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Abstract
Organizations across industries have invested substantially in sales analytics infrastructure 
over the past decade, yet a persistent gap separates adoption rates from realized performance 
outcomes. Only 45% of sales leaders report high confidence in their own forecasting accuracy, 
and 77% of sales representatives indicate they lack sufficient time to act on customer insights 
embedded in their CRM systems. Academic literature has addressed this challenge primarily 
through two lenses: technical studies focused on algorithmic accuracy of predictive models, 
and organizational-level research linking analytics capability to firm-level revenue. Neither 
strand accounts for the intermediate layer where performance actually diverges: the matching 
between the type of analytics applied and the type of managerial decision being made. 
The present study examines how analytics tools affect sales team performance across four 
decision contexts, and proposes a Decision-Tier Matching Framework that maps analytics 
types to corresponding decision categories. Analysis is based on a systematic review of peer-
reviewed literature from 2020 to 2024 and industry research from Gartner, Salesforce, and 
CRM market tracking organizations. Findings indicate that misalignment between analytics 
sophistication and decision type is a primary driver of underperformance in data-enabled 
sales organizations. Study novelty consists in conceptualizing analytics-decision mismatch as 
a structural, addressable gap rather than a technology or adoption problem, and in providing 
a classification tool applicable at the level of individual managerial decision-making within 
sales teams.
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1 Introduction

Sales organizations have adopted analytics tools 
at a rate that suggests broad institutional confidence 
in data-driven management. Customer relationship 
management (CRM) systems are in use at 91% of large 
enterprises, 74% of U.S. businesses have implemented 
CRM platforms, and 65% of organizations have 
deployed generative AI capabilities within their CRM 
environments (CRM.org, 2024). Against this backdrop, 
a 2024 Gartner survey finding stands in sharp contrast: 
only 45% of sales leaders and sales representatives 
express high confidence in the accuracy of their own 
forecasting outputs (Gartner, 2024). A Salesforce State 
of Sales report corroborates this pattern: 77% of sales 
representatives report not having sufficient time to 
seek out and act on the customer insights that their 
CRM systems already contain (Salesforce, 2023). High 
adoption rates and low confidence in core outputs 
coexist because analytics tools are frequently deployed 
without alignment to the specific decisions they are 
meant to support.

Underutilization carries measurable cost in sales 
contexts. When predictive analytics tools are available 
but not integrated into daily decision workflows, 
revenue forecasting continues to depend on 
manager judgment and historical averages, methods 
documented to produce systematic biases including 
optimism during strong quarters, recency effects 
during deal-close pressure, and underestimation of 
competitive displacement (Habel, Alavi & Heinitz, 
2024). Wu et al. (2024), reviewing 44 studies of lead 
scoring implementations, found that organizations 
applying predictive lead prioritization consistently 
outperformed those using rule-based or intuition-
based scoring on conversion rate and cost-per-
acquisition metrics. A Rodriguez and Peterson (2023) 
content analysis identified that among the top five 
sales tasks where AI tools generate measurable 
impact, four involve decision support rather than task 
automation: recommending next steps, qualifying 
leads, forecasting, and understanding customer needs.

Academic literature on sales analytics has developed 
along two largely separate paths. One strand focuses 
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on the technical performance of predictive models: 
machine learning algorithms for lead scoring, sales 
forecasting accuracy of random forest versus linear 
regression approaches, and LSTM networks for 
sequential sales pattern modeling (Ahaggach, Abrouk 
& Lebon, 2024; Magrini, 2023). A second strand 
examines analytics capability at the organizational 
level, linking big data management competencies 
to firm performance through dynamic capability 
theory (Brewis, Dibb & Meadows, 2023; Karaboga 
et al., 2023). Habel et al. (2023) introduced a theory 
of predictive sales analytics adoption (PSAA model) 
that identified key contingencies governing whether 
available analytics applications translate into sales 
employee job performance (Habel, Alavi & Heinitz, 
2023). This work represents the closest precedent in the 
literature to a decision-level framework, yet its scope 
is bounded to predictive analytics and to individual 
adoption behavior. What neither the technical nor 
the organizational strand addresses is the question of 
which analytics type corresponds to which category of 
sales management decision, and what consequences 
follow when this correspondence is absent.

