiks J2.k1,k2
Eint - Earc - Earc (5)

which is a measure of the relative responsiveness between two locations for a given length of discount.

Analytical Model
We model the impact of targeting, location and depth of discount using a triple-difference regression in Eq. (6).

Yijk = Bo+ BT+ BoLy + BsDy + Ba(T; - Lj) + Bs(T; - Die) + Bo(L; - Di) 6
+B7(Ti - Lj - D) + ¢ ©

where T; is the targeted exposure, L; represents the location, Dy is the discount depth and ¢; is error term. The triple-
interaction coefficient betal measures the marginal effect of targeting at a particular location under particular discount that
offers the option of optimisation of pricing strategy depending on location.

To include cumulative discount effects, we form the definition for the discount adjusted predicted purchase probability
in Eq. (7).

sadj exp (M j k) _
Bl = Trsyonp o1 Mk = Bo + BiTi + oLy + BsDi+ B (Ti - Ly - D) (7

This SoftMax specification is significant so as to make sure that the projections of the various levels of discounts are
normalized and hence, adding to 1 per location in order to reflect the substitution effects. Fig 2 presents a distinct and well-
organized sequence of steps which have already been fulfilled to date, such as participant recruitment, random assignment,
targeting manipulation, discount allocation, purchase measurement, data check and analysis. The flowchart uses separate
branches in ways of differentiate targeted and nontargeted conditions and varying levels of discount, and the use of
directional arrows trace progression from treatment assignment to outcome measurement and analytical evaluation.

IV. RESULTS
In this study, we start with examining the assumptions related to presence of instantaneous targeting impacts. This is achieved
by assessing purchasing rate of both targeted and untargeted clusters at every discount depth and location. The purchasing
rate of each experimental cell is shown in Fig 3. The contrast between bars that have been labeled as targeted and untargeted
shows the effect of targeting in terms of discount depth and location.

010 Competitive Location Benchmark Location Focal Location
0.08 ] 1 1
b
& 0.06 1 ] 1
[}
w
z
0 0.04 4 : .
>
a
0.02 4 1 1
0.00- ! -
Low Medium High Low Medium High Low Medium High

I Nontargeted (delayed) [ Targeted (real time)

Fig 3. Targeting with Respect to Discount Depth and Location.

We assess such variations through manipulation with time, which is expected to affect consumers beyond the targeted
location. The competitive cluster showed that location-based targeting significantly affected high and medium level of
discounts. These variations support the assumption of the study, which posit that location-based targeting of consumers near
the company’s competitor can amount to increased marketing feedback.

Earlier research on mobile promotion has highlighted proximity to retailers’ location [13, 14, 15]. In this study, we begin
by providing rigorously managed evidence, which other possible target proximities represent instantaneous demand hotspots.
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The trend of feedback also indicate that competitive locational targeting should be integrated with increased discounts, which
we evaluate further in our analyses across discount depths and locations. It is important to note that the location-based
targeting is positively influencing the focal cluster at all levels of discounting. This observation is consistent with the previous
literature and has implications on the study of mobile marketing channel efficacy in real-time in view of the location-based

targeting.

Table 3. Location-Based Purchase Variations.

Discount Comparison Competitive— Focal- Focal-
Level P Benchmark Benchmark Competitive
High Targeted (A) L019%** (.009) 057*** (011) L038*** (011)

Dlfference‘m‘g‘)fferences (A- 031%%% (012) 062%% (013) | .031%%* (013)

Nontargeted (B) —012%* (.007) —.005 (.008) .007 (.007)
Medium Targeted (A) 010 (.007) L065*** (.009) L062%** (.010)
leference'm'g‘)fferences A= 017%%* (.007) 070%%* (.011) 060%** (011)

Nontargeted (B) —.007 (.004) —.005 (.004) .002 (.004)
Low Targeted (A) .005 (.004) L024%** (.006) L019%** (.006)
leference'm'g‘)fferences (A= .003 (.006) 026%** (,007) 018%** (,007)

