
87DOI: https://doi.org/1010.37514/PER-B.2026.2777.2.11

CHAPTER 11.  

GENERATIVE AI CAN DO MY 
RESEARCH FOR ME  
✨ RESEARCHERS SHOULD 
ALWAYS EVALUATE AND 
CONTEXTUALIZE SEARCH RESULTS 

Leslie Allison, Tiffany DeRewal, and Amy Reed
Rowan University

According to a 2023 survey of generative artificial intelligence (GenAI) users 
ages 14–22, the most common use for GenAI is as a search tool (Hopelab et al., 
2024). Notably, this survey was conducted before many tech companies began 
trumpeting the search capabilities of AI. As of this writing, Google, Meta, Mic-
rosoft, and OpenAI have all integrated or plan to integrate GenAI search tools 
into their existing platforms, all making some version of a promise that GenAI 
is, in the words of OpenAI, a “faster and easier” internet search tool than a tra-
ditional search engine (OpenAI, 2024).

As any college student who has written a term paper knows, searching for 
relevant information can be one of the most time-consuming aspects of research. 
Who wouldn’t want a tool that could make finding information “faster and 
easier”? Instead of merely producing a ranked list of web links, GenAI search 
tools generate tidy outline or paragraph overviews in response to queries. Many 
even provide weblinks to accompany the generated text. If students experiment 
with one of any number of free GenAI search tools available today, they might 
surmise that they don’t need to provide precise keywords to get relevant and 
accessible responses, nor are they directed to paywalled content they cannot 
access. Indeed, it’s tempting to think of GenAI as a super-charged, one-stop 
research solution.

Yet, there are other important criteria besides speed and ease-of-use that 
help information-seekers determine whether a particular research tool is 
worthwhile. In this chapter, we argue that the most important criteria for 
evaluating a research tool is transparency. If researchers need to “check the 
work,” does the tool make it possible to do so? All search tools—but especially 

https://doi.org/1010.37514/PER-B.2026.2777.2.11


88

Chapter 11

GenAI search tools—are fallible, so it’s crucial that humans retain agency as 
researchers. GenAI search tools increase the risk of obtaining inaccurate and 
irrelevant information, while at the same time stripping the context that might 
help a researcher evaluate a particular source. Furthermore, GenAI search tools 
operate via different, opaque processes, meaning that how and why they get 
things wrong is different, depending on the tool. For this reason, we advo-
cate for research practices that allow users to retain control—making decisions 
about what information is relevant and credible.

IDENTIFYING CREDIBLE, RELEVANT, AND COMPLETE 
INFORMATION IS THE CENTRAL GOAL OF RESEARCH

When we search for information, we want to know that the information we 
find is accurate or credible and that it actually answers the question at hand. 
Unfortunately, current GenAI tools commonly fail on these accounts (Allison 
& DeRewal, 2024; Shah & Bender, 2024).

Take accuracy, for example: perhaps you remember when Google’s AI 
confidently recommended adding glue to pizza (Robison, 2024)? This AI “hal-
lucination” made the rounds online because it was so absurd and immediately 
recognizable as false information. While such examples are humorous and show 
the limits of GenAI search, as writing instructors, we worry that such laughable 
examples falsely give the impression that AI errors are easy to spot. Such an 
impression fundamentally mischaracterizes information-seeking processes. Que-
ries about whether glue belongs on pizza don’t replicate genuine informational 
searches: most people already know that glue is inedible. Real research is driven 
by inquiry—a need to ask a question that may not have a clear answer (ACRL 
Board, 2016). For example, what happens when AI-augmented search results 
recommend mixing dangerous chemicals (Turner, 2024) or voting at a nonexis-
tent polling location (Nelson & Angwin, 2024)?

While all search tools can provide inaccurate, irrelevant, and/or incom-
plete information, GenAI search tools put researchers at a double disadvantage 
because of their lack of transparency. First, as Shyam Sharma (2026) explains, 
these tools lack transparency because they are designed to sound credible and 
authoritative, even when the information they provide is inaccurate, biased, or 
incomplete. This “impression of omniscience,” as Sharma explains, makes it easy 
to be duped, especially when seeking new information. Second, the search pro-
cesses used by GenAI are opaque, distancing researchers from original sources 
(Shah & Bender, 2024) and harming researchers’ ability to evaluate and contex-
tualize information. Understanding the basics of how GenAI search tools work 
can help researchers make strategic choices about whether and when these tools 
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fit a research need, an essential skill recommended in the MLA Student Guide to 
AI Literacy (2024).

HOW DOES AI-AUGMENTED SEARCH (NOT) WORK?

GenAI chatbots and search tools are built on foundation models that make sta-
tistical predictions based on word associations calibrated over extremely large 
data sets. These tools cannot understand context, nor can they determine accu-
racy (Shah & Bender, 2024). And while the most recent GenAI tools combine 
their underlying large language model (LLM) technology—the foundation 
models that generate text—with external website content retrieval, which allows 
the tools to access current web sources, this development has not solved prob-
lems with accuracy, relevance, or completeness.

Contemporary GenAI search tools commonly add weblinks to LLM-gen-
erated content through a process known as retrieval-augmented generation, or 
RAG (Tay, 2024). In the RAG process, current websites are crawled and indexed, 
becoming additional sources of data for the LLM: “semantically relevant” text 
retrieved from those web sources is fed to the LLM to augment a user’s query, 
and weblinks can also be appended to the generated text output (Gienapp et al., 
2024; Tay 2024). While GenAI companies claim that RAG ensures “author-
itative” responses from “top-tier” sources, both anecdotal and experimental 
evidence shows that the RAG process of extracting text from indexed sources to 
augment a prompt does not ensure that the generated output will be accurate 
or that it will correspond to the supplied weblinks (Ho, 2024; “How,” 2024; 
OpenAI, n.d.). These tools produce:

•	 Inaccurate information (Gwon et al., 2024; Jaźwińska & Chan-
drasekar, 2025; Liu et al., 2023)

•	 Incorrect/misattributed citations (Jaźwińska & Chandrasekar, 2024, 
2025; Memon & West, 2024)

•	 Citations to deficient sources (Jaźwińska & Chandrasekar, 2024)
•	 Responses that distort, overgeneralize, or misrepresent the information 

from original sources (Jaźwińska & Chandrasekar, 2024; Memon & 
West, 2024; Peters & Chin-Yee, 2025)

Importantly, such problems persist even when GenAI tools are provided with 
more data from original sources, prompted to limit their search to particu-
lar types of sources (such as “only look for scholarly sources”), instructed to 
“behave” in certain ways (such as “act like a PhD-level researcher”), or used with 
“deep reasoning” capabilities (Chen et al., 2025; Liu et al., 2024; Magesh et al., 
2025; Peters & Chin-Yee, 2025).
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Significantly, the RAG process decontextualizes information from web sources: 
when text is extracted from a source to augment a prompt, there is no guarantee 
that the selected text reflects its authors’ intentions or the situation in which they 
were writing (Memon & West, 2024). As any good researcher knows, context 
is essential to understanding, evaluating, and applying a source of information 
effectively. Thus, even with the ongoing fine-tuning and enhancements of con-
temporary GenAI search tools, it is not surprising that the decontextualizing 
process of RAG, layered upon the decontextualizing process by which LLMs 
draw on their pretraining to generate text, continues to yield unreliable results. 
These processes produce content that persuasively mimics the end-product of an 
authentic, successful research experience, even as they subvert that experience 
through their very design, inhibiting transparency and limiting the researcher’s 
ability to evaluate the content being generated.

What does this mean for a student researcher? While a GenAI search system 
may provide end users with links to accompany generated text, those links do 
not mean that the text represents an accurate summary of those sources, that 
any kind of “fact-checking” has occurred, or that the text is related to the links 
at all. Furthermore, users have no way of knowing how, or how many, internet 
sources were indexed to produce those links, nor can they be certain those links 
will direct them to sites that are regarded as trustworthy or relevant sources of 
information.

RECLAIMING AGENCY IN THE SEARCH PROCESS

Even as we recognize the deficiencies of GenAI search tools, we also acknowledge 
that they are becoming increasingly difficult to avoid. Major tech companies aim 
to make GenAI pervasive throughout all stages of search, and we are approach-
ing an era where any user searching for digital sources may be required to engage 
with a chatbot-like interface, even when using traditional library databases such 
as JSTOR or EBSCO (EBSCO, 2023; Guthrie & LaPensee, 2024). Yet research-
ers still have agency in determining whether or how they use the information 
that these tools provide. Here are a few guidelines for conducting research in the 
era of GenAI:

Take the Word “Research” Literally—Re-Search—
and Consult Multiple Search Tools

The best researchers don’t rely on one tool, nor stop at one search query. Rather 
than relying on one tool, such as Elicit, Google, or even JSTOR or Project Muse, 
effective researchers work across multiple platforms. No matter the search tool, 
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they look for sources over and over again, using different prompts and keywords, 
asking different questions, and exploring different angles. A good researcher will 
spend a lot of time just looking for sources—and reading them critically—before 
starting to draw any conclusions. This process, of course, can be hard to do when 
up against a deadline. But good information-seeking practices are, at their core, 
recursive processes, not linear.

Know the Search Capabilities of the Product Being Used, 
and Prioritize Platforms that Value Transparency

To evaluate the comprehensiveness, relevance, and credibility of research out-
put, researchers need to know what sources the GenAI product has access to 
and how it accesses them. GenAI tools are less transparent on both counts than 
traditional search tools. For example, it’s a common assumption that all of the 
GenAI search tools available today can browse the internet and provide live 
web links. In truth, the browsing capabilities of major LLM-based tools, such 
as ChatGPT, Microsoft Copilot, and Claude, are highly variable, constantly 
shifting, and often dependent on version model, subscription, or login status. 
Effective use of any of these search tools requires knowing their relationship to 
web browsing, a relationship not always made clear to the user. Likewise, not 
every search platform has transparent practices for indexing sources. Perplexity 
states it relies on “trusted news sources, academic papers, and established blogs,” 
without elaborating on how they determine what counts as trusted or estab-
lished (Perplexity, n.d.). In contrast, JSTOR publishes lists of every scholarly 
journal it hosts, allowing researchers to know where knowledge gaps might lie 
(JSTOR, n.d.; JSTOR, 2021).

Be Wary of Summarization Features

GenAI search tools claim to summarize and synthesize sources on your behalf, 
providing you a fast, easy answer. Yet of all GenAI research features, source sum-
marization is perhaps the most shaky. When scholarly AI platforms like Elicit 
summarize scholarly papers, for instance, they are often limited to summarizing 
the abstract, rather than the article’s full text (Elicit, 2024). That means that 
users are not provided a comprehensive summary of a full paper, but merely a 
summary of a summary. Furthermore, GenAI scholarly search tools’ ability to 
interpret context and domain-specific knowledge is prone to error. Elicit notes, 
for instance, that the “models aren’t explicitly trained to be faithful to a body of 
text by default,” and as such, “can miss the nuance of a paper” (Elicit, 2024). 
It’s important to always keep in mind that the technological process underlying 
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these tools, called automatic text summarization (or ATS), is still nascent, and 
cannot perform at the same level as human summarization (Luo et al., 2024; 
Shakil et al., 2024).

Ask a Human

Sometimes, the best methods of finding sources for research don’t involve search 
engines at all. Asking a librarian, teacher, or expert in your field for recommen-
dations can be one of the “faster and easier” ways to find high-quality sources. 
Because librarians and subject matter experts intimately understand field-specif-
ic research inquiries, a key component of the ACRL framework, they can open 
up lines of questions that more novice researchers would not have known to 
ask. These questions, in turn, can lead more directly to relevant sources, many 
of which may be housed offline, in proprietary databases, or specialized indexes 
that GenAI search products simply cannot access. This process can be invaluable 
to any researcher, regardless of skill level.

Over the coming decade, GenAI will play an increasingly larger role in our 
search processes, but at the end of the day, research is a deeply human, social act 
of asking questions about our world. We encourage building search habits that 
will retain researcher agency, keeping humans central to evaluating the credibil-
ity and quality of the information.
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