Addressing this gap requires a framework that 
operates at decision level rather than organizational 
level; present analysis proposes the Decision-Tier 
Matching Framework that classifies analytics tools by 
decision type rather than by technical sophistication 
alone. Four objectives structure the analysis. The 
first two are descriptive: characterizing the four-tier 
analytics continuum as applied to sales management 
contexts, and documenting the performance evidence 
associated with each tier. The second two are applied: 
identifying the conditions under which analytics-
decision mismatch occurs and its consequences, and 
providing a practical classification instrument that 
sales managers can use to evaluate alignment in their 
current analytics deployments. Analysis is grounded in 
a systematic review of academic and industry research 
published between 2020 and 2024, supplemented 
by CRM market and adoption data from Gartner, 
Salesforce, and CRM industry tracking organizations.

2 Literature Review

Theoretical grounding for this study draws 
on Dynamic Capabilities Theory, as applied to 
information-intensive organizational contexts 
and reviewed comprehensively in Brewis, Dibb, 
and Meadows (2023). Dynamic capabilities refer 
to an organization's ability to integrate, build, and 
reconfigure internal and external competencies in 
response to rapidly changing environments. Applied 
to sales management, this framework distinguishes 
between possessing data assets and having the 
capability to deploy those assets appropriately across 
varied decision contexts. In that study, organizations 
with high data availability but low reconfigurative 
capability consistently underperformed against 

those with fewer data assets but stronger alignment 
between analytical output and managerial action. 
Karaboga et al. (2023) extend this logic, identifying 
data-driven culture as the mediating mechanism 
between analytics management capability and firm 
performance, and arguing that analytics investment 
without cultural embedding in decision workflows 
generates capability that remains latent rather than 
operational. Within sales contexts, this translates 
into a specific proposition: access to analytics tools is 
a necessary but insufficient condition for performance 
improvement, because the organizational capability to 
match tool type to decision type determines whether 
the investment produces usable output.

A four-tier classification of analytics types provides 
the structural vocabulary for this study. Descriptive 
analytics answers the question of what happened: 
pipeline volume, activity counts, revenue by segment, 
and win rates by channel. Diagnostic analytics 
moves from observation to explanation, identifying 
which pipeline stages lose deals, which behaviors 
associate with closure, and which segments respond 
to specific outreach. Predictive analytics forecasts 
future states using statistical and machine learning 
models, producing lead conversion probabilities, deal 
closure scores, and revenue projections. Prescriptive 
analytics sits at the top of the continuum, generating 
decision recommendations directly: next-best-action 
suggestions, territory rebalancing guidance, and 
pricing adjustments are its characteristic sales outputs. 
Each tier produces qualitatively different information 
and requires different managerial capabilities to act 
on (Paramesha & Rane, 2024). Organizations using 
predictive and prescriptive analytics for revenue 
planning have been shown to achieve higher forecast 
accuracy than those relying on descriptive summaries, 
with differences widening during demand volatility 
(Kim, Chen & Park, 2022).

CRM adoption data add an empirical layer 
to this argument. Performance gains from CRM 
implementations are not evenly distributed: they 
concentrate among organizations that actively use 
diagnostic and predictive capabilities rather than those 
that use CRM mainly for activity logging (Pookandy, 
2023). Businesses incorporating generative AI within 
CRM systems were 83% more likely to exceed sales 
goals than those without AI augmentation, and mobile 
CRM users were 150% more likely to exceed targets 
(CRM.org, 2024). The global CRM market is projected 
to grow at 13.9% annually through 2030 (Grand 
View Research, 2023). Even so, tool availability and 
actual utilization diverge systematically, with the gap 
concentrated at the diagnostic and predictive tiers 
rather than at the descriptive reporting level Rodriguez 
& Peterson, 2023).

Habel, Alavi, and Heinitz identify three 
contingencies governing whether a predictive 
analytics application moves from availability to 
adoption to performance impact through their PSAA 
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model (Habel, Alavi & Heinitz, 2023). Algorithm trust 
reflects whether sales employees accept algorithmic 
outputs as decision inputs and decreases sharply after 
visible prediction errors. Analytics literacy captures 
whether employees understand model limitations well 
enough to calibrate reliance appropriately, a condition 
frequently unmet in sales roles. Job relevance reflects 
whether the analytics application addresses decisions 
within the employee’s actual discretionary domain. 
A subsequent implementation study documents that 
adoption efforts focused on interface improvements 
without addressing these three contingencies produced 
no measurable performance change (Habel, Alavi & 
Heinitz, 2024). The PSAA framework is bounded to 
the predictive tier and does not address mismatch 
conditions occurring across tiers.

