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Abstract. With the increasing availability of powerful large language models (LLMs), the 
generation of textual marketing content has become more accessible. In this research, we 
examine the potential to tailor an LLM for application to search engine advertising (SEA). 
That is, we develop and evaluate an “application layer” that sits on top of an open-source 
LLM to generate ad text “fine-tuned” to the SEA context. With a goal of maximizing clicks 
to improve online visibility in a cost per click (CPC) setup, we experimentally test our 
framework in two empirical settings. Our results demonstrate the superior performance of 
a human-in-the-loop generative artificial intelligence (AI) approach to advertising content 
generation compared with ads created by humans and standard LLMs. We show that our 
approach yields improved performance, but potentially incurs a higher CPC, making it 
necessary to balance content optimization and cost. Our research demonstrates the perfor
mance gains achievable through the development of tailored LLM-based applications. 
Using our framework, we also identify boundary conditions that appear to limit the bene
fits of using generative AI in support of SEA, offering substantive insights to both practi
tioners and researchers.

History: Olivier Toubia served as the senior editor. 
Supplemental Material: The online appendix and data files are available at https://doi.org/10.1287/mksc. 
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1. Introduction
Sponsored search engine advertising (SEA) is the digi
tal marketing workhorse and a critical component of 
firms’ marketing campaigns (Ghose and Yang 2009). 
Expenditures on search advertising are expected to 
exceed $129 billion in 2025 and account for nearly 30% 
of total media ad spending in the United States 
(Mitchell 2022). Ample research demonstrates that 
SEA can contribute to a brand’s standing in the mar
ket by improving online visibility, driving conversion 
rates, and increasing sales (e.g., Ghose and Yang 2009, 
Yang and Ghose 2010, Berman and Katona 2013, Nar
ayanan and Kalyanam 2015, Park and Agarwal 2018).

For a brand to gain visibility in a highly competitive 
SEA market (see, e.g., Choi et al. 2020 for an over
view), it must achieve prominent ad placements in the 
major search engines that are typically subject to real- 
time auctions (Sayedi et al. 2018). The amount that a 
brand bids for a set of keywords to be displayed for 
concurring users’ search queries is among the most 
important factors that contribute to higher search ad 
rankings (e.g., Skiera and Abou Nabout 2013, Fan et al. 

2019). Advertisers’ historic clickthrough rates, user 
interactions with the targeted landing page (LP; the 
page on the advertiser’s website to which the ad 
directs users clicking on it), and the ad content are 
important aspects that contribute to higher ad rank
ings (e.g., Im et al. 2016, Deng et al. 2018).

Although there is extant work on SEA bidding strat
egies (e.g., Skiera and Abou Nabout 2013, Balseiro 
and Gur 2019, Tunuguntla and Hoban 2021), limited 
research investigates how to improve the ad copy (i.e., 
the text of the ad). Prior studies focused on technical 
features, such as the fit of ads with corresponding LPs, 
keyword integration, or semantic ad relevancy (e.g., 
Fan et al. 2019). Others have examined perceptions of 
paid search ads and explore how this is linked to ad 
performance (e.g., Rutz et al. 2017, Yang et al. 2018).

Given the importance of ad copy in sponsored 
search rankings, firms and agencies heavily invest 
in producing ad content. They have also started to 
leverage automatic keyword generation and content 
matching (e.g., Fujita et al. 2010), using natural lan
guage processing and text summarization techniques 

123 

MARKETING SCIENCE 
Vol. 45, No. 1, January–February 2026, pp. 123–141 

ISSN 0732-2399 (print), ISSN 1526-548X (online) https://pubsonline.informs.org/journal/mksc 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
2.

13
5.

42
.9

2]
 o

n 
07

 M
ar

ch
 2

02
6,

 a
t 1

8:
25

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 

mailto:martin.reisenbichler@wu.ac.at
https://orcid.org/0009-0007-0128-9685
mailto:thomas.reutterer@wu.ac.at
https://orcid.org/0000-0003-1276-8239
mailto:dschweidel@emory.edu
https://orcid.org/0000-0003-2665-3272
https://doi.org/10.1287/mksc.2023.0611
https://doi.org/10.1287/mksc.2023.0611
https://doi.org/10.1287/mksc.2023.0611
ins
下划线

ins
下划线

ins
下划线

ins
下划线



(e.g., Kamigaito et al. 2021, Cogalmis and Bulut 2022) 
to take steps toward automating the production of ad 
content. With recent advances in large language mod
els (LLMs) in the style of OpenAI’s GPT (Generative 
Pretrained Transformer) series (Radford et al. 2019), 
we are on the precipice of a new era of machine- 
assisted content generation (Davenport and Mittal 
2022, Schweidel et al. 2023). Although there has been 
early research on marketing applications (Reisenbich
ler et al. 2022, Li et al. 2024), limited work has exam
ined how to write effective ad copy, how to evaluate 
“content optimality” for the search engine,1 and what 
the performance implications may be under varying 
situations such as interactions with the target LP con
tent or different SEA budget constraints.

We address this gap by introducing a human-in-the- 
loop, semiautomated framework for generating ad con
tent using a keyword-enriched LLM. Our approach is 
LLM-agnostic and builds upon research by incorporat
ing components relevant to SEA performance, includ
ing the textual content, the associated LP, and the 
expected bidding costs. We validate our approach and 
investigate potential moderating factors in two empiri
cal settings, conducting a series of sponsored ad cam
paigns with a local IT and software as a service (SaaS) 
provider and an internationally renowned business 
school, both of which use SEA to drive website visits. 
We benchmark the performance of our approach rela
tive to state-of-the-art LLMs (GPT-4 and Google’s Gem
ini), as well as an artificial intelligence (AI)-powered 
tool offered by the search engine. We also compare per
formance against content produced by conventional 
business practice and trained study participants.

Our research yields three important contributions. 
First, we show that today’s off-the-shelf LLMs do not 
excel at marketing applications without additional 
context being provided. We demonstrate the need to 
incorporate application-specific information into the 
generative AI to guide it toward achieving a particular 
objective. Such tactics, combined with a human-in-the- 
loop approach, can outperform both human writers 
and base LLMs such as GPT-4.

Second, this is the first study to examine systemati
cally how sponsored ad content optimization affects 
ad performance, including both its visibility and click 
performance in the search engine and its implications 
on bidding costs. We find that although optimized 
content drives ad performance, it may be accompanied 
by a higher cost, suggesting that content optimality 
and campaign costs need to be considered simulta
neously. We also demonstrate the potential to main
tain a high level of SEA performance (clicks and 
conversions) while simultaneously keeping the cost 
per click (CPC) low.

Third, we investigate boundary conditions on the 
use of generative AI to improve sponsored search ad 

performance. Probing the impact that budget constraints 
may have on performance, we find that AI-generated 
content performs well at both high and low budgets. 
However, our analysis suggests that efforts to improve 
both search ad and website copy using generative AI 
may have a limit.

We next position our research relative to the spon
sored search literature and discuss key drivers of SEA 
performance, as well as important factors to consider 
when applying LLMs in the SEA context. We then intro
duce our AI-supported approach to SEA content engi
neering. We evaluate the performance of our approach 
against both human writers and LLMs through an exten
sive set of field experiments. We close with a discussion 
on implications for SEA and marketing managers.

2. Content in Sponsored Advertising
Sponsored SEA is a well-established research area 
(e.g., Liu-Thompkins 2019 for an overview). Despite 
its practical importance, academic work on SEA con
tent is limited. Existing studies and guidelines (e.g., 
Ghose and Yang 2009, Google 2023) highlight ad text 
as a key performance driver, focusing on features like 
keyword use, word count (Rutz and Trusov 2011), 
information concreteness (Yang et al. 2018), calls-to- 
action (Schlangenotto and Kundisch 2016), and lan
guage relevancy (Grbovic et al. 2016, Fan et al. 2019). 
Using text-mining methods, Rutz et al. (2017) link tex
tual elements to ad perception and clicks. Yet, no 
framework exists for synthesizing these elements in 
engineering cost-effective SEA content. Inspired by the 
concept of “website morphing” (Hauser et al. 2009, 
Urban et al. 2014), our approach similarly aims to gen
erate ad text aligned with user search intent.

2.1. Key Components Relevant for SEA Content 
Engineering

Figure 1 offers an intuitive understanding of the rele
vant SEA environment. The search results are returned 
in response to a user’s query for the phrase “IT support” 
(referred to as the main keyword). Popular search 
engines display both sponsored ads, paid for by adverti
sers (upper part), and a ranked list of organic results 
(lower part) for the search query. When a user clicks on 
a specific advertisement, they are directed to the LP on 
the firm’s website that provides relevant information 
associated with the ad.

We next detail key elements of the SEA ecosystem 
that are attended to by SEA content writers and 
inform our generative procedure for sponsored search 
ad copy.

2.1.1. Keyword and Organic Search Result Alignment. 
Integrating focal search keywords into ads is essential 
for targeting relevant users (e.g., Rutz and Trusov 
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2011, Simester et al. 2020). Research in similar contexts 
(e.g., Liu and Toubia 2018, Timoshenko and Hauser 
2019, Liu et al. 2021, Shi and Trusov 2021) suggests 
that such effects can also be expected for the specific lan
guage featured in top-ranked organic web pages associ
ated with the main keyword. It is well-documented that 
alignment with organic search results and the searcher’s 
intent increases the ad’s relevance in the search engine’s 
algorithm, likely leading to a higher ad rank and 
improved performance (e.g., Ghose and Yang 2009, 
Ramaboa and Fish 2018).

2.1.2. Consistency with Landing Page Content. SEA 
professionals ensure consistent communication by 
aligning ad copies with the specific language and sub
keywords featured on the target LP to avoid discon
nect between ads and their corresponding LPs. This 
alignment reinforces the intended message, making 
the interaction more cohesive. The effectiveness of 
aligning ad copy with LP content is well-supported 
by SEA research (e.g., Ghose and Yang 2009, Yang 
and Ghose 2010, Goldfarb and Tucker 2011). How
ever, despite ample research on interactions between 
sponsored and organic search (e.g., Blake et al. 2015, 
Simonov et al. 2018), SEA research has not probed the 
potentially moderating effect of optimized LP content 
on SEA performance.

2.1.3. Ad-Specific Jargon and Language. Finally, prior 
research underscores the need for SEA content to 
embody typical linguistic structures (e.g., concise head
lines and descriptive texts containing specific phrases 
and abbreviations), resonate with consumer desires, 
and include “call-to-action” elements (e.g., Schlangen
otto and Kundisch 2016, Yang et al. 2018). Because of 
length restrictions and format requirements, sponsored 
ads need to consist of short, but informative, phrases 
(e.g., Rutz et al. 2017), posing a potential challenge in 
crafting content.

2.2. Language Models in the SEA Context
Prior research has seen successful applications of text 
analytic methods in the search space, as well as in 
marketing in general (e.g., Liu et al. 2019, 2021; Toubia 
et al. 2019). Historically, there have been various deep 
learning architectures to generate both textual content 
(e.g., Reisenbichler et al. 2022) and visual content (e.g., 
Dew et al. 2022). To date, generative models in SEA 
have been used to automate keyword generation (e.g., 
Fujita et al. 2010) or produce ad copy by summarizing 
the target LP (e.g., Kamigaito et al. 2021).

2.2.1. Content Engineering with LLMs in SEA. Recent 
years have seen the advent of pretrained transformer 
models such as GPT, Claude, or LLaMA (Large Lan
guage Model Meta AI) (e.g., Radford et al. 2019) that 
are trained on vast corpora of text, enabling them to 
generate content resembling human writing. How
ever, these LLMs are not tailored to a specific context 
such as paid search, nor are they designed with a 
business objective in mind. To adapt LLMs for SEA, 
practitioners may use model fine-tuning (i.e., retrain
ing a language model using examples from sources 
like paid search ads, LPs, or top-ranked organic con
tent). Fine-tuning with SEA-specific data can yield 
varied results depending on the source content 
because each source has a different writing style and 
structure—ads are short and persuasive, LPs are infor
mative, and organic content often aims for search 
engine optimization (SEO). Prompt engineering, a 
more flexible alternative (which we empirically assess, 
as described in Section 4.2) steers LLMs using tailored 
instructions, but relies on pretrained LLMs with their 
in-built objectives (e.g., generating human-like con
tent). As outlined below, we suggest an alternative 
approach, demonstrating the application of a class of 
language models (Dathathri et al. 2020) that facilitate 
the incorporation of data sources with various linguis
tic structures while maintaining a fine-grained control 

Figure 1. (Color online) Components of the SEA Environment Relevant for Content Engineering 
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over keyword integration when crafting digital mar
keting content (Radford et al. 2019).

2.2.2. Ad Campaign Costs and LLMs in SEA. Another 
challenge in leveraging LLMs for SEA pertains to pos
sible interactions between ad content, ad performance, 
and bidding cost (as visualized in Figure 1). Although 
better content can improve performance and Google’s 
proprietary quality scores (Agarwal et al. 2011), it 
may raise CPC due to auction dynamics and ad rank
ing. Abou Nabout and Skiera (2012) demonstrate that 
ads with improved quality scores reduce CPC only if 
the higher bid weighting does not improve the ad 
ranking. When ad ranks improve, better ad content 
increases SEA performance, but may also increase 
CPC because better-ranked ads are associated with 
higher bids in the second-price auction. In a similar 
vein, others have found that midranked ads are more 
profitable than top ones (e.g., Ghose and Yang 2009, 
Xu et al. 2011). In contrast, Google generally claims 
that better-optimized ads will reduce CPC (e.g., Goo
gle 2023). Therefore, an effective LLM-based workflow 
must flexibly account for both content optimization 
and CPC implications. Next, we elaborate on the com
ponents of such an AI-powered framework for SEA 
content generation.

3. A Semiautomated Workflow of SEA 
Content Engineering

Our framework integrates vital components used in 
creating SEA content and simultaneously accounts for 
the bidding cost. We summarize our approach in 
Figure 2.2

The process starts with an advertiser specifying the 
main or focal keyword for targeting (i.e., the search 
query for which the advertiser wants the ad to appear 
to a search engine user), KWmain, out of a set of target 

keywords for which the company intends to bid and 
the LP for the planned SEA campaign (I). This initiates 
a content crawling process (II), designed to identify 
associated (sub-) keywords and semantic language 
structures that are used by the top-ranked organic 
search results for KWmain and the target LP. The aim 
here is to ensure that the generated ad content is 
aligned with the online searcher’s information needs 
and consistent with the focal LP. We extract a list of 
the most frequently occurring (sub-) keywords embed
ded in the webpages of the top 10 organic results3

(KWtop10) and in the firm’s LP (KWLP). The derived lists 
of keywords are then represented as a bag-of-words 
(Toubia et al. 2019) that are converted into a keyword 
list to guide content generation (III). In addition to 
informing the generative process with content directly 
related to KWmain, we incorporate context-specific lan
guage into the LLM (IV) to ensure that the generated 
ad content reflects advertiser-specific sponsored ad 
standards, such as style, text length limitations, typical 
abbreviations, and SEA jargon like calls-to-action (e.g., 
“buy now”).

3.1. Keyword-Guided Content Generation
To produce content that is guided toward the specific 
SEA application, we adopt the “plug and play language 
models” (PPLMs; Dathathri et al. 2020) approach (V). 
PPLMs were designed for GPT models and alter the 
LLM’s output predictions of the next word4 by increas
ing the probability of generating words that appear on a 
user-provided list. This makes them well-suited for use 
by marketers who want to emphasize specific product 
or brand attributes. In our application, we fine-tune the 
underlying LLM with ad-specific language structures 
and semantics and infuse the generated content with 
keywords from the webpages of the top-ranked search 
results and the target LP using the PPLM approach.5 As 
doing so requires access to the underlying LLM’s 

Figure 2. (Color online) A Framework for SEA Content Generation and Bidding Cost Prediction 
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hidden layers and word distributions, we use GPT-2 
355M (Radford et al. 2019) as the base LLM to demon
strate the approach and its performance, but note that 
the PPLM framework can be used with any open-source 
LLM.

Given a sequence of words xt (e.g., “Study econom
ics in your”), LLMs generate content by sampling the 
next likely word xt+1 (e.g., “city”) from a distribution 
over its known vocabulary (of 50,257 words), pt+1. 
GPT takes the input sequence xt, word meanings 
(embeddings), and typical word positions (encodings) 
for predicting the next likely word. The model pro
cesses this information in its latent language modeling 
space using multiheaded self-attention (Vaswani et al. 
2017), several feed-forward neural networks, and nor
malization layers to select the most appropriate words 
from its vocabulary. For instance, after “Study econom
ics in your,” words like “city” should be more likely to 
be sampled from pt+1 as next word than completely 
unrelated words like “banana.” See Figure 3, left-hand 
side for an illustration of this process.

To improve the ad’s content relevance, we apply 
the PPLM approach that guides the LLM’s content 
generation by increasing the probabilities of sampling 
keywords found in the top-ranking organic search 
results and on the target LP (as illustrated in Figure 3, 
right-hand side). Specifically, based on the “cleaned” 
(i.e., after removing stop words, lowercasing, etc.) con
tent from the websites appearing in the top 10 organic 
results and on the company’s target LP, we extract the 
most frequent (sub-) keywords, KWtop10 ∪ KWLP, asso
ciated with the focal keyword KWmain. Using PPLM, 
we sample the next word, xt+1, from a composite dis
tribution over GPT’s known vocabulary:

xt+1 ~ 1
β
(p̃t+1

γgmpt+1
1�γgm), (1) 

where pt+1 is the distribution as used by GPT fine- 
tuned on ads, and p̃t+1 is a modified distribution over 
GPT’s vocabulary geared toward integrating the top 10 
and LP (sub-) keywords KWtop10 ∪ KWLP via gradient- 
based changes in the LLM’s latent language decoding 

space. This approach combines the general language 
knowledge with learned ad-specific language features 
of the fine-tuned GPT, while directing ad copy genera
tion by sampling and integrating important keywords. 
β is a normalization term to yield a valid distribution 
that sums to one. In practice, SEA experts aim to inte
grate as many keywords as possible while maintaining 
natural-sounding content by drawing from an LLM’s 
general language knowledge. For that purpose, γgm is a 
scaling hyperparameter that shifts the weight or empha
sis on pt+1 or on p̃t+1 determining the extent of keyword 
integration (Dathathri et al. 2020). Web Appendices 
A1.1 and 1.2 contain details on model hyperparameters 
and model fine tuning. Following standard SEA prac
tice, we start each ad’s copy with KWmain. We do that by 
providing it as a prompt to PPLM for text generation.

To provide a concrete example, we illustrate our 
ad copy generation process as it would apply to a uni
versity’s graduate business programs in Figure 3 for 
the keyword KWmain�“study economics.” The top 10 
organic websites in Google contain subkeywords 
(KWtop10) broadly associated with the topic “study eco
nomics,” such as “economics,” “business,” “university,” 
and “study.” The business school’s LP for the ad con
tains subkeywords (KWLP) that describe and position 
the service offered by the university, such as “program,” 
“international,” and “half term.” PPLM would increase 
the prevalence with which these top 10 and LP key
words appear in the generated content to increase the 
generated ad’s relevancy. In this way, our generative 
approach ensures that the critical components from the 
SEA ecosystem discussed previously (i.e., alignment 
with top ranked organic content, target LP, linguistic 
styles) are reflected in the resulting textual ad content.

3.2. Ad Content Scoring
Because the output of an LLM arises from a stochastic 
process, the generated content will vary in its appro
priateness for SEA, which may result in off-the-shelf 
LLMs not being suitable for generating SEA content 
without additional guidance. To this end, we derive a 
content score CSad for each piece of generated content 

Figure 3. Incorporating Keywords for Directed Content Generation 
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to assess the anticipated SEA performance of the ad 
copy (see Figure 2, step VI). The specification of CSad 
accommodates components of SEA content discussed 
in the previous section, based on research on features 
of high-performing ad content (e.g., Schlangenotto 
and Kundisch 2016; Rutz et al. 2017; Yang et al. 
2018, 2020), as well as prior research on the evaluation 
of search engine optimized content (Reisenbichler 
et al. 2022).

Our SEA content score consists of the following 
components:

CSad �
1
5

lt10sim_t10ad + lLPsim_LPad

+ lt10KW_t10ad + lLPKW_LPad+KW_mainad

� �

,

(2) 

where 0 ≤ CSad ≤ 1. The content score comprises five 
components, each of which takes on a value in the range 
[0,1]. sim_t10ad measures the semantic fit between the 
generated ad copy’s content and the I�10 most highly 
ranked webpages in the organic search results for 
KWmain, computed using the average cosine similarity 
between the vectors of word frequency distributions6 of 
the generated ad, Fad, and the ith top 10 web page,

Fi : sim_t10ad �
1
I
XI

i�1

Fad · Fi

‖Fad ‖ ‖Fi ‖
: (3) 

Similarly, the semantic fit between the generated ad con
tent and the target LP is measured by the cosine similar
ity, sim_LPad, between their word frequency vectors,

Fad and FLP : sim_LPad �
Fad · FLP

‖Fad ‖ ‖FLP ‖
: (4) 

To measure the degree of keyword integration in 
the generated ad copy, we calculate the proportions 
KW_t10ad, KW_LPad, and KW_mainad of (sub-) key
words contained at least once in the generated ad copy 
from the total number of respective words in the corre
sponding top 10 (KWtop10), the LP (KWLP), or the focal 
(KWmain) (sub-) keyword lists, respectively. In essence, 
these components ensure targeting the right search 
engine users by assessing the alignment of ad content 
with the top 10 organic search results and the generated 
ad’s LP for a user’s search query of KWmain (e.g., Liu et al. 
2021). Ad content with a higher content score will pro
vide a search engine user with a more consistent experi
ence, as the set of organic results to which she is exposed 
and the LP to which she would be directed by clicking on 
the generated ad will be more consistent in their commu
nication (e.g., Hauser et al. 2009).

Finally, Equation (2) contains two “focus” para
meters, lt10 and lLP, that impose weights on the seman
tic fit and keyword integration components. Both 
parameters are logistic transformations of cosine simi
larity measures for the internal consistency of content 
reflected in the top 10 organically ranked webpages 

(lt10) or the consistency between the target LP and the 
top 10 webpages (lLP), respectively. We let cos (ti) denote 
the average cosine similarity between the ith top 10 page 
and all other top 10 webpages and define lt10 as:

lt10 �
exp

�P10
i�1 cos (ti)

�

1+ exp
�P10

i�1 cos (ti)
� : (5) 

Thus, higher content similarity among the top 10 
ranked pages results in a higher lt10 score. We calculate 
lLP in a similar fashion based on the sum of the cosine 
similarities between the company’s LP and each of the 
organically ranked top 10 websites for KWmain.

The purpose of lt10 and lLP is to accommodate 
potentially inconsistent content in both the top-ranked 
websites and the LP. For some search queries (e.g., for 
the keyword “apple”), search engines might display 
inconsistent organic results (e.g., some pages on the 
fruit apple, some about Apple computers). Our model 
accounts for such inconsistencies by shifting the con
tent score’s focus more toward the brand’s LP compo
nents by obtaining a higher importance score for lLP 
relative to the lt10 score.

Because we rely on our content score to identify the 
ad content that we expect to perform best, we test 
and confirm the validity of the content score and its 
components. First, we illustrate that ad content with 
higher CSad scores is associated with higher-ranking 
ad positions using a set of 145,939 scraped ads for 
approximately 2,720 keywords (Web Appendix A2.1). 
Second, we show that higher CSad scores are associ
ated with increased costs (CPC) by working with 
our partner organizations’ internal SEA data from 
987 ads, 937,914 impressions, and 57,489 clicks (Web 
Appendix A2.2). Third, using the same data as in Web 
Appendices A2.1 and A2.2, we show that each pro
posed CSad component contributes to ad visibility (in 
terms of both ad positions and impressions) (Web 
Appendix A2.3). Fourth, based on the 145,939 scraped 
ads as used in Web Appendix A2.1, we illustrate that 
our CSad components and keyword competition can 
predict ads’ future positions with an average error of 
less than one ranking position for seven possible ad 
positions (root mean square error (RMSE) ~ 0.963, 
R2 ~ 0.699; Web Appendix A2.4). We also validate the 
proposed content score’s components by omitting 
various CSad components and observing a decline in 
the predictability of ad positions (Web Appendix 
A2.5). Achieving a high level of predictability is 
important for advertisers because considerable time 
and extensive cost are involved in ad testing (e.g., 
Rutz et al. 2017). Finally, analyzing search engine- 
provided keyword-level ad performance reports, we 
illustrate that the proposed content score is highly 
aligned with Google’s ad goodness measures, including 
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the “Quality Score” and “Ad Relevance” (Web Appen
dix A2.6).

Taken together, the aforementioned analyses pro
vide confidence in using the content score as a means 
of identifying generated ad copy that is expected to 
perform well in SEA.

3.3. Predicting CPC
Although search engine optimized ad content (as 
measured by CSad) is typically associated with higher 
ad rankings and improved performance (in terms of 
visibility, clicks, and conversions), previous empirical 
studies suggest that improved content may also incur 
increased cost or lower profitability.7 Using previous 
campaign data from our research partners (i.e., ad 
content, bidding, and ad performance), we propose a 
predictive CPC model (VII) to provide decision sup
port in selecting and revising the ad content (VIII). 
With historic data, the final step of our procedure 
enables SEA campaign managers to select content for 
a target range of bidding costs. We use a Random For
est to predict the expected CPC for each generated 
piece of ad content in our standard bidding strategy 
setup, where daily maximum budgets are set by the 
manager and bids are automatically optimized by the 
search engine to maximize clicks. Web Appendix A2.7 
demonstrates how historic campaign performance can 
be predicted with an average CPC error of approxi
mately e0.35 (RMSE~ 0.346, R2 ~ 0.849).

Table 1 illustrates two example pieces of generative 
output from our workflow for the keyword “study eco
nomics,” along with the respective content score (CSad), 
expected CPC, scraped top 10 keywords (KWtop10), and 
LP keywords (KWLP). The raw content along with the 
additional information in Table 1 is then provided to 

the SEA manager for final selection and revision. Note 
that despite a higher overall content score (CSad), the 
predicted CPC for the first item in Table 1 is slightly 
higher than for the second-highest item. Depending on 
the campaign goals, it is the decision maker’s task to 
prioritize which ad would be chosen based on the con
tent score, predicted CPC, or a combination of these 
two factors.

4. Performance Evaluation and 
Empirical Studies

In this section, we empirically evaluate the potential 
and capabilities of LLM-assisted content engineering 
in two diverse empirical settings. We conduct a series 
of sponsored ad campaigns in collaboration with a 
midsized IT and SaaS provider in the business-to- 
business sector and an internationally recognized busi
ness school promoting its study programs.

Our collaboration with these partners allowed us to 
conduct several field tests. We first compare the per
formance of sponsored ads generated by our proposed 
framework to content produced by human ad writers 
(Section 4.1). Second, to explore the importance of tai
loring an LLM to a specific application context relative 
to model size, we benchmark our procedure built on a 
relatively small-scaled LLM (i.e., GPT-2) to state-of-the- 
art LLMs and demonstrate robustness of our findings 
for alternative ad campaign setups (Section 4.2).

Having demonstrated the advantages of our pro
posed approach, we then examine factors that may 
affect performance. We explore the possibility of gen
erating ad content with an expected lower CPC (Sec
tion 4.3), acknowledging that SEA performance may 
not be independent of bidding cost by applying our 
full framework (i.e., including the CPC prediction 

Table 1. Two Examples of Generated SEA Content Output

CSad CPC prediction KWtop10 KWLP PPLM-generated SEA content

0.395 0.729 Economics; study; add; 
favourites; item; 
university; business; 
course; schools; 
partners

Offered; half; term; 2; 
program; semester; 
international; sem; 
business; economics

Study economics in your university in economics - 
Business economics program ||| Study economics 
in your university in business economics. The 
program will offer you the opportunity to gain 
broad business knowledge in economics and 
business management. International environment. 
Bachelor, Master, MBA: 6 specializations. Apply 
now! International environment.

0.328 0.545 Economics; study; add; 
favourites; item; 
university; business; 
course; schools; 
partners

Offered; half; term; 2; 
program; semester; 
international; sem; 
business; economics

Study economics in [ … ] Business School - 
Economics, business management, tech ||| Learn 
to develop a broad technological mindset in your 
economics degree. Kickstart your career in the 
tech industry. Economics, business management, 
tech. [ … ] Business School. Modern campus. 
Multicultural campus. B-School. Executive

Notes. Text in bold indicates focal keyword (KWmain), top 10 keywords (KWtop10), and LP keywords (KWLP) integrated in the generated ad 
content using PPLM. ||| indicates our models’ trained separator between the ads’ headline and regular ad textual descriptions. […] indicates that 
our university collaborator’s name has been masked for blind review.
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step VII of our procedure). In another field test (Sec
tion 4.4), we probe the interplay between whether the 
LP content has been LLM-optimized for search engine 
performance and whether the ad copy has been gener
ated using our AI-supported approach, revealing lim
its on the use of generative AI in search engine 
marketing. Next, we explore the role of budgetary 
restrictions on ad performance by reducing the maxi
mum budget allocated for ad bidding in one of our 
campaign conditions (Section 4.5). In doing so, we 
show that AI-supported content generation can be 
beneficial when search engine marketing budgets are 
limited. Table 2 provides an overview of experiments 
and summarizes key findings.

Because our field tests involve placing search engine 
advertisements on behalf of our partner organizations, 
they ensure a high degree of external validity because 
we employ the same campaign settings they typically 
used, which we describe in detail in each study.

4.1. Improving SEA Performance with 
Generative AI

In a first field experiment, we test if our optimized 
SEA LLM workflow can outperform human written 
content, which is standard for wide portions of the 
market. We first restrict our assessment to the use of 
the content score on the AI-generated content, omit
ting step VII (the bidding cost prediction) in Figure 2. 
Working with our partners, we generated SEA content 
for 208 keywords across all settings and experimental 
groups, selected the top CSad scoring piece per key
word and let human SEA experts make minor edits 
(“Best CS PPLM” condition).8 Although it is common 
practice in search advertising to use a limited number 
of ad variants to address a broader set of keywords, 
we use LLMs to produce content for each individual 
keyword efficiently. As a second condition (“Human 

– keyword specific”), a group of extensively trained 
study participants with access to the same information 
used by our PPLM-based procedure—including links 
to the top 10 ranked webpages, the LP, and a keyword 
counting tool—were instructed to produce ad content 
for the same set of keywords. The content score asso
ciated with their written ads was evaluated as part of 
their course grades.9 The third condition (“Human – 
conventional”) consisted of a set of 28 pieces of spon
sored search ads provided by the SEA professionals 
from our partner organizations, designed to address 
the full set of ad keywords.

Our partner organizations use the popular “automated 
maximize clicks” in a CPC setup available in the search 
engine’s SEA ecosystem with a focus on boosting clicks 
to drive website traffic to gain brand visibility. Mimick
ing their typical campaign setups, we place each of the 
conditions compared in each subsequent table within 
the same campaign, using identical bidding and adver
tising goal settings. As required by Google’s SEA eco
system, to make ad content performance comparable, 
the IT and SaaS and education campaigns are struc
tured into 208 keyword (KWmain) specific ad groups, 
each containing the ads. Each KWmain specific ad group 
contains ads from all the experimental groups corre
sponding to that specific keyword. For example, the ad 
group targeting “enterprise search engine” only con
tained ads from the experimental groups designed to 
target “enterprise search engine” (see Figure 4 and Web 
Appendix A3.3 for further details).

The order of putting ads from experimental groups 
online was randomized. Because the “Human – con
ventional” condition consists of just 28 ads targeting 
all 208 keywords, we put these in separate ad groups 
within the same campaign targeting all keywords. 
Adhering to our partners’ conventional campaign set
ups, each campaign imposed a campaign-wide daily 

Table 2. Empirical Assessment Overview

Section Research interest Industry Effect Main findings

4.1 LLM vs. human performance 
comparison

IT & SaaS (B2B), 
education (B2C)

Main A tailored SEA LLM workflow outperforms typical 
human writers in SEA performance (i.e., in 
impressions, clicks, and conversions).

4.2 LLM models’ performance 
comparison

IT & SaaS (B2B), 
education (B2C)

Main A tailored SEA LLM workflow based on a smaller 
LLM outperforms current LLMs like GPT-4 or 
Google Gemini.

4.3 Lower CPC targeting IT & SaaS (B2B) Main A tailored SEA LLM workflow can adjust content 
optimization to adhere to target cost-per-click 
goals.

4.4 LP content optimality IT & SaaS (B2B) Boundary Using multiple LLMs for ad and LP writing can 
lead to overoptimization and harm SEA 
performance.

4.5 Budgetary restrictions IT & SaaS (B2B) Boundary SEA budget restrictions lead to lower performance, 
but in small budget scenarios, an LLM workflow 
can yield a higher performance gain against 
humans compared with high-budget conditions.

Note. B2C, business to consumer.
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cost maximum over all ad groups. This setup shares 
the budget across all ad groups, providing an oppor
tunity for all ad groups (and ads within those groups) 
to be served based on the search engine’s preference 
for ads. As reported in Section 4.2 and detailed in 
Web Appendix A3.11, we demonstrate the robustness 
of our findings across different campaign setups.

For all ads included in the IT and SaaS campaign, 
the daily cost maximum was initially set at e90. This 
campaign ran for approximately one month in early 
2023 within the IT company’s SEA account, resulting in 
47,876 impressions, 2,044 clicks, and 40 estimated con
versions (see Web Appendix A3.4). Our education part
ner’s student acquisition SEA campaign had a daily 
budget of e165 and ran for approximately two weeks in 
late 2022 in the organization’s SEA account, yielding 
48,367 impressions, 5,134 clicks, and 397 conversions.

Table 3 presents our results for these campaigns: 
the education sector ad campaign and the first month 
of the IT service and SaaS ad campaign, during 

which a high budget constraint was in place (results 
for the remaining campaign period are presented in 
Section 4.5). Our approach significantly improves ad 
content (with a median CSad of approximately 0.44 
compared with scores of ≤0.32 achieved by humans) 
and yields superior performance in terms of the num
ber of impressions and clicks (e.g., IT and SaaS: 
χ2 ~ 1,702, p<0.05). Regarding conversions, our partner 
organizations unfortunately did not have conversion 
tracking in place for the campaigns of this study. How
ever, we had access to historical conversion rates from 
prior campaigns and conducted an auxiliary Prolific 
study to test the competing ad content in a simulated 
search engine environment.10 Based on this auxiliary 
study, the conversion rates are expected to be similar 
across experimental groups, leading us to believe that 
the uplift in conversions for AI-generated ads relative 
to human-written ads (as reported in Table 3; e.g., IT 
and SaaS: χ2 ~35, p<0.05) is mainly driven by the 
increased ad exposure achieved by AI-generated 

Figure 4. Ad Campaign Setup for Main Experiments 

Table 3. SEA Performance Across Empirical Settings and Experimental Groups

Empirical setting Experimental group

Ad campaign performancea

Impr. Clicks Conv. CPC CSad

Education (B2C) Best CS PPLM 21,252 2,002 153 0.50 0.43
Human – keyword specific 17,374 1,802 138 0.49 0.32
Human – conventional 9,741 1,330 106 0.56 0.24
Stat. difference (~χch

2, ~χkw
2) 4,255** 139** 9** 18** 170**

IT & SaaS (B2B) Best CS PPLM 34,590 1,507 30 0.29 0.44
Human – keyword specific 12,031 530 10 0.26 0.31
Human – conventional 1,255 7 0 0.38 0.29
Stat. difference (~χch

2, ~χkw
2) 36,266** 1,702** 35** 7** 81**

Notes. aMedian cost per click and content score (CSad) values (of human revised PPLM output or human-generated 
ads) across all ads and keywords used; best values are indicated in bold. Impressions (Impr.), clicks, and conversions 
(Conv.) are summed values. For calculating estimated conversions, see Web Appendix A3.4; for pairwise 
comparisons between experimental groups, see Web Appendix A3.5. χch

2, one-sample χ2 tests for sums; χkw
2, 

Kruskal-Wallis χ2 group comparison for medians. Statistical (Stat.) significance levels are indicated.
**p≤ 0.05.
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content. Specifically, this enhanced exposure appears 
to reflect the search engine’s preference for “Best CS 
PPLM” ads generated by the AI.

Despite receiving the same information and clear 
instructions, the “Human – keyword specific” group 
failed to produce search engine-aligned ad content 
that matched the content scores of the ads generated 
by our PPLM-based procedure. Two-sample Wilcoxon 
tests confirm that human-generated content scored sig
nificantly lower than AI-generated content in both the 
education sector (CSad: z ~12, p<0.05) and the IT and 
SaaS sector (CSad: z ~8.57, p<0.05).11 This discrepancy 
likely stems from humans’ limited ability to process 
and integrate all the necessary high-level information, 
such as keyword integration and alignment with top 
10 search results and LPs, within reasonable time and 
effort constraints.

Although generative AI outperforms humans, aggre
gate results in Table 3 reveal that some human-generated 
ads performed quite well, particularly in the education 
sector, where they collectively garnered 17,374 impres
sions and 1,802 clicks. A closer examination of perfor
mance distributions reveals that although almost half 
(47%) of the “Human – keyword specific” ads received 
fewer than 20 impressions (the corresponding share for 
the “Best CS PPLM” condition is 33%; χ2 ~ 2.66, p< 0.05), 
a notable 18% of human-written ads (compared with 
32% for the “Best CS PPLM” ads; χ2 ~ 3.42, p< 0.05) per
form above the third quartile in impressions. Although 
human-written ads are more prone to underperform, on 
average, a meaningful subset in the education sector 
achieves high visibility.12

We find that branding is a potential driver of 
human performance in the education sector. Although 
the level of content optimization does not differ signif
icantly between the education and the IT and SaaS 
sectors (CSad z ~�0.23, not significant (n.s.)), brand 
emphasis is more pronounced in the education sector 
(χ2 ~ 195, p< 0.05), particularly among “Human con
ventional” ads, which include, on average, 3.8 brand 
mentions per ad (χ2 ~ 78, p< 0.05). As detailed in Web 
Appendix A3.7, an analysis of covariance controlling 
for content optimization (CSad), keyword competition, 
search volume, and campaign budget reveals that 
more brand emphasis is a key driver of click perfor
mance in the education sector compared with the IT 
and SaaS sector F ~ 36, p< 0.05). In sum, these findings 
suggest that human-drafted ads are more likely to 
emphasize the brand and benefit from doing so, parti
cularly in sectors like education, where a well-known 
brand carries weight with consumers. This less pro
nounced performance difference in scenarios involv
ing a prominent brand is also consistent with prior 
research by Simonov et al. (2018).

A robustness study conducted in September 2024 
illustrates that “Best CS PPLM” performs best, regardless 

of campaign setup. In Table 3, each “Best CS PPLM” 
and “Human – keyword specific” ad targets a specific 
keyword, whereas “Human – conventional” ads target 
the entire keyword set. A follow-up experiment showed 
“Best CS PPLM” still performs best in impressions 
(χch

2 ~ 4,943, p< 0.05), clicks (χ2 ~ 376, p< 0.05), and con
versions (χ2 ~ 8, p< 0.05) when testing 10 ads of each 
group to target the entire keyword set, confirming that 
the PPLM approach is effective both for specific key
word targeting and for broader applications with fewer 
ads (see Web Appendix A3.8).

In addition to the improved performance arising 
from the use of the proposed generative AI workflow, 
the workflow also affords increased productivity. 
Consistent with prior research (e.g., Reisenbichler et al. 
2022, Jürgensmeier and Skiera 2024), the application 
of generative AI to SEA content creation improves the 
efficiency with which content can be produced. In this 
application, the efficiency increases by more than 
60%, resulting in a reduction of the time needed to 
create content (time savings of 19.17 hours, or e551 of 
cost savings, to produce 208 ads). This increase in pro
ductivity could also translate to increased output, 
with an average SEA writer potentially producing 
21,387 more pieces of ad content per year in the same 
amount of time.13 Although determining the optimal 
number of ads per campaign is beyond the scope of 
this research, these efficiency gains suggest that an 
AI-supported workflow could be especially valuable 
in scenarios requiring a high volume of ad copy, such 
as producing multiple campaigns for different clients, 
which is a common and operationally challenging 
task for marketing agencies.

4.2. SEA Performance for Alternative LLM-Based 
Approaches and Campaign Types

In the previous section, we tested our proposed frame
work against human ad creators. However, the mar
keting landscape is increasingly shaped by companies 
exploring the integration of generative AI to support 
their brand communications. In the context of SEA, 
emerging tools range from highly specialized LLM- 
based solutions to rapidly advancing general-purpose 
models (e.g., ChatGPT, Claude, Gemini, etc.) that can be 
guided through prompt engineering. To evaluate the 
effectiveness of these models in the SEA context, we con
ducted another field experiment that compares available 
LLMs with our proposed human-in-the-loop PPLM- 
based SEA content generation procedure—all aiming at 
maximum performance (i.e., omitting Figure 2, step VII).

In conducting this field experiment, we proceed as 
follows: We (randomly) select 38 keywords—19 each 
from the IT and SaaS and the education sectors—out 
of our previously used list of 208 focal keywords. For 
these keywords, we first generated SEA content with 
13 different LLM variants per industry sector, each 
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designed to adapt to the specific SEA context through 
varying levels of detail. These approaches ranged from 
minimalistic baseline LLM queries to more advanced 
few-shot prompting schemes and LLM fine-tuning, 
resulting in the generation of 184,687 pieces of sample 
ad content. To avoid interference on the SEA platform 
caused by putting too many similar ads online at once, 
we selected the top five performing LLMs from the 13 
candidate models based on the highest CSad scores 
achieved in a prestudy, while also considering varia
tions in model setups and ensuring comparable base
lines for inclusion in the online field experiment.14

In addition to our proposed PPLM-based method, the 
experimental conditions included the following setups: 
(i) “Google Gemini basic prompting” and (ii) “GPT-4 
basic prompting” (both prompted to “Generate SEA 
ads for [KWmain]”); (iii) “GPT-4 advanced prompting” 
(prompted with a job description, persona, and full SEA 
information, including all keyword lists—i.e., KWmain, 
KWtop10, KWLP); and (iv) “GPT-3.5 fine-tuned” (fine- 
tuned on thousands of SEA ads using the same training 
data set as our PPLM procedure; see Web Appendix 
A3.10). We also used the beta version of an integrated 
tool for assisting SEA content generation provided by 
the search engine provider, which accepts only the focal 
keyword(s) and the corresponding LP link as input. 
Because this is a beta version, this tool was only avail
able to us for the IT and SaaS sector. Thus, we replaced 
the “Proprietary SEA generator” condition in the IT 
and SaaS sector with “Google Gemini basic” in the edu
cation sector. To assess how AI-generated content 
performed relative to human-created content, we also 

include the “Human – keyword specific” group as a 
baseline in this field experiment.

To mimic LLM-assisted ad production by marketers 
who do not have access to a content-scoring system 
for selecting among the generated outputs, we let 
each of these generative AI-supported tools produce 
one randomly selected ad for each of the 38 focal key
words. For each experimental group, we placed the 
per-keyword selected ads online into a single cam
paign for each industry sector, using the same CPC 
bidding strategy aimed at maximizing clicks and the 
general experimental setup outlined in Section 4.1. 
Both campaigns were active for one month, with a 
daily budget of e20 in the IT and SaaS sector resulting 
in a total of 30,799 impressions, 1,675 clicks, and 33 
estimated conversions over all experimental groups 
running in May 2024. In the education sector, a daily 
budget of e40 led to 78,178 impressions, 11,349 clicks, 
and 165 real (i.e., tracked) conversions over a one- 
month campaign period in June 2024.

Table 4 presents the SEA performance results, includ
ing impressions, clicks, and conversions. We also report 
the corresponding median SEA content score (CSad) for 
each experimental group. In both empirical contexts, 
the PPLM-based procedure outperforms all other LLM 
variants and human content writers (see row “Best CS 
PPLM”) on all dimensions except CPC, as the goal of 
all competing groups was on maximizing SEA click 
performance.

Despite the capabilities of recent LLMs, our analyses 
reveal that the sheer size of LLMs does not necessarily 
translate into superior performance for a specific task 

Table 4. SEA Performance of Competing LLMs

Industry Experimental group

Ad campaign performancea

Impr. Clicks Conv. CPC CSad

Education (B2C) Best CS PPLM 24,645 3,598 76 0.11 0.42
GPT-4 basic prompting 261 41 3 0.09 0.28
GPT-4 advanced prompting 17,244 2,192 7 0.11 0.33
GPT-3.5 fine-tuned 9,256 1,063 8 0.12 0.27
Google Gemini basic prompting 7,890 1,255 19 0.11 0.33
Human – keyword specific 18,882 3,200 52 0.10 0.35
Stat. difference (~χch

2, ~χkw
2) 29,979** 4,880** 161** 10* 48**

IT & SaaS (B2B) Best CS PPLM 14,226 782 16 0.37 0.47
GPT-4 basic prompting 824 53 1 0.33 0.29
GPT-4 advanced prompting 1,159 83 2 0.33 0.40
GPT-3.5 fine-tuned 4,006 224 4 0.37 0.39
Proprietary SEA generator 5,973 323 6 0.36 0.37
Human – keyword specific 4,611 210 4 0.34 0.30
Stat. difference (~χch

2, ~χkw
2) 23,239** 1,262** 27** 7 50**

Notes. aMedian cost per click and content score (CSad) values across all ads and keywords used. Impressions (Impr.), clicks, and 
conversions (Conv.) are summed values. Conversion tracking was enabled for this experiment by the education sector 
organization yielding actual conversions; for calculating estimated conversions for the IT and SaaS sector, see Web Appendix A3.4; 
for pairwise comparisons between experimental groups, see Web Appendix A3.5. χch

2, one-sample χ2 tests for sums; χkw
2, 

Kruskal-Wallis χ2 group comparison for medians. Statistical (Stat.) significance levels are indicated.
*p≤ 0.10; **p≤ 0.05.
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like producing ad text for SEA. This is consistent with 
findings by Liao et al. (2024) and discussions on the 
market potential of context-specific application layers 
that sit on top of widely available generative AI tools 
(e.g., Davenport and Mittal 2022).

Providing more contextual information to an LLM 
(e.g., by providing detailed keyword lists, example 
ads, and SEA ad-specific jargon) enhances perfor
mance, which is evident in the performance gap when 
comparing “GPT-4 basic prompting” that relied only 
on the main keyword to “GPT-4 advanced prompting” 
that included a comprehensive task description and 
full keyword lists.

Our PPLM-based procedure integrates all relevant 
ad content components, resulting in superior perfor
mance. As demonstrated in Web Appendix A3.10, 
even large models like GPT-4 do not manage to fully 
integrate all relevant domain-specific information into 
the generated ads, such as the provided top 10 and LP 
keywords. One reason could be that publicly available 
LLMs like GPT-4 are primarily tailored and specifi
cally optimized for generating human-like content, 
rather than for search engine optimized ad copy. This 
suggests that tailoring a solution to an application has 
the potential to provide performance gains, despite 
making use of a “smaller” LLM. Although larger mod
els or more sophisticated prompting strategies may 
supplant our PPLM-based approach, our research 
demonstrates the importance of alignment between the 
search engine user’s intent and the relevant informa
tion presented to her (the target LP, the organic search 
results, and the generated ad text). Moreover, the 
adaptability of our approach to future search engine 
algorithm changes offers an advantage over general 
LLMs.

Although the search engine’s proprietary ad gener
ator performs worse than the PPLM-procedure in the 
IT and SaaS sector (“Best CS PPLM”: 14,226 impres
sions, 782 clicks, and 16 conversions versus “Search 
engine SEA generator”: 5,973 impressions, 323 clicks, 
and 6 conversions), it still outperforms human- 
generated content. One potential explanation is that a 
search engine may strive to produce and deliver ads 

that maximize the revenue of the ad platform, whereas 
an individual advertiser may instead aim to maximize 
their own revenue.15 Our proposed PPLM-based 
approach is tailored specifically to the advertiser’s per
spective, focusing on the alignment with the target key
word and LP to increase clicks.

Nevertheless, when comparing the respective SEA 
performance metrics reported in Table 4 with the 
“Human – keyword specific” group, we note that SEA 
practitioners can still benefit from using standard 
LLMs because, depending on the industry sector, these 
perform either on par with or superior to humans. 
With future LLMs, SEA performance gains compared 
with human content writers may become even more 
pronounced, and this does not consider time and cost 
savings from using such models.

To better understand the performance differences 
between fully AI-generated search ad campaigns and 
hybrid approaches that combine generative AI with 
human-created ads (as examined in Table 4), we con
ducted additional tests using alternative campaign 
types for the focal 19 IT and SaaS keywords and ads. 
These 19 target keywords represent situations that are 
characterized by a low keyword search volume and 
therefore limited click availability, translating into 
intense rivalry for ad exposure among advertisers. 
Such a situation is particularly prevalent in specialized 
business-to-business (B2B) contexts, such as those in 
which our IT and SaaS industry partner is operating.

We first ran our “Original campaign setup” for two 
days (Table 5), where PPLM and human ads are put 
side-by-side in one campaign, and subsequently dis
abled PPLM ads to observe the increase of human 
written ads in performance for another two-day run
time (referred to in Table 5 as “Original setup, but 
PPLM ads disabled”). Finally, we investigate the out
comes of running two distinct campaigns in parallel— 
one entirely made up of PPLM-generated ads and the 
other campaign just containing human-generated ads 
(referred to as “Isolated campaigns” in Table 5)—both 
run in parallel for another two days. All three campaign 
types were implemented sequentially over a two-day 
period per campaign16 (i.e., without overlapping timing 

Table 5. SEA Performance Under Different Campaign Types

Ad campaign types

Impr. Clicks

Best CS 
PPLM

Human – keyword 
specific

Best CS 
PPLM

Human – keyword 
specific

Original campaign setup 1,756 218** 45 12**
Original setup, but PPLM ads disabled — 1,190** — 23**
Isolated campaigns 2,522 1,281** 95 41**

Note. Statistical significance levels are indicated for row-wise χ2 test comparisons within the columns Impressions (Impr.) and 
Clicks (e.g., 45 vs. 12 clicks); for “Original setup, but PPLM ads disabled” we statistically compare the corresponding row values to 
the overall performance in the “Original campaign setup” condition (e.g., 45+ 12� 57 clicks vs. 0+ 23 clicks).

**p≤ 0.05.
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to prevent confounds in the setup) under otherwise 
identical conditions. Specifically, all campaign types 
worked under an “automated maximize clicks” CPC- 
oriented setup with a daily budget of e160 per cam
paign in March 2025 and yielded a total number of 
6,967 impressions and 216 clicks at a total target budget 
of e1,280.

Across all comparisons, we consistently observe 
that “Best CS PPLM” ads outperform “Human – key
word specific” content. Table 5 (items “Original setup, 
but PPLM ads disabled”) indicates that although the 
performance of “Human – keyword specific” ads 
improve when evaluated independently of PPLM ads 
(12 versus 23 clicks), the “Best CS PPLM” ads from 
the original campaign setup still achieve superior 
results. Specifically, the “Human – keyword specific” 
ads generated only 23 clicks, compared with a com
bined total of 57 clicks (45+ 12) from the original 
setup featuring PPLM ads (χ2 ~ 15, p< 0.05). Even 
when putting both content writing groups into their 
own campaigns—both targeting the same keywords, at 
the same time and campaign budget—“Best CS PPLM” 
outperforms “Human – keyword specific” (95 versus 
41 clicks, χ2 ~ 21, p< 0.05; see Table 5, item “Isolated 
campaigns”). However, as illustrated in Table 5, the 
magnitude of click performance differences varies 
depending on the campaign type. As we additionally 
illustrate in Web Appendix A3.11, a higher campaign 
budget also appears to partially offset the lower con
tent optimality of human ads when both run in their 
isolated campaigns, perhaps due to the search engine’s 
objective of improving its revenue by selling clicks in a 
CPC environment. For details and additional campaign 
budget related results see Web Appendix A3.11.

4.3. Content Optimization and Bidding 
Cost (CPC)

To elaborate more on the trade-off between ad content 
improvement and cost implications, we use the full 
framework as proposed in Figure 2 in our next experi
ment. Working with historical ad content and perfor
mance data for a subset of 38 company-selected 
keywords for low-cost bidding, as decided by our IT 
and SaaS partner company, we derived CPC predictions 

for the AI-generated ad content. Instead of prioritizing 
the highest CSad scoring ad per keyword, we generate 
content with the highest content score subject to having 
a sufficiently low predicted CPC (i.e., the output after 
stage VII of our procedure depicted in Figure 2) for 
human revision before running the campaign (“Lower 
CPC PPLM”). Following our general campaign setup 
(see Web Appendix A3.3 for details), we ran a maxi
mize clicks and CPC bidding campaign for approxi
mately one month in early 2023 with a daily maximum 
spend of e40. All ads ran under the same campaign 
settings and had an equal chance of being served for 
their respective target keywords. We also include the 
“Human – keyword specific” group, comprised of 38 
written ads (one per focal keyword) that compete for 
the same 38 focal keywords as the “Lower CPC PPLM” 
group, yielding a total of 30,681 impressions, 1,264 
clicks, and 24 estimated conversions.

As shown in Table 6, the full semiautomated 
approach for content generation not only outper
forms humans based on impressions and clicks, but 
also reduces the CPC of running ads to the level of 
the human-generated ads (median CPC: e0.25 versus 
e0.24, z ~�0.76, n.s.). This stands in contrast to the 
experimental results reported in Table 3, in which 
“Best CS PPLM” incurred significantly higher CPC 
than the “Human – keyword specific” condition for 
the IT and SaaS sector (median CPC: e0.29 versus 
e0.26, z ~1.72, p< 0.05).17 Although a few human- 
written ads incur substantial cost (the maximum CPC 
for the “Human – keyword specific” condition in 
Table 6 is e3.28 per click), we do not observe such 
extreme outliers in the “Lower CPC PPLM” condition 
(with a maximum CPC of e0.39).

Because SEA content generation does not operate in 
a vacuum, our findings show how marketers can use 
our semiautomated system as a decision support tool, 
providing fine-grained control in spending by target
ing a CPC at the ad level. Throughout the prior stud
ies, we observed higher CPC with higher scoring 
content and SEA performance for IT and SaaS (z 
~ 1.72, p< 0.05), whereas this effect is less pronounced 
in the education sector (z ~ 1.31, n.s.).18 That is why, 
to account for potential changes in search engines’ 

Table 6. SEA Performance—Low Cost-Per-Click Targeting

Empirical setting Experimental group

Ad campaign performancea

Impr. Clicks Conv. CPC CSad

IT & SaaS (B2B) Lower CPC PPLM 24,205 982 18 0.25 0.36
Human – keyword specific 6,476 282 6 0.24 0.30
Stat. difference (~χch

2, z) 10,245** 388** 6** �0.76 �3.56**

Notes. aMedian cost per click and ad content score (CSad) values across all ads and keywords used. Impressions (Impr.), clicks, and 
conversions (Conv.) are summed values. For calculating estimated conversions, see Web Appendix A3.4. χch

2, one-sample χ2 tests 
for sums, two-sample Mann-Whitney group comparison (z) for medians. Statistical significance levels are indicated.

**p≤ 0.05.
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revenue policies and other factors varying by time or 
industry, our CPC prediction module (step VII in the 
proposed generative workflow in Figure 2) is open 
and adaptive.

4.4. The Role of Landing Page Content
A critical factor that might affect the performance of 
SEA content is the level of search engine optimization 
of the LP. The alignment between the LP and the tar
get keyword is instrumental to the performance of 
sponsored ads (e.g., Ghose and Yang 2009, Amaldoss 
et al. 2015). To examine the differential effect of a 
well-optimized LP against improved ad content gen
eration in improving SEA performance, we conducted 
another experiment with our IT and SaaS partner 
company. In this study, we manipulated the target 
LPs for the same subset of keywords from the “IT 
Support” list previously used in Section 4.2, by con
trasting the original LPs (condition “Human LP”) 
with a corresponding set of LPs that were otherwise 
identical but featured content produced using a gen
erative AI-supported SEO tool (see Reisenbichler 
et al. 2022) to obtain consistently high organic search 
engine rankings (condition “Machine LP”). In both 
the machine- and human-generated ad content condi
tions, each piece of ad copy is produced for an indi
vidual keyword, resulting in a total of 72 pieces of 
sponsored ad content (4 conditions × 18 keywords).19

Again, we ran all ads and conditions in early 2023 
using a campaign setup specified to maximize clicks 
with a daily maximum budget of e50, yielding a total 
of 27,011 impressions, 1,210 clicks, and 24 estimated 
conversions. We present the results of these treat
ments in Figure 5.

Consistent with our previous findings, the search 
engine displays AI-generated ads more frequently 
than human-written ads, regardless of the LP content. 

Interestingly, although the machine-generated ad con
tent (“Best CS PPLM”) yields a good share of impres
sions (8,738), clicks (366), and (expected) conversions 
(7) when combined with machine-generated LPs, it 
performs best when paired with human-made LPs.

Despite these landing pages being less likely to 
appear in top positions of organic search rankings, 
the AI-generated ads achieved significantly more 
impressions (13,114), clicks (615), and expected con
versions (12).

Although we replicate prior studies on the interplay 
between LP optimization and SEA performance (e.g., 
Ghose and Yang 2009, Yang and Ghose 2010), our 
findings also point to a possible saturation effect. If 
both organic and sponsored ad links for the same 
brand become visible to users (i.e., through content 
engineering), one possibility is that they may substi
tute clicks on ads for clicks on the organic listings 
(e.g., Agarwal et al. 2015, Blake et al. 2015). That is 
why SEA managers need to be cautious about com
bining two generative LLMs—one for ad writing and 
one for LP writing— because that might lead to an 
oversaturation effect that reduces the benefits of such 
efforts.20

4.5. The Impact of Ad Budget Restrictions
We next consider the effect of the advertising budget 
limitations, as set by a manager in the search engine’s 
auction system. Specifically, we study how ad content 
performance and CPC in our experimental groups 
vary under different levels of an advertiser’s maxi
mum daily budget for paid search. Budgetary restric
tions are common in the industry (e.g., seasonality 
occurs in the IT service industry, with less demand in 
the summer and increased demand toward the end of 
the year to exhaust budgets). In our experimental 
setup, the IT and SaaS sector SEA campaign for the 

Figure 5. Landing Page vs. Ad Content Optimization Levels and SEA Performance 

Notes. aMedian cost per click values across all ads and keywords used. Impressions (Impr.), clicks, and conversions (Conv.) are summed values 
over all ads and keywords. χch

2, two-sample χ2 tests; χkw
2, Kruskal-Wallis χ2 group comparison, statistical significance levels are indicated. For 

calculating estimated conversions see Web Appendix A3.4. *p≤ 0.10; **p≤ 0.05.
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experiment in Section 4.1 was initially run with a high 
budget (up to e90 per day) and a total cost of e875 for 
one month in January 2023, followed by another 
month in February 2023 with a substantially lower 
daily SEA budget (e5 per day), leading to total cost of 
e122 and reduced SEA performance for the campaign 
run time (47,876 versus 16,487 impressions, 2,044 ver
sus 565 clicks, and 40 versus 11 likely conversions).

Figure 6 compares the performance of the high 
ad budget campaign weeks (as already presented in 
Table 3) with those from the subsequent low budget 
campaign weeks. A lower budget constraint reduces 
both CPC and ad performance. Further, the ads gener
ated in the “Best CS PPLM” condition consistently 
outperform the human-generated ads in both high 
and low ad budget weeks based on clicks, impres
sions, and conversions.

An interesting pattern emerges when we compare the 
performance lift of machine-generated versus human- 
generated ads as we move from the high to the low 
budget condition. In the high budget condition, the 
AI-written ads well outperform human-made ads (1,507 
versus 530 clicks: i.e., 2.84 times more clicks), consistent 

with our prior studies that show the search engine’s 
preference for AI-generated content. Interestingly, in 
the low budget condition, machine-generated ads 
achieve an even greater relative performance, deliver
ing 3.62 times more clicks (439 versus 121 clicks) than 
the “Human – keyword specific” ads—an improve
ment even more pronounced than in the high budget 
condition.

This suggests that, when the budget is tight, the 
keyword alignment of the ads is crucial, and the 
search engine may reward better content more in such 
a situation. In contrast, in high budget SEA settings, 
although keyword aligned content is still important, 
advertisers may be able to compensate somewhat 
with their spending power as long as the content 
alignment is reasonably good. The use of LLMs to 
produce keyword-aligned ad content may be particu
larly beneficial for smaller organizations with limited 
marketing budgets.

Note that we replicate these results under alterna
tive campaign types, including running isolated PPLM 
and human-only campaigns side-by-side (see Web 
Appendix A3.11). Also note that we compared high 

Figure 6. SEA Performance Under Varying Budgetary Restrictions 

Notes. aMedian cost per click values across all ads and keywords used. Impressions (Impr.), clicks, and conversions (Conv.) are summed values 
over all ads and keywords. χch

2, one-sample χ2 test for each row of three separate sums and two-sample χ2 tests for each block of separate six 
sums; χkw

2, Kruskal-Wallis χ2 group comparison, statistical significance levels are indicated. For calculating estimated conversions, see Web 
Appendix A3.4. **p≤ 0.05.
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and low budget conditions that occurred naturally in 
sequential order by first running the campaign with 
a high budget and then reducing the daily budget, a 
common practice in SEA. To alleviate concerns of a 
temporal confound, we ensured that no major market 
changes took place during our testing windows. Speci
fically, we confirm this using Wilcoxon group tests, 
which compare search engine-provided search volume 
(z��0.31, n.s.) and competition indices (z� 0.00, n.s.) 
between the high and low budget timeframes for all 
main keywords targeted in the campaign. As an addi
tional robustness check to address concerns of poten
tial carryover effects by moving from a high budget to 
a low budget scenario, we replicated the results in an 
additional study that we conducted in the education 
sector. In this experiment, we alternated daily between 
a full budget (e40) and a reduced budget (e5) for four 
consecutive days, yielding consistent results.21

5. Discussion
SEA is a critical tool for driving online performance. 
To the best of our knowledge, we are the first to dem
onstrate a data-driven approach to building an LLM 
tailored to drafting SEA content and systematically 
evaluate the performance implications of this content 
relative to both human-generated ads and state-of-the- 
art LLMs. We investigate the interplay of human- ver
sus machine-generated sponsored advertising content 
with core drivers of SEA content, such as the level of 
keyword alignment, the SEA optimization of the LP 
content, and the advertising budget, to offer insights 
as to the conditions under which AI-generated SEA 
content will be most beneficial to increase impressions, 
clicks, and conversions.

At the core of our framework is an application- 
specific layer added to an open-source LLM, with 
unobstructed access to its source code and operational 
environment. This enables us to modify the LLM’s 
word sampling process directly during content genera
tion for target keyword integration and context align
ment. Our proposed application layer is flexible and 
compatible with any open-source LLM, allowing for 
future enhancements if more powerful or cost-effective 
techniques become available. We empirically demon
strate the use of our semiautomated procedure through 
field experiments conducted with two different organi
zations. Although collaborating with our industry part
ners imposed some constraints on the ways in which 
studies were implemented, we present several field 
experiments that—when viewed in their totality (e.g., 
McShane and Böckenholt 2017)—yield convergent evi
dence as to the efficacy of our AI-supported approach 
to ad content production.

We find that machine-written ad content can improve 
SEA performance, as well as increase the efficiency of 

creating content. As our field experiments demonstrate, 
our semiautomated approach outperforms human- 
generated content. Across the experiments, we find that 
this performance gain is particularly pronounced in 
upper funnel metrics, such as impressions and clicks. 
Our semiautomated approach offers a scalable and 
highly effective means of developing keyword-specific 
ads to boost the online visibility of brands.

Beyond the empirical demonstration of the capabil
ity of LLMs to support SEA, our research offers a 
number of key substantive insights that are relevant 
to practitioners. First and foremost, SEA managers 
should exercise some caution in their use. Our bench
marking experiments that compared our proposed 
procedure with more recent off-the shelf LLMs like 
GPT-4 and Google Gemini—both foundational mod
els for commercially available SEA content-writing 
tools—reveal the importance of incorporating context- 
specific information to achieve improved performance 
with search engine ads.

Although there is considerable interest in leveraging 
LLMs for different marketing tasks, such as marketing 
research (Li et al. 2024, Arora et al. 2025), our findings 
suggest that the performance of LLM-based approaches 
can be improved by incorporating task-specific informa
tion (e.g., Liao et al. 2024). Moreover, against the back
ground of recent concerns about the increasing energy 
costs and environmental impact associated with train
ing and updating LLMs (e.g., Schick and Schütze 2020, 
Patterson et al. 2021, Verma and Tan 2024), the use of 
tailored “small language models” may offer a possible 
way to mitigate the carbon footprint of integrating gen
erative AI into the search and digital advertising space.

Our field experiments identify salient limits as to 
the benefits of using AI-generated content. When both 
the ad content and the LP have been developed using 
generative AI (to increase organic search engine per
formance and to have a high degree of keyword align
ment with the LP and organic results for the same 
keyword, respectively), the performance of the paid 
advertising suffers. One likely explanation is that 
engineering the content of both the LP and search ads 
results in traffic being split between the search results 
and organic results, resulting in suboptimal SEA per
formance and a negative incremental return on invest
ment. SEA managers must be mindful in optimizing 
ad content when organic rankings are already high, as 
this may simply shift clicks and lead to higher costs. 
As our current study focuses on the performance of 
SEA content, we are unable to speak to the impact of 
using generative AI for both organic and paid search 
engine marketing on firm revenue. We leave this, as 
well as how search engine marketing interacts with 
other forms of advertising, for future research.

Ad content optimization is crucial in competitive 
environments with limited demand (and, hence, 
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available clicks), such as those commonly encountered 
in specialized, high-cost B2B IT service markets. A prom
ising direction for future research involves determining 
the optimal balance between AI- and human-generated 
ads within mixed sponsored search campaigns, particu
larly under varying budgetary and competitive condi
tions. We find that although currently, generative AI 
grants access to high SEA performance, human ad wri
ters can prevail under a subset of conditions. For exam
ple, humans have a competitive edge when it comes to 
communicating brand nuances for well-known brands.

Finally, our approach offers a mechanism by which 
advertising costs (CPC) can be anticipated to be kept 
in check. Consistent with prior work, we find that 
keyword alignment of the ads can increase both perfor
mance and CPC. As such, it is important to accommo
date CPC predictions in content production decisions. 
A benefit of our procedure is the ability to achieve 
improved performance under fierce competition when 
clicks are short but with a CPC that is on par with 
human-created content, which may enable small- and 
medium-sized businesses to be more competitive on 
limited budgets. A promising extension of our research 
would be to optimize ad content and projected CPC 
simultaneously.

This research offers insights of value to practitioners 
and paves the way for future research in ad content 
design, future ad generation systems, and the effect of 
content optimization factors on a company level. We 
hope our analysis demonstrates the potential to develop 
marketing applications that sit on top of foundational 
models, allowing business researchers to infuse context- 
specific knowledge into the development of automated 
systems.
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Endnotes
1 We use the phrase “content optimization” and associated phrases 
(e.g., “optimized content”) to refer to the process of producing content 
with the goal of improving SEA performance. This terminology is con
sistent with industry practice that refers to paid search optimization 
and is intended in the same practical spirit of manipulating content 
(e.g., Reisenbichler et al. 2022) as part of search engine optimization.
2 We provide a high-level overview of the entire process, with spe
cific technical implementation and performance evaluation details 
appearing in Web Appendices A1 and A2.
3 By default, in our framework, we rely on the 10 best organically 
ranked pages because many search engines typically display 10 
search results on the first search result page.
4 To make our explanations more tangible, we explain the LLM in 
terms of generating words, whereas in reality, it consists of token- 
based generation (e.g., whole words, pieces of words, etc.).

5 We provide additional modeling and model fine-tuning details, 
including hyperparameter tuning, in Web Appendix A1.
6 We removed stop words and special signs, then applied stem
ming, lowercasing, and tokenization of the text corpora.
7 One possible explanation is that ads with high content scores are 
competing in auctions with ads in better positions with better visi
bility (granting them more impressions and clicks), which is associ
ated with higher bids due to the second-price auction. See also 
Abou Nabout and Skiera (2012).
8 As shown in Web Appendix A3.1, human revision of PPLM- 
generated ads does not significantly change content optimality as 
measured by CSad (t��1.55, n.s.), which suggests that human revi
sion is not a primary driver of SEA performance in our subsequent 
empirical studies.
9 See Web Appendix A3.1 for details on the experimental groups 
and Web Appendix A3.2 for keyword sets.
10 See Web Appendix A3.4 for details.
11 Note that “Human – conventional” has a slightly better cost per 
conversion compared to “Best CS PPLM” (e0.14 versus e0.15) and 
“Human – keyword specific” (e0.16). Yet, the prime goal for our part
ner organizations is to raise the number of conversions rather than 
optimizing conversion cost because revenues for each conversion are 
typically valued at multiple thousands of euros per conversion.
12 See Web Appendix A3.6 for details.
13 For details on efficiency calculations, see Web Appendix A3.9.
14 In Web Appendix A3.10, we provide details on all used LLM ver
sions, setups, prompts, execution dates, and resulting CSad scores 
for a broader set of keywords used in a prestudy for this field test.
15 For illustrations of how an advertiser’s objective may differ from 
that of the search engine, see the plaintiff’s closing statement in 
US vs. Google, accessible at https://www.justice.gov/d9/2024-05/ 
421661.pdf.
16 Consistent with our intent of drafting ad content aligned with 
Google’s preferences, per ad click performance on the first cam
paign day strongly correlates with per ad click performance over 
the entire campaign runtime (education: τ� 0.77, p< 0.05; IT and 
SaaS: τ� 0.75, p< 0.05) (see Web Appendix A3.6), suggesting that 
Google quickly decides which ads are expected to perform well and 
mostly maintains this decision over time.
17 See Web Appendix A3.5.
18 See Web Appendix A3.5.
19 Note that 1 out of 19 independent target keywords was removed 
from the analysis due to incorrect LP links for that keyword, result
ing in 18 keywords. For further details on the experimental setup, 
see Web Appendices A3.2 and A3.3.
20 We replicate this pattern of results in a more comprehensive study 
that involved 145,939 sponsored ads scraped in 2022 for a set of 
approximately 2,720 industry-relevant keywords. We find that the 
experimental effects presented above are consistent and stable across 
the entire SEA industry. See Web Appendix A3.12 for more details.
21 See Web Appendix A3.13 for more details on this study.
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