Nontargeted (B) .003 (.004) —.002 (.004) .001 (.003)

**p< .05, ¥**p<.01.

Conversely, we did not find any difference in purchase rates of users in the benchmarking cluster because they were at
the same distance to all the theatre locations. This discussion provides a large degree of falsification scrutiny, that is, we
expect practically no variability, or at the most a weak one-time impact, in this cluster. The null impact could be recorded
from travel expenses; nonetheless, note that consumers within a competitive proximity face slightly increased travel expense.
We analyze the deficiency of a targeting impact for the standard location as indicating that where a customer decides to visit
that day (for instance, a shopping mall with 1 or 2 competitor movie theatres) is fundamental for location-based responses.

We also carried out a comparison of the level of impacts across different target proximities. According to our findings,
purchase rates are high in focal sites, then in competitive sites and finally in benchmarking sites. These results support the
hypothesis that the retailer will find an increase of demand within the competitive and proprietary locations; the expenses of
locational repositioning reduce the feedback effects in competitive locations.

In Table 3, we present the variations in buying rates based on location. Single variations represent the finding of two-
sample t-tests, in which the interaction (variation-in-variation analyses) are evaluated using linear regression. Every t-test
analyses the average feedback of two investigational cells (i.e., 2000 records). Every regression approximates the interactions
using 4 cells (i.e., 4000 records). We identify that the focal location amounts in increased buying rates compared to the two
other proximities, at all discounting levels. Despite the fact that the standardized location is near, its competitive proximity
produces increased buying rate, but only at an increased discount level. This finding is consistent with anticipations that even
though consumers in competitive and focal locations might have increased demands for retail goods, there are higher
switching expenses for consumers within competitive proximities.

Arrangement of impact sizes integrates both the overall buying rate within the targeted clusters (identified as “Targeted’)
and the buying portion characterized as location-based promotion using manipulation of time (identified as Var-in-Var).
Therefore, we characterize the variations in feedback to location-based targeting. Our finding is consistent with the
perspective that instantaneous mobile targeting enhances location-based switching expenses and provides more illustrations
that competitive location-based targeting needs to be compared with deep discounts. On the other hand, discrepancies
between purchase rates of delayed, untargeted clusters were created to be insignificant between dissimilar geographical
regions, regardless of the level of the discount (a rise in purchases was forecasted with high discount rates). This result
supports the fact that location-based targeting did not impose any selection biases which could jeopardize cross-regional
tests in the present study [16].

Later on, the interaction between location specific targeting volumes and response rates to different levels of discounts
is examined, and especially, we look at the higher discounts bands where structural differences could create pricing
incentives. In Fig 3, we have provided some highlights of consumer sensitivity regarding discount levels. Particularly, we
observe a stronger visual proof of diminished returns to discount level within focal proximities. In addition, we tested the
modulation of every curve by analyzing the variation in buying rate between medium and low discounts based on the
variations in buying rates between high and medium discounts, in every location. Positive approximation shows a high
variation with a convex response (discount depth). In Table 4, regression testing results have been presented to highlight the
impacts of differentiating the discount levels.

In regards to the consumers in focal proximity, the buying rate increases significantly between medium and low discount
levels, identified as M1. The buying rate does not indicate the same increase when analyzed from medium to high discount
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level (M2), and the Var-in-Var analyses show concave feedback to elevated discounts (M3). On the other hand, for
consumers within competitive proximity, the buy rate increases when shifting from medium to higher discount levels (M5),
compared to low levels of responsiveness when shifting from low to medium discount levels (M4). Var-in-Var analyses
highlight convex feedback to elevated discounts (M6). These high returns will normally result in high optimal discount levels
since it is more likely that enhancing discount levels will potentially enhance the speed of sold-out quantity to quickly offset
abridged margins.

Table 4. Regression Comparing Impacts of Varying Level of Discount

Triple- | Var- | Var-in- Competitiv | Competitiv Var- Focal Focal Focal
Grou Diff in-Var Var o Loga tion | e Loga tion in-Var | Locatio | Locatio | Locatio
P (M6-3 | (M6-2 | (M6-5) Low M6y |  Mids) | M2-1| nHigh | nLow | nMid
)M9) | ) (MY M7) ) (M4) M3) M2) M1
Sample |15 600 | 8,000 | 8,000 6,000 4,000 6,000 | 6,000 4,000 | 4,000
Size (N)
k% kekk
A-B ,,?‘51 _ | 015 | —032%*F | 011 (F= 028 %k .000 'Oéf _ ~012 011
*
730) | (012 | *(010) 63) (.005) (007) | 755, (014) | (010)
k% kokok
Targeted '26(17: " | o2arr | —0a3er | 023%*(F= | 031%* | 008 'O?Iff T 007 | 051w
*
(A) 130) | (012 | *(009) 4.62) (.005) (006) | g0 (013) | (.010)
k%
Nontargete ,,?2(; | 009 | -0t ot (B0 s | 008 | OIS (F | 019+ 040
d (B) 730) | (009 | (004) =106 | % (003) | =7.95) | (006) | (.004)

*p<.10. ¥*p<.05. ***p< .01.

Even though we observe the same trend in the benchmark location, the recorded convex response is not statistically
significant. In that regard, within the standardized location, there is significantly less anticipation of high returns to higher
discounts. Three more regressions compare the impacts of varying discount levels between competitive and focal locations.
Competitive locations indicate feedback with positive inflection rate comparative to focal proximities’ reduced returns
(tripled-variation evaluated in M9 to compare inflection in focal proximity with competitive proximity).

This is partly initiated by increased rate of feedback with shifting from low to medium discount levels within focal
proximity (M7). Nonetheless, an increased feedback rate when shifting from medium to high discount level within a
competitive proximity also contributes significantly to inflection variation (M8) [17]. The analyses will be based on the
variable feedback rates. Another measure of discount sensitivity is the elasticity of pricing that reflects proportional changes
in consumer demand.

We also estimate arc elasticity on the basis of pricing (where 1 was the level of discount) and it does not change the trend
of our results. Within the focal proximity, we recorded an elasticity of -3.2 shifting from low to medium levels of discount,
and -2 recorded from medium to high levels. However, the elasticities that were experienced in the competitive proximities
were -1.7 in transitions between low to medium segments and -2.2 in transitions between medium to high segments. An
elasticity bootstrap test of the differences in the elasticities produced a similar result, that of Model 9 which showed the
relationship between the low -to-medium -to-high elasticity in competitive vs. focal proximity had a 95 percent confidence
interval. The discount feedback curves go hand in hand with the increased diminishing marginal returns of saturated effects
or deep discounts that are evident in areas of focal proximities.

Contrarily, the high returns to high discounts at competitive proximities match the threshold impact, in which the discount
level should be deeper enough to wholly compensate customers for their location-based switching expenses. This variation
in feedback can establish an incentive for determining pricing [18]. A critical revenue analysis shows that short-range profit-
increasing standards are meant to offer higher discount depths within a competitive proximity, and medium discounts within
focal proximities.

V. CONCLUSION

We provide empirical evidence on strategic importance of real-time locational targeting for mobile marketing. By jointly
modeling the context of location, better targeting time, and discount depth, we demonstrate that promotional effectiveness
is strongly dependent on location. Focal locations show diminishing returns to deeper discounts, implying saturation effects
whereas competitive locations show increasing returns consistent with threshold compensation for switching costs. The lack
of targeting effects in benchmark locations is further evidence to validate the causal interpretation of the findings.
Methodologically speaking, use of difference in difference, triple differences regression, and elasticity analysis provides a
stronger inference and generalizability. Managerially, the results provide support for differentiated pricing policies that come
in the form of moderate discounts close to locations with many focal locations and deeper discounts close to competitors.
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