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ABSTRACT: Keyword research tools report search volume, keyword difficulty (KD), and
cost-per-click (CPC) only for queries that exceed their aggregation thresholds. Queries below
these thresholds are routinely excluded. This study quantifies the proportion of queries with
unavailable keyword metrics and evaluates the Fast Lane Keyword Methodology, a framework
for prioritizing zero-data queries without relying on search volume. The Fast Lane Score
combines four indicators, each scored from 0 to 3: query length, intent-modifier categories,
search engine results page (SERP) weakness, and semantic parent match with a test publisher.
Google autocomplete suggestions were collected for 29 seed keywords across three sectors
(SEO tools, small-business consulting, and e-commerce) in the United States in October 2026,
yielding 6,993 relevant queries. Keyword metrics were obtained from DataForSEO, and live
SERPs were analyzed for each zero-data query. A total of 2,459 queries (35.2%) had no
reported search volume, KD, or CPC, with proportions ranging from 14.7% to 70.0% across
seed keywords. Zero-data queries were slightly longer than measurable queries (mean: 4.50 vs.
4.14 words) but did not contain more intent modifiers. Their top-ranking results were also more
likely to lack pages directly matching the queries (72.8% vs. 58.1%). Based on the prespecified
thresholds, 0.1% of zero-data queries were classified as Priority A, 9.5% as Priority B, and
45.9% as Priority C. In contrast, a conventional volume-based scoring method assigned a score
of zero to all these queries. Approximately one-third of Google-suggested queries lack standard
keyword metrics. The proposed structural scoring framework enables reproducible
prioritization of these queries, providing small and medium-sized businesses with a systematic
approach to identifying content opportunities overlooked by volume-based keyword research
methods. However, the scoring thresholds require further calibration and validation against
actual search-ranking outcomes.

KEYWORDS: Search engine optimization; query length; search intent; SERP analysis; small
business content strategy
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1. Introduction

Keyword research has evolved from selecting terms based solely on search volume to balancing
search demand against competition, using metrics such as keyword difficulty, cost-per-click
(CPC), and competitive density [1, 2]. Organic search visibility remains a major determinant
of traffic to commercial websites [1], while query formulation influences which sources and
search engine results page (SERP) features are displayed [3]. Therefore, selecting appropriate
target queries remains one of the most consequential decisions in search engine marketing.

However, these metrics are generally available only for queries that occur frequently
enough to be measured. Search demand is highly skewed, with a substantial proportion of
queries occurring infrequently, many appearing only once, and user behavior differing between
common and rare queries [4, 5]. Similar long-tail patterns have been observed in e-commerce
search logs, where low-frequency queries generate sparse interaction signals that even large
platforms struggle to interpret and address effectively [6, 7]. Keyword research tools that
aggregate search data often report no search volume, keyword difficulty, or CPC for these
infrequent queries. Conventional keyword research practices frequently interpret the absence
of such metrics as an indication of limited opportunity, resulting in the exclusion of these
queries during the initial screening process.

However, the consequences of this filtering approach are not necessarily neutral. In long-
tail markets, estimation methods that exclude zero observations can produce biased demand
estimates [8]. Furthermore, reductions in search costs have expanded the range of products
purchased by consumers online, reinforcing the economic significance of long-tail markets [9,
10]. If zero-data queries represent genuine search demand, systematically excluding them may
conceal potential opportunities from businesses that rely on conventional keyword research
tools. Consequently, these queries may face less direct competition from businesses employing
similar selection strategies.

This asymmetry is particularly relevant to small and medium-sized businesses (SMBs).
Competing for high-volume queries often requires substantial domain authority, extensive
backlink profiles, and significant content development budgets, which resource-constrained
organizations may lack. Although SMBs recognize the importance of search engine
optimization (SEO) for online visibility, limited resources often force them to treat SEO as a
secondary business activity [11]. Moreover, existing SEO evaluation approaches have largely
been developed for large, globally oriented websites rather than smaller, locally focused
businesses [12]. From a resource-based perspective, sustainable competitive advantage may
emerge from identifying and exploiting opportunities that competitors cannot easily recognize
or replicate [13].

The search environment is also undergoing significant transformation. Al Overviews
now appear in approximately half of real-user Google queries and are positioned above
conventional organic search results [14]. Although users continue to interact with organic links
through familiar browsing patterns [15], generative search engines select and cite information
sources through mechanisms over which publishers have limited control [16, 17]. In addition,
conversational search interfaces encourage users to formulate longer, more specific, and more
structured queries than those typically used in traditional search environments [18, 19]. Such
queries may be particularly likely to fall below the aggregation thresholds applied by
conventional keyword research tools.
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Previous studies have primarily examined long-tail queries from the search engine
perspective, focusing on caching, information retrieval, and query rewriting [5—7]. Other
research has investigated keyword selection and optimization strategies for queries with
measurable search volumes [20]. However, to the author's knowledge, no published framework
has specifically addressed the systematic evaluation of queries for which conventional keyword
research tools report no measurable data. Furthermore, limited empirical evidence is available
regarding the prevalence of these zero-data queries and the characteristics of their associated
search results. These limitations highlight the need for an alternative keyword evaluation
approach that does not depend exclusively on conventional search volume metrics.

This study proposes the Fast Lane Keyword Methodology, a four-signal scoring
framework designed to prioritize zero-data queries independently of search volume, and
evaluates its application using a dataset of 6,993 queries across three industry sectors. The
study makes three primary contributions. First, it quantifies the proportion of zero-data queries
generated through standard query-expansion methods and examines their structural
characteristics and SERP features. Second, it introduces a transparent and reproducible scoring
rubric, supported by explicit justifications for the selected indicators, weights, and
classification thresholds. Third, it compares the Fast Lane Score with a conventional volume-
based keyword opportunity score to identify differences in query prioritization and determine
which potential opportunities are retained or excluded by each approach.

2. Literature Review

2.1. Long-tail queries and long-tail demand

The long-tail theory suggests that aggregated demand for niche products can rival the demand
for a small number of popular products [10]. In online retail, reduced search costs result in a
measurably less concentrated sales distribution compared with traditional retail channels [9].
Web search exhibits a similar pattern, with a substantial proportion of queries occurring
infrequently and search behavior differing between high-frequency (head) and low-frequency
(tail) queries [4]. The prevalence of queries that occur only once (singletons) also limits the
efficiency of search-result caching [5]. Recent studies on e-commerce search confirm that long-
tail query frequencies follow a Pareto distribution and generate sparse interaction signals [6].
Furthermore, existing query-rewriting methods often struggle to retrieve relevant results for
these infrequent queries [7]. Collectively, this literature establishes that long-tail queries
constitute a substantial proportion of search activity and present significant retrieval
challenges. However, it does not adequately address the practical challenges faced by
marketers in determining which long-tail queries warrant content investment when
conventional keyword research tools provide no measurable data.

2.2. Keyword Metrics and the Limitations of Data Aggregation.

Keyword research tools rely on aggregated search query data to estimate metrics such as search
volume, keyword difficulty, and cost-per-click (CPC). Queries that fall below a tool's minimum
reporting threshold may be returned without measurable values. Research on keyword selection
in search advertising demonstrates that keyword specificity interacts with search volume.
Adding product-specific information to a keyword can influence click-through rates and
advertising costs differently depending on the search volume associated with the product

category [20]. More broadly, research on demand estimation indicates that excluding zero-sales
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observations can introduce bias into demand estimates in long-tail markets [8]. A similar
concern arises in keyword research when queries with unavailable search volume data are
excluded, effectively treating the absence of measurement as evidence of absent demand. To
the author's knowledge, no peer-reviewed study has systematically quantified the extent to
which keyword research tools fail to report actual search activity. However, the present study
does not attempt to measure this unreported activity directly. Instead, it quantifies the
proportion of zero-data queries generated through a standardized keyword expansion procedure
and examines the characteristics of their associated search engine results pages (SERPs).

2.3. Query Length, Specificity, and Conversational Search.

Longer queries generally contain more specific information, and variations in query wording
can influence the search results retrieved by search engines [3, 21]. The growing adoption of
conversational and large language model (LLM)-based search systems has also increased the
relevance of longer and more complex queries. Prompts submitted to LLM-based assistants are
frequently verbose and structured, often expressing broader or more detailed information needs
than conventional search queries [18]. Conversational search systems are designed to process
complex natural-language queries and maintain contextual information across multiple
interactions [19]. Moreover, users of LLM-powered search systems exhibit querying behaviors
that differ from those associated with traditional search engines [22]. Despite these
developments, conventional search engines and conversational Al systems continue to serve
distinct functions. Users frequently rely on search engines to browse and verify information,
whereas chatbots are increasingly used to delegate tasks and obtain synthesized responses [23,
24]. Consequently, longer and more specific queries are likely to remain relevant to
conventional search environments. Such queries may also be more likely to fall below the
aggregation thresholds applied by keyword research tools, making them particularly relevant
to alternative keyword evaluation approaches.

2.4. Search Intent.

Broder's taxonomy classifies search queries into three primary categories: informational,
navigational, and transactional [25]. Automated classification of queries according to these
categories has been extensively investigated [26], while topic-based query categorization has
also been shown to improve information retrieval performance [27]. Recent studies suggest
that generative artificial intelligence has transformed user expectations of search systems,
highlighting the need for revised, user-centered taxonomies of search intent [28, 29].
Nevertheless, automated intent classification remains challenging, particularly for short or
ambiguous queries, even when LLM-based approaches are employed [30]. To address these
limitations, the Fast Lane Score employs a transparent, rule-based lexical approach rather than
a machine-learning classifier. Specifically, it evaluates the presence of comparative,
superlative, price-related, and audience-specific modifiers as observable indicators of query
intent. This approach facilitates consistent application, minimizes dependence on complex
classification models, and enables practitioners to reproduce the scoring procedure.

2.5. SERP Composition, User-Generated Content, and AI-Generated Answers.

The composition and presentation of search engine results pages influence how users access,
evaluate, and interact with retrieved information. Different result presentation formats can
affect search efficiency and user satisfaction depending on the nature of the search task [31].
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Recent developments in generative search have further transformed SERP composition. Al
Overviews and featured snippets displayed on the same results page may provide inconsistent
information [32], while Al-generated answer boxes have become increasingly prominent SERP
features [33]. Furthermore, sources cited in Al-generated responses overlap only partially with
conventional organic search results [14, 34]. In health-related searches, AI Overviews have
been observed to give greater prominence to user-generated multimedia content, including
YouTube videos, compared with conventional organic results [34]. The effects of generative
Al on online communities have also varied. For example, Stack Overflow experienced a
decline in activity following the introduction of ChatGPT, whereas Reddit communities
showed no comparable evidence of declining participation [35]. Search result quality remains
another important concern. A year-long audit of Google, Bing, and DuckDuckGo revealed
persistent difficulties in distinguishing high-quality product reviews from heavily optimized
affiliate content [36]. Related research has proposed criteria for evaluating high-quality SEO
content, including characteristics relevant to determining whether a ranking page adequately
addresses a user's query [37]. However, to the author's knowledge, no peer-reviewed study has
systematically quantified the extent to which forums and other user-generated content dominate
top-ranking results for long-tail commercial queries. The present study addresses this gap by
examining the prevalence of such content within its dataset.

2.6. Topical Authority and Semantic Relevance.

Modern information retrieval systems increasingly evaluate semantic relationships between
queries and documents rather than relying exclusively on exact keyword matching. Dense
retrieval models employ learned semantic representations to capture relationships between
queries and textual content [38], while LLMs are increasingly integrated into information
retrieval systems [39]. In SEO practice, these developments are frequently associated with the
concept of "topical authority," which suggests that websites providing comprehensive coverage
of a particular subject may be better positioned to rank for semantically related queries.
Although this concept is widely discussed among SEO practitioners, its independent effect on
search rankings has not been conclusively established through peer-reviewed empirical
research. Accordingly, the Fast Lane Score adopts a narrowly defined and observable
operational measure of topical relevance rather than assuming that topical authority directly
determines ranking performance..

2.7. Composite Scoring and Weighting.

The Fast Lane Score is structured as an additive composite index that combines multiple
indicators into a single evaluation measure. Weight selection and aggregation methods are
among the most debated aspects of composite index construction [40, 41], particularly because
subjective weighting decisions can introduce bias and influence the resulting rankings [42].
Previous research has demonstrated that unit-weighted linear composites can achieve
predictive performance comparable to that of optimally weighted models across various
applications [43, 44]. However, equal weighting is not universally optimal. For example,
research involving partial least squares structural equation modeling (PLS-SEM) has shown
that equally weighted composites may exhibit weaker out-of-sample predictive performance
than composites using differentiated weights [45]. In the context of local-business SEO, an
averaged composite indicator has also been employed and found to correlate with business
performance [12]. These findings suggest that simple weighting approaches can provide a
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transparent and practical foundation for composite scoring, although their suitability depends
on the characteristics and objectives of the evaluation framework. Therefore, the Fast Lane
Score adopts an explicitly defined weighting structure to support reproducibility and
interpretability.

3. Materials and Methods
3.1. Origin of the Framework.

The framework was developed iteratively between February and March 2026, during which
the author managed keyword strategies for two commercial keyword research tools. The initial
approach employed a conventional keyword opportunity score, calculated as follows:

Opportunity = Volume % (1 — KD/100) x Intent Match

Intent weights were assigned as 1.0 for transactional or local queries, 0.6 for informational
queries, and 0.3 for navigational queries. When applied to the complete set of queries generated
by a keyword research tool, this formula assigns a score of zero to every zero-data query,
regardless of its wording or SERP characteristics. The Fast Lane Score was therefore developed
to prioritize queries that conventional volume-based scoring methods cannot adequately
evaluate. Earlier versions of the framework employed different word-count categories and a
tiered intent classification scale. The scoring rubric presented in this study was finalized before
the validation study and remained unchanged after data collection. An earlier operational
estimate suggested that approximately 5-15% of generated queries returned no keyword
metrics. However, this estimate was based on informal observations across multiple campaigns
and was not systematically documented.

3.2. Data Collection.

The study was conducted independently of NP Digital and its associated tools, using a
DataForSEO account funded by the author. Data collection was performed on 21 October 2026,
with the United States selected as the target market and English as the search language.

3.2.1. Verticals and Seed Keywords.

Three industry sectors were selected because they involve substantial participation by small
and medium-sized businesses (SMBs) and face established competition from large online
publishers: SEO and digital marketing tools, small-business consulting, and e-commerce. Ten
seed keywords were initially identified for each sector, yielding 30 seed keywords in total
(Appendix A). The seeds were selected to represent major product and service categories
within each sector, emphasizing generic head terms rather than brand-specific keywords. One
seed keyword, "rank tracker," was excluded after data collection because the term also refers
to video-game ranking tools. Consequently, unrelated gaming suggestions satisfied the
predefined relevance criteria and dominated the results for this seed.
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Table 1. Seed Keywords By Vertical.

Vertical Seed keyword Queries Zero-data (%)

SEO and digital marketing tools  keyword research tool 237 83 (35.0)
SEO and digital marketing tools  seo audit tool 99 47 (47.5)
SEO and digital marketing tools  rank tracker excluded excluded
SEO and digital marketing tools  backlink checker 136 32 (23.5)
SEO and digital marketing tools  seo software for small business 2 0(0.0)

SEO and digital marketing tools  content optimization tool 10 2 (20.0)

SEO and digital marketing tools  local seo tool 53 30 (56.6)
SEO and digital marketing tools  ai seo tool 98 65 (66.3)
SEO and digital marketing tools ~ website speed test 194 72 (37.1)
SEO and digital marketing tools  email marketing software 158 48 (30.4)
Small business consulting small business consultant 139 67 (48.2)
Small business consulting business plan writer 81 19 (23.5)
Small business consulting small business bookkeeping 198 105 (53.0)
Small business consulting llc formation service 49 14 (28.6)
Small business consulting small business marketing agency 29 9 (31.0)

Small business consulting hr outsourcing 90 27 (30.0)
Small business consulting business coach 458 195 (42.6)
Small business consulting payroll service 435 187 (43.0)
Small business consulting small business grant 469 188 (40.1)
Small business consulting fractional cfo 404 283 (70.0)
E-commerce shopify store 498 171 (34.3)
E-commerce dropshipping 677 112 (16.5)
E-commerce print on demand 583 125 (21.4)
E-commerce ecommerce website builder 116 57 (49.1)
E-commerce product photography 490 149 (30.4)
E-commerce amazon fba 470 69 (14.7)
E-commerce etsy shop 502 173 (34.5)
E-commerce abandoned cart email 122 47 (38.5)
E-commerce subscription box business 51 20 (39.2)
E-commerce ecommerce shipping 145 63 (43.4)

3.2.2. Query Generation.

Google autocomplete suggestions were collected for each seed keyword using 49 query probes,
following the structure commonly employed by question-and-modifier keyword research tools.
These probes comprised 11 question prefixes (how, what, why, where, when, who, which, can,
will, are, and is), seven preposition and modifier suffixes (for, with, without, near, to, can, and
1s), five comparison suffixes (vs, versus, or, and, and like), and 26 alphabetical suffixes (a—z).
This procedure generated 1,470 probes and yielded 9,036 unique suggestions after duplicate
removal.

3.2.3. Relevance Filtering.

Google autocomplete may return suggestions that are unrelated to the intended topic of a seed
keyword. For example, the seed "rank tracker" generated suggestions associated with video-
game ranking systems. To address this issue, a relevance-filtering rule was established before
keyword metrics were retrieved. Only queries containing every content word of the
corresponding seed keyword were retained, with singular and plural forms treated as
equivalent. This conservative filtering approach may exclude relevant paraphrases, such as
"rank tracking for seo." Nevertheless, it provides a consistent and reproducible relevance
criterion. The filtering procedure retained 7,185 queries. Following the exclusion of the
ambiguous seed keyword, the final dataset comprised 6,993 queries derived from 29 seeds.
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3.2.4. Keyword Metrics.

Search volume and cost-per-click (CPC) data were retrieved through the Google Ads endpoint,
while keyword difficulty (KD) was obtained from DataForSEO Labs. The Google Ads
endpoint accepts keywords containing no more than 80 characters and 10 words. Consequently,
33 longer queries could not be submitted and had no available search volume or CPC data from
this source. This limitation represents an additional form of the measurement gap examined in
the study. Section 4.5 presents a sensitivity analysis excluding these queries. A query was
classified as zero-data when its search volume, KD, and CPC were all reported as zero or were
unavailable.

3.2.5. SERP Data.

For each zero-data query, the top 10 organic search results were retrieved, including the
domain, URL, and page title of each result. The estimated monthly organic traffic of every
domain appearing among the top 10 results was also collected as a proxy for domain authority.
In addition, the main textual content of the highest-ranking result was retrieved to determine
its word count. To facilitate comparisons between zero-data and measurable queries, equivalent
SERP data were collected for a simple random sample of 500 queries with measurable keyword
metrics.

3.3. Measures.

The Fast Lane Keyword Methodology incorporates four complementary signals designed to
evaluate the structural characteristics, commercial relevance, competitive conditions, and
topical alignment of zero-data queries. Figure 1 illustrates the conceptual relationships between
these signals and the proposed outcome. The conceptual model presented in Figure 1
distinguishes the observable indicators used in the scoring framework from the potential
ranking outcomes that may result from their application. Although the four signals are
combined into a composite opportunity score, the proposed relationship between this score and
actual search-ranking performance is not empirically tested in the present study.

Specificit: uery length Proposed outcome: earlier ranking
P Y (query length) for SMB publishers (untested)
S1: proxy for conversion intent

Search intent (modifier categories)

S2: proxy for commercial value

Zero-data keyword opportunity
(Fast Lane Score, 0-12)

SERP weakness
(authority, UGC, content gap, depth)
S3: proxy for rankability

A

Semantic parent match

(publisher's topical authority) Boundary condition: no volume,
S4: proxy for authority transfer KD or CPC reported for the query

Figure 1. Conceptual Model of the Fast Lane Score. The Proposed Outcome is not Tested in This Study.
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3.3.1. Signal 1.

Query length is used as a proxy for specificity, based on evidence that longer queries tend to
express more detailed information needs [3, 21]. As presented in Table 2, queries containing
1-3 words receive 0 points, those containing 4—5 words receive 1 point, those containing 6—7
words receive 2 points, and those containing eight or more words receive 3 points. This scoring
structure assumes that greater query specificity may indicate a more clearly defined
information need, although longer queries do not necessarily demonstrate stronger commercial

intent.
Table 2. Fast Lane Score: Signals, Scoring Criteria, and Interpretation.
Signal Construct (proxy for) Scoring criteria Points

S1: Word count  Specificity and 1-3words=0;4-5=1;6-7=2;>8=3 0-3

potential conversion

intent
S2: Intent Buyer stage and +1 per modifier category (comparative, superlative, price/value, or ~ 0-3
modifiers potential commercial audience), capped at 3

value
S3: SERP Competition and +0.75 per condition: no high-authority domain among the top five;  0-3
weakness potential rankability =~ >2 user-generated results among the top five; no direct query match

in the top-five titles; highest-ranking result contains fewer than 1,000
words

S4: Semantic Topical relevance and +1 per condition: ranks for the parent keyword; ranks among the top 0-3
parent match potential authority 20 within the same topical cluster; ranks among the top 10 for the

transfer seed keyword
Fast Lane Score Structural keyword S1+S2+S3+54 0-12

opportunity
Priority Keyword prioritization A: 9-12 (prioritize for immediate content development); B: 6 to less Four
classification than 9 (review weaker signals before investment); C: 3 to less than 6 categories

(monitor or consider selectively); Deprioritize: below 3

Abbreviations: KD, keyword difficulty; CPC, cost-per-click; SERP, search engine results page.

3.3.2. Signal 2.

This signal evaluates lexical indicators associated with different stages of the buyer's decision-
making process. As summarized in Table 2, one point is assigned for the presence of each of
four modifier categories, with the total capped at 3 points. These categories comprise
comparative modifiers (vs, versus, compare, alternative, or, instead of, replace, better than, and
difference), superlative modifiers (best, top, cheapest, top rated, fastest, and easiest), price or
value modifiers (free, cheap, affordable, price, pricing, cost, under $X, monthly, and lifetime),
and audience qualifiers (for small business, for freelancers, for beginners, for agencies, and
similar expressions). Multiple modifiers belonging to the same category contribute only one
point. This category-based approach ensures consistency between the operational scoring
procedure and the criteria presented in Table 1, resolving an inconsistency in an earlier version
of the framework that counted individual modifier words rather than categories.

3.3.3. Signal 3.

This signal assesses the competitive characteristics of organic search results using four
observable conditions, each contributing 0.75 points, for a maximum of 3 points, as detailed in
Table 2. The first condition is satisfied when none of the top five organic results originates
from a high-authority domain, operationally defined as a domain receiving an estimated
1,000,000 or more organic visits per month. The second condition is satisfied when at least two
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of the top five results consist of forum discussions, question-and-answer pages, or other user-
generated content. The third condition is satisfied when none of the top five result titles contains
at least 80% of the query's content words, indicating the absence of a direct lexical match. The
fourth condition is satisfied when the highest-ranking result contains fewer than 1,000 words
of main textual content. An earlier version of the rubric assessed authority using a third-party
domain-authority metric. In the present framework, estimated monthly organic traffic replaces
that metric to improve reproducibility through the use of a consistent data source. The four
conditions summarized in Table 2 collectively provide a standardized measure of SERP
weakness, with higher scores indicating potentially less competitive search environments.

3.3.4. Signal 4.

This signal evaluates the topical alignment between a target query and an established publisher
within the corresponding industry sector. A test publisher was selected for each vertical using
a rule established before scoring. Specifically, the domain appearing most frequently among
the top 10 organic results for that vertical's zero-data queries was selected, excluding user-
generated content platforms and high-authority domains. This procedure identifies an
established, SMB-scale publisher that already competes for relevant queries while minimizing
subjective intervention in publisher selection (Table 3).

Table 3. Test publishers.

Vertical Test publisher Appearances in zero-data Estimatefl m.()flthly
top 10 organic visits
SEO and digital marketing semrush.com 65 946,988
tools
Small business consulting revenuebase.ai 115 43,792
E-commerce shopify.com 210 669,160

The signal awards 1 point for each of three conditions: (a) the publisher ranks for a
keyword containing the seed keyword, indicating existing parent-keyword content; (b) the
publisher ranks among the top 20 results for a keyword sharing at least two content words with
the target query, indicating membership in the same topical cluster; and (c) the publisher ranks
among the top 10 results for the seed keyword itself, indicating an established pillar topic. Each
condition is evaluated using the publisher's ranked-keyword data. Higher scores indicate
stronger existing relationships between the publisher's ranking profile and the target query,
although they do not establish a causal relationship between topical authority and subsequent
ranking performance. he priority classifications presented in Table 1 provide an operational
basis for allocating content development resources. Priority A identifies queries that satisfy
several favorable conditions within the framework, whereas Priority B identifies potentially
attractive queries requiring additional assessment. Priority C represents lower-priority
opportunities that may warrant monitoring, while queries scoring below 3 are deprioritized.
These classifications represent proposed decision rules rather than empirically validated
performance thresholds.

3.4. Procedure

The methodological procedure consists of sequential stages, beginning with seed keyword
selection and ending with query scoring and prioritization. As illustrated in Figure 2, the
process integrates autocomplete-based query expansion, relevance filtering, keyword metric
retrieval, zero-data classification, SERP analysis, and composite scoring. The figure highlights
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the distinction between conventional keyword evaluation and the proposed Fast Lane approach.
Under conventional volume-based scoring, queries without measurable search volume receive
a score of zero and are effectively excluded from further prioritization. In contrast, the Fast
Lane procedure retains these queries and evaluates them using observable structural, lexical,
competitive, and topical characteristics. All data collection and scoring procedures were
automated using a single script. Each API response was stored to preserve the original retrieved
information and support reproducibility. The script, seed keyword list, and scored dataset are
intended to be deposited in an open-access Zenodo repository following manuscript
acceptance. The corresponding digital object identifier (DOI) will be added to this section once
the repository record becomes available.

1. Seed selection
3 verticals x 10 seed keywords (United States, English)

A J

2. Query generation
Google autocomplete: 49 probes per seed (question,
preposition, comparison and alphabetical modifiers)

v

3. Relevance filter
keep queries containing every content word of the seed

v

4. Metric enrichment
search volume, CPC (Google Ads); KD (DataForSEO Labs)

\ J

-

v

no Measurable query
(random sample of 500
for SERP comparison)

Volume, KD and CPC
all zero or unreported?

‘ yes

[ 5. Zero-data query set ]

v
[ 6. SERP retrieval: top-10 organic results, domain traffic, ]

#1 page length; test publisher's ranked keywords

) O~ ,

[ S1 Word count ] [ S2 Intent ] S3 SERP ] [ S4 Semantic ]

(specificity) modifiers weakness parent match

— =

-

7. Fast Lane Score = S1 + S2 + 83 + S4 (0-12)

:

[ 8. Priority bands

A9-12 | B 6-8 | C 3-5 | Deprioritise below 3

¥

9. Comparison with the conventional opportunity score

Figure 2. Methodological Flowchart of the Fast Lane Procedure.

3.5. Justification of weights and thresholds
3.5.1. Equal Weighting.

Each of the four signals contributes a maximum of 3 points to the composite Fast Lane Score.
Because empirical ranking outcomes were unavailable for estimating differentiated weights,
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equal weighting was adopted as a transparent and reproducible initial approach. Previous
studies have demonstrated that unit-weighted linear composites can achieve predictive
performance comparable to that of optimally weighted models across various applications [43,
44]. Equal weighting also reduces reliance on potentially biased subjective judgments when
determining the relative importance of individual indicators [42]. Nevertheless, equal
weighting is not universally optimal, and differentiated weights may improve predictive
performance under certain conditions [45].

3.5.2. Three-Point Scale for Each Signal.

Each signal is evaluated using a standardized scale ranging from 0 to 3 points. Signals 1, 2, and
4 each have four possible scoring levels, whereas Signal 3 comprises four conditions, each
contributing 0.75 points. Standardizing the maximum contribution of each signal prevents any
individual indicator from disproportionately influencing the composite score solely because it
contains more scoring categories or conditions. This approach also improves interpretability
by maintaining a consistent scoring range across the four dimensions. However, the use of a
common numerical scale does not necessarily imply that the indicators have equivalent
predictive importance or contribute equally to actual search-ranking performance.

3.5.3. Priority Thresholds.

The composite Fast Lane Score ranges from 0 to 12, with higher values indicating stronger
structural opportunities based on the proposed scoring criteria. Queries scoring 9 or above are
classified as Priority A, reflecting favorable performance across several dimensions. Scores
ranging from 6 to less than 9 are assigned to Priority B, indicating potentially attractive
opportunities with one or more weaker dimensions. Queries scoring from 3 to less than 6 are
classified as Priority C, while those scoring below 3 are deprioritized. These thresholds were
established before the validation study to provide a practical, transparent, and interpretable
classification framework. Section 4.3 evaluates the resulting priority categories by examining
differences in query structure and SERP characteristics across the scoring bands. However,
these comparisons do not establish whether the proposed thresholds can reliably predict
subsequent search-ranking performance.

3.6. Data Analysis.

Descriptive statistics were calculated for the complete dataset and separately for each industry
sector. Zero-data and measurable queries were compared in terms of word count, intent-
modifier categories, and SERP characteristics. Mann—Whitney U tests were employed to
compare ordinal measures, while chi-square (y?) tests were used to assess differences in
categorical proportions. The distribution of Fast Lane Scores was examined using a histogram,
as illustrated in Figure 4, with the number of queries in each priority category reported
separately for each industry sector. Figure 4 provides a visual representation of the overall
score distribution and the relative concentration of queries across the proposed priority
categories.

Three sensitivity analyses were conducted to assess the robustness of the findings. First,
the high-authority domain threshold used in Signal 3 was adjusted from the baseline of
1,000,000 estimated monthly organic visits to 500,000 and 5,000,000 visits. Second, the
analysis was repeated after excluding queries that exceeded the Google Ads submission limits.
Third, the previously excluded seed keyword was reintegrated into the dataset to evaluate its
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influence on the overall results. A statistical significance level of p < 0.05 was applied
throughout the analysis.

4. Results and Discussion

4.1. The Size of the Zero-Data Category.

Of the 6,993 queries in the dataset, 2,459 (35.2%) had no reported search volume, keyword
difficulty (KD), or cost-per-click (CPC) data. An additional 4,473 queries had reported search
volumes, while 61 had only KD values. Even among queries with measurable search volumes,
the values were concentrated near the reporting threshold. The median monthly search volume
was 10, the lowest value reported by Google Ads, and 62.9% of these queries had a monthly
search volume of 20 or fewer. The proportion of zero-data queries varied substantially across
seed keywords, as illustrated in Figure 3. Among the 27 seed keywords that generated at least
20 queries, the proportion ranged from 14.7% for "amazon fba" to 70.0% for "fractional cfo",
with a median of 37.1%. Two narrowly defined seed keywords generated insufficient
suggestions for meaningful comparison: "seo software for small business" (2 queries) and
"content optimization tool" (10 queries). Significant differences were also observed across
industry verticals (}*(2) = 244.66, p < 0.001). Small-business consulting exhibited the highest
proportion of zero-data queries at 46.5% (1,094 of 2,352), followed by SEO and digital
marketing tools at 38.4% (379 of 987) and e-commerce at 27.0% (986 of 3,654). These findings
indicate that the prevalence of zero-data queries varies considerably across both seed keywords
and industry verticals.

ecommerce website builder
ecommerce shipping
subscription box business
abandoned cart email

etsy shop

shopify store

product photography

print on demand
dropshipping

amazon fba

fractional cfo

small business bookkeeping
small business consultant
payroll service

business coach

small business grant

small business marketing agency
hr outsourcing

lic formation service
business plan writer

ai seo tool

local seo tool

seo audit tool

website speed test
keyword research tool !
email marketing software i
backlink checker !

content optimization tool E

1

1

I SEO and digital marketing tools
I Small business consulting
overall 3508 E-commerce

seo software for small business

T
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Zero-data queries (% of the seed's queries)

Figure 3. Share of Zero-Data Queries by Seed Keyword and Vertical. the Dashed Line Marks the Overall Share
(35.2%).
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The observed proportion of zero-data queries was more than twice the upper limit of the
preliminary 5-15% estimate presented in an earlier version of this study (Section 3.1). This
finding is consistent with previous research on long-tail search behavior, which indicates that
most distinct search queries occur infrequently [4, 5]. Consequently, keyword research tools
that report search volumes only above specific thresholds may fail to provide measurable data
for a substantial proportion of expanded queries. As demonstrated in Figure 3, the zero-data
category represents a substantial component of keyword datasets rather than an isolated
occurrence. Applying search-volume-based filtering to a keyword list generated through a
standard expansion procedure would exclude approximately one-third of the queries before
further analysis. Moreover, the extent of this exclusion varies considerably across topics,
potentially introducing systematic bias into keyword selection and subsequent analyses.

4.2. Zero-data Queries Compared with Measurable Queries.

Table 2 compares zero-data queries with measurable ones. Zero-data queries were slightly
longer (mean 4.50 words against 4.14; Mann—Whitney U = 6,407,236.5, p <0.001), and more
often had eight or more words (2.7% against 1.0%), but the median was four words in both
groups. They did not differ in intent modifiers: 13.3% of zero-data queries and 12.7% of
measurable queries contained at least one modifier category (¥*> = 0.48, p = 0.49), and fewer
than 1% of either group contained two or more.

Table 2. Zero-data and Measurable Queries Compared.

Characteristic Zero-data (n = 2,459) Measurable (n = 4,534) Test
Mean words (median) 4.50 (4) 4.14 (4) U =6,407,236.5, p <0.001
8 or more words 2.7% 1.0%
At least one intent-modifier  13.3% 12.7% x> =048,p=0.49
category
Two or more categories 0.8% 0.7% ¥=0.15p=0.70
SERP characteristics (top n=2459 random sample, n = 499
five)
No high-authority domain 20.6% 20.6% x*=0.00,p=1.00
Two or more user- 25.7% 32.3% x> =8.66,p=0.003
generated results
No title directly matching 72.8% 58.1% x> =42.38,p <0.001
the query
#1 result under 1,000 words  59.3% 60.3% ¥*=0.15,p=0.69
Mean S3 score (0-3) 1.34 1.29 U=637,391.5,p=0.14

Note: SERP data for measurable queries come from a simple random sample of 500 (one returned no organic
results). High-authority domain: estimated organic traffic of 1,000,000 or more visits a month.

The SERPs of the two groups were similar on authority and page depth. The clearest
difference was the content gap: in 72.8% of zero-data SERPs no top-five title addressed the
query directly, against 58.1% for measurable queries. User-generated results were common in
both groups but slightly less common for zero-data queries. Reddit alone appeared in the top
five of 40.3% of zero-data SERPs. These results qualify the premise that zero-data queries are
a distinct, more specific kind of query. In this dataset they look much like measurable queries
in wording, and Google ranks similar kinds of sites for both. What sets them apart is that search
results answer them less directly, which is the gap a publisher could fill. This fits evidence that
specific wording changes what search engines return [3] and that results for commercial queries
are often a poor match for what users ask [36]. The prominence of Reddit and other forums is
consistent with research showing that user-generated content holds a large place in current
results [34, 35], although in this dataset it was not more prominent for zero-data queries.
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4.3. Distribution of Fast Lane Scores and Priority Bands.

All 2,459 zero-data queries were scored. Fast Lane Scores ranged from 0 to 9.5, with a mean
of 3.45 (SD 1.73) and a median of 3.25 (Figure 4). Only 2 queries (0.1%) reached Priority A,
234 (9.5%) were Priority B, 1,129 (45.9%) Priority C and 1,094 (44.5%) were deprioritised.
The bands differed by vertical. Priority B made up 18.7% of the SEO-tools queries and 15.0%
of the e-commerce queries, but only 1.4% of the consulting queries, where 60.4% were
deprioritised. Most of that difference comes from Signal 4, which depends on the test publisher:
mean S4 was 1.59 against semrush.com, 1.40 against shopify.com and 0.42 against
revenuebase.ai.

I Priority A (9-12)
250 4 I Priority B (6-8)
Priority C (3-5)
Deprioritise (<3)
200 +
172
2 150 A
7]
=]
¢}
100 A
50 4
0 T T T ~ T T T T T T 1

0 1 2 3 4 5 6 7 8 9 10 1 12
Fast Lane Score (0-12)

Figure 4. Distribution of Fast Lane Scores Across the 2,459 Zero-Data Queries, Coloured by Priority Band.

Signal by signal, the mean scores were 0.98 for S1, 0.14 for S2, 1.34 for S3 and 0.99 for
S4. Signal 2 contributed least. Of the zero-data queries, 86.7% contained no intent modifier
and none contained more than two. Moving up the bands, every signal rises: deprioritised
queries averaged 0.61 on S1, 0.03 on S2, 1.09 on S3 and 0.19 on S4, while Priority B queries
averaged 1.72, 0.46, 1.83 and 2.77. The bands therefore separate queries that are longer, face
weaker SERPs and sit closer to the publisher's existing topics, as intended. Without Signal 4,
only 6 queries would score 6 or more. The near-empty Priority A band is the main result of this
section. The thresholds were set before data collection, on the assumption that the strongest
opportunities combine several intent modifiers with a long, specific query. Queries of that kind
exist (Section 4.4), but autocomplete rarely produces them: it completes short prefixes into
short phrases, and only 0.8% of its zero-data suggestions carried two or more modifier
categories. Under the fixed thresholds the bands are therefore conservative. In practice the
framework is better read as a ranking within a list than as an absolute standard: the top decile
of this dataset (Priority B and above) contains 236 queries a publisher could act on.

4.4. Worked examples.

The three queries used as examples in the earlier version were re-scored against live SERPs on
21 October 2026 with the corrected rubric (Table 3). Signal 4 was scored against the SEO-tools
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test publisher, with "ubersuggest" as the seed. These queries were written by hand and are not
part of the dataset.

Table 3. Re-scoring of the Three Example Queries (United States, 21 October 2026).

S3 (conditions

Query Words S1 S2 (categories) met) S4 Score Band
how does ubersuggest 10 3 2 (comparative, 2.25 (UGC,no 1 8.25 B
lifetime pricing compare to price) direct match,
monthly seo tools thin #1)
best seo tools under $50 per 10 3 3 (superlative, 0.75 (no direct 1 7.75 B
month for small businesses price, audience)  match)
is ubersuggest good enoughto 9 3 2 (comparative,  0.75 (no direct 0 5.75 C
replace semrush for audience) match)
freelancers

S1, word count; S2, intent-modifier categories; S3, SERP weakness; S4, semantic parent match; UGC, two or
more user-generated results in the top five.

None of the three reaches Priority A. The earlier version reported scores of 10 to 11.25
for these queries, all in Priority A; the difference comes from correcting the scoring errors the
reviewers identified and from scoring Signals 3 and 4 against live data rather than by
inspection. The examples illustrate how the rubric is applied. They also show that hand-written
queries carry far more intent modifiers than autocomplete suggestions (two or three categories
each, against a dataset mean of 0.14), which is the reason the Priority A band is nearly empty
in Section 4.3.

4.5. Fast Lane Score Compared with Conventional Keyword Selection.

The conventional opportunity score assigned a value of zero to all 2,459 zero-data queries, as
it must by construction, and a positive value to 4,430 of the 4,534 measurable queries. A
volume-based workflow would therefore have discarded 35.2% of the dataset before ranking,
including all 236 queries in Priority A and B. The Fast Lane Score gives those queries an order.
It cannot say whether they carry more or less demand than measurable queries; it says which
of them combine specificity, a weak SERP and a good fit with the publisher's existing content.
Table 4 compares the approaches.

Table 4. The Fast Lane Methodology Compared with Conventional Keyword-Selection Methods.

Dimension

Volume-based selection

Volume x difficulty
(opportunity score)

Fast Lane Methodology

Data required
Dependence on search
volume

Competition assessment
Intent evaluation

Applicability to SMBs

Advantages

Limitations

Search volume
Total

None

None

Low: favours head terms
held by established domains
Simple; widely available

Ignores competition and the
long tail

Volume, KD (= CPC,
intent)

Total (score = 0 when
volume = 0)

Tool's KD estimate

Coarse weight

Moderate

Balances demand and
difficulty

Cannot score zero-data
queries

Query text, live SERP,
publisher's ranking data
None

Direct SERP inspection
(authority, UGC share,
content gap, depth)
Modifier categories in the
query

High: targets queries large
publishers do not track
Surfaces queries other
methods cannot see;
reproducible

Demand is unmeasured by
definition; SERP data needs
collecting; weights not yet
calibrated on outcomes
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The band counts were stable when the authority threshold of Signal 3 was moved. At
500,000 visits a month the counts were A 2, B 225, C 1,127 and deprioritised 1,105; at
5,000,000 they were 2, 245, 1,145 and 1,067. Excluding the 33 queries that Google Ads could
not accept changed the counts by at most 15. Including the excluded seed "rank tracker" raised
the zero-data share to 35.5% (2,554 of 7,185) and, because the selection rule then chose a
gaming-statistics site as the SEO-tools test publisher, lowered Priority B to 184 queries. That
case shows that Signal 4 is only as valid as the choice of publisher.

4.6. Implications, Limitations and Future Research.

The long-tail account holds that rare items together make up a large share of demand [9, 10].
This study shows that a large share of the search tail is also invisible to the tools practitioners
use: about a third of the queries a standard expansion produces, and up to 70% for some topics.
Treating those queries as worthless repeats, in keyword research, the bias that comes from
discarding zero observations in demand estimation [8]. The comparison in Section 4.2 adds
that the missing queries are not, as a group, more specific than the measured ones. The
measurement gap is better explained by thresholds in the tools than by anything unusual about
the queries.

For SMBs with limited SEO resources [11, 12], the results suggest three things. First, a
volume filter removes a large and topic-dependent part of the opportunity set, so its cost should
be checked rather than assumed. Second, the most common weakness in zero-data SERPs is
not low authority but the absence of a page that answers the query directly, which is a gap a
small publisher can fill. Third, the Fast Lane Score is most useful as a way to rank a zero-data
list; a publisher would start with the top decile rather than wait for queries that meet every
threshold. How Al answers will change the value of these queries remains open [14, 16].

First, demand for zero-data queries is unmeasured by definition; the study shows that the
queries exist (Google suggests them) and what their SERPs look like, not how much traffic
they would bring. Second, the weights are equal by design and not yet calibrated on outcomes
[45], and the band thresholds proved conservative for autocomplete data. Third, the data cover
one market, one language and one day. Fourth, Signals 3 and 4 use proxies (estimated traffic
for authority, title match for direct answers) that a manual review might score differently. Two
of the three Signal 4 conditions depend only on the seed, so the signal varies mainly between
seeds, and its values depend on the choice of test publisher. Fifth, autocomplete reflects
Google's own filtering, so the zero-data share depends on the expansion method; the relevance
rule also removed some relevant paraphrases, and one ambiguous seed was excluded after
collection.

A longitudinal test is the natural next step: publish content for a sample of queries from
each band and compare time to rank, impressions and clicks. That design would also allow the
weights and thresholds to be estimated from outcomes rather than set in advance. A second
step is to test the framework on query sets that autocomplete under-represents, such as the
longer queries users type into conversational interfaces [18, 19].

5. Conclusions

A missing number in a keyword tool is a statement about the tool, not about the query. In this
dataset, about a third of the queries Google itself suggested carried no volume, difficulty or
CPC, and those queries were neither shorter nor less commercial than the ones that did. Any
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method that ranks by volume discards them without examining them. The Fast Lane Score
shows that they can be ranked by evidence that is available for every query, namely its wording,
its live results and the publisher's existing rankings. The strict thresholds proposed for the top
band were rarely met, so the framework's present value lies in ordering a list rather than in
certifying single queries, and its claim to predict ranking outcomes still has to be tested. The
opportunity it points to is largest for publishers that cannot compete for head terms, because
the gap it measures is the one that volume-based competitors do not look at.
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