Empirical evidence supports the performance 
consequences of tier-appropriate deployment. 
Wu, Andreev, and Benyoucef (2024) found that 
organizations adopting predictive lead scoring 
consistently outperformed rule-based alternatives 
on conversion rate, cost-per-acquisition, and sales 
cycle length across 44 published implementation 
studies. Magrini (2023) documents that organizations 
applying forecasting methods matched to their data 
maturity level achieved higher forecast accuracy 
than those deploying more sophisticated methods 
to data environments that did not support them. 
Gartner projects that 40% of agentic AI sales projects 
will be abandoned by 2027 due to unclear business 
value (Gartner, 2024), a pattern consistent with 
tier-decision mismatch rather than tool failure. No 
published classification instrument maps analytics tier 
to decision category, leaving the mismatch diagnosis 
problem unaddressed in the literature.

3 Materials and Methods

Systematic review methodology was selected as 
the study design, combining analysis of peer-reviewed 
literature with secondary industry survey and market 
data. Selection is appropriate to the study objective: 
constructing and validating a conceptual framework 
requires synthesis across research streams that have 
developed independently rather than primary data 
collection within a single organizational context. A 
primary empirical study examining Decision-Tier 
Matching across multiple sales organizations would 
require longitudinal performance data collected under 
controlled deployment conditions, which were outside 
the scope of this investigation. Systematic review with 
structured analytical mapping allows for rigorous 
cross-stream synthesis and produces a framework 
applicable across organizational types rather than 
calibrated to a single case.

Literature searches were conducted across Scopus, 
Web of Science, and Google Scholar using four thematic 
clusters: sales analytics and CRM performance 

measurement; predictive analytics adoption and 
algorithm aversion; KPI alignment, lead scoring, and 
pipeline analytics; and dynamic capabilities with data-
driven culture. Boolean operators combined terms 
within and across clusters. Peer-reviewed journal 
articles and conference proceedings published between 
January 2020 and December 2024 were considered for 
primary inclusion. Industry research from Gartner, 
Salesforce, Grand View Research, and CRM.org was 
incorporated where quantitative adoption, market, or 
performance benchmark data were unavailable from 
peer-reviewed sources. Sources published before 2020 
were included only when they introduced foundational 
theoretical constructs referenced extensively in 
current literature.

Analysis followed two sequential stages. In the 
first stage, sources were mapped against the four-
tier analytics continuum established in the literature 
review, with each source classified by the analytics tier 
it addressed and the decision context it examined. 
Mapping produced an inventory of evidence by tier, 
identifying where empirical performance data existed 
and where gaps remained. In the second stage, the 
Decision-Tier Matching Framework was constructed 
inductively by identifying the decision categories most 
consistently addressed in the reviewed literature and 
mapping each to the analytics tier that the evidence 
associated with the strongest performance outcomes. 
Framework construction was guided by the weight of 
evidence across the reviewed literature, with pairing 
strength categorized as established where two or more 
independent sources provided convergent empirical 
findings, and as indicative where support derived 
primarily from industry data without peer-reviewed 
corroboration.

Three methodological boundaries constrain 
generalizability. First, the literature search was 
limited to English-language publications, which may 
underrepresent research from European and Asian 
markets where CRM adoption trajectories and analytics 
culture differ from U.S. and UK contexts. Second, 
industry reports reflect the methodological choices 
of their commissioning organizations, and sampling 
documentation is not uniformly available for all cited 
surveys. Third, the framework is constructed at the 
level of decision category and analytics tier, without 
accounting for moderating variables such as sales cycle 
length, deal complexity, team size, or organizational 
data maturity. Findings should be applied with these 
boundaries in mind, particularly when evaluating 
framework relevance for early-stage or operationally 
simple sales contexts.

4 Results and Discussion

Industry survey data from 2023 to 2024 reveal 
a consistent pattern that points to the problem the 
Decision-Tier Matching Framework addresses. CRM 
penetration stands at 91% among large enterprises 
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TABLE 1 Analytics Tiers in Sales Management: Decision Types, Tools, and Performance Evidence

Analytics Tier Core Question Primary Decision Type Typical Sales Tools Performance Evidence

Descriptive What happened?
Pipeline reporting, activity 
tracking, quota monitoring

CRM dashboards, Excel 
reports, BI platforms

Team accountability, 
baseline visibility

Diagnostic Why did it happen?
Funnel gap analysis, loss reason 
identification, rep coaching

Funnel analytics, cohort 
analysis, CRM segmentation

Bottleneck removal, process 
improvement

Predictive What will happen?
Lead prioritization, revenue 
forecasting, churn risk scoring

ML lead scoring, forecasting 
engines, AI-CRM integrations

Conversion uplift, forecast 
accuracy gains

Prescriptive
What should be 
done?

Territory design, pricing 
optimization, next-best-action 
routing

AI recommendation engines, 
dynamic pricing, agentic CRM

Quota attainment, strategic 
alignment [4, 11]

Source: compiled by the author based on Paramesha & Rane (2024); Kim et al. (2022); Wu et al. (2024); Habel et al. (2024); Wu, 
Andreev & Benyoucef, 2024; Ahaggach, Abrouk & Lebon, 2024; Magrini, 2023

and 74% across U.S. businesses; 65% have integrated 
generative AI into their CRM environments (CRM.
org, 2024). Investment in analytics infrastructure is 
clearly widespread. At the utilization end, however, 
forecasting confidence is high in fewer than half of 
sales leadership teams (Gartner, 2024), and only 
18.5% of sales teams report actively using streamlined 
performance analytics for decision-making (CRM.org, 
2024). These data suggest the gap is not primarily a 
technology shortage. Available evidence points to a 
breakdown at the point where analytics outputs enter 
managerial decision processes, rather than at the 
point of tool access or investment. Addressing that 
breakdown requires a framework that operates at the 
level of the individual decision.

Table 1 establishes the operational vocabulary of the 
Decision-Tier Matching Framework. Figure 1 presents 
the analytics continuum on which the framework is 
grounded, adapted from Krol and Zdonek (2020), with 
sales-specific applications added to each tier.

Figure 2 presents the Decision-Tier Matching 
Framework, the conceptual contribution of this study. 
Each row of the framework maps one analytics tier to 
its corresponding primary decision category and the 
performance outcome that evidence associates with 

 

FIGURE 1 Analytics Continuum in Sales Management Contexts
Source: adapted by the author from Krol & Zdonek (2020), CC BY 4.0, with sales management applications added

matched deployment. The key analytical claim is not 
that higher-tier analytics produces better outcomes 
than lower-tier analytics, but that performance 
improvement depends on alignment between the 
tier deployed and the decision type addressed. A 
sales manager using prescriptive analytics to decide 
whether to adjust weekly activity targets has applied 
a higher-tier tool to a lower-tier decision, generating 
complexity without proportionate informational 
value. A manager relying on descriptive dashboards for 
revenue forecasting has applied a lower-tier tool to a 
higher-tier decision, generating historical summaries 
where probabilistic projections are required. Both 
configurations represent mismatch, and both are 
prevalent in current practice.

Evidence for the performance impact of matched 
deployment is strongest at the predictive tier, where 
empirical comparisons are most available. Wu et 
al. (2024) found across 44 lead scoring studies 
that predictive models consistently outperformed 
intuition-based and rule-based approaches across 
three outcome metrics: conversion rate, cost-per-
acquisition, and sales cycle length (Wu, Andreev & 
Benyoucef, 2024). Critically, their review identified 
that the performance advantage concentrated in 
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FIGURE 2 Decision-Tier Matching Framework for Sales Analytics
Source: developed by the author

TABLE 2 Performance Evidence by Analytics Tier in Sales Management

Analytics Tier Key Metric / Outcome Quantitative Finding Source
Descriptive (CRM activity 
logging)

Time reallocation to 
prospect engagement

Significant reduction in manual data 
entry; gains in analytics-active teams only

Pookandy (2023) – 
indicative

Diagnostic (pipeline funnel 
analysis)

Identification of conversion 
bottlenecks

Documented qualitatively; comparative 
baseline studies absent

Rodriguez & Peterson 
(2023) – indicative

Predictive (lead scoring)
Lead conversion rate, cost-
per-acquisition

Consistent improvement vs. rule-based 
models across 44 studies

Wu et al. (2024)

Predictive (forecasting) Forecast error rate (MAPE)
38.61% (RF) vs. 302.66% (linear 
regression)

Ahaggach et al. (2024)

Predictive (matched to 
maturity)

Forecast accuracy vs. overfit 
models

Matched deployment outperforms tier-
overreach

Magrini (2023)

Prescriptive (CRM + GenAI)
Probability of exceeding 
sales goals

83% more likely vs. standard CRM users CRM.org (2024)

Descriptive + Diagnostic (CRM 
active use vs. logging only)

Pipeline performance vs. 
activity-logging teams

Performance gains concentrated in 
analytics-active teams

Pookandy (2023)

Predictive (PSAA model)
Quota attainment with 
trust/literacy/relevance

Significant qualitative improvement 
documented

Habel et al. (2024)

Source: compiled by the author based on reviewed literature

organizations where lead scoring outputs were 
operationally integrated into the prioritization 
workflow rather than merely visible in a dashboard, 
a condition that maps directly onto the matching 
requirement. Machine learning forecasting models 
demonstrated markedly lower error rates than 
traditional approaches: random forest models 
achieved a MAPE of 38.61% versus 302.66% for 
linear regression in comparative analysis (Ahaggach, 
Abrouk & Lebon, 2024). Magrini (2023) adds a 
nuance that directly supports the matching principle: 
organizations applying forecasting methods 

matched to their data maturity level outperformed 
those applying more sophisticated methods to 
environments that could not sustain them (Magrini, 
2023). Performance advantage requires both tier-
appropriate selection and organizational readiness to 
convert those outputs into action.

Table 2 provides quantitative grounding for the 
performance column in Table 1, drawing on the 
strongest empirical findings available in the reviewed 
literature for each analytics tier.

Table 2 reveals an asymmetry in the evidence base 
that is itself analytically informative. Performance 
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data are concentrated at the predictive and prescriptive 
tiers, with quantified outcome comparisons available 
primarily for lead scoring and forecasting applications. 
Descriptive and diagnostic tier performance is 
documented qualitatively in implementation studies 
but rarely measured against counterfactual baselines, 
because most organizations deploy some level of 
descriptive reporting by default and comparison to 
no-analytics conditions is uncommon in field research. 
This evidence asymmetry does not mean that lower-
tier tools are less valuable; it reflects a structural 
feature of sales analytics research that has prioritized 
quantifiable algorithm comparison over decision-
process alignment studies. What it does mean for the 
matching framework is that the established evidence 
column applies primarily to predictive and prescriptive 
pairings, while descriptive-to-diagnostic matching 
remains in the indicative category pending controlled 
implementation studies.

Mismatch between analytics tier and decision 
type operates through three distinct mechanisms 
identifiable in the reviewed literature. Complexity 
overload arises when prescriptive or predictive 
outputs are applied to decisions that observation-
level information can handle adequately. Rodriguez 
and Peterson (2023) found that AI tool adoption 
stalled most often at forecasting and next-step 
recommendation applications – precisely where output 
complexity tends to exceed the discretion available to 
frontline representatives. Interpretive undershoot 
operates in the reverse direction, when descriptive 
dashboards are used for strategic decisions requiring 
probabilistic reasoning: managers fill the interpretive 
gap with intuition, reintroducing the systematic 
biases that analytics investment was meant to displace 
(Habel, Alavi & Heinitz, 2024). Temporal mismatch, 
the third mechanism, arises when predictive outputs 
are generated at a cadence that does not align with 
the decision frequency: weekly lead scoring updates 
applied to daily outreach decisions produce either 
overreliance on stale predictions or outright neglect of 
the tool. Habel et al. (2023) concept of job relevance 
maps onto this mechanism directly, as an analytically 
sound tool applied at the wrong temporal grain fails 
the relevance condition regardless of its predictive 
accuracy.

For sales managers, the matching framework 
provides a structured pre-deployment sequence rather 
than a single diagnostic question. Step 1 is decision 
classification: before evaluating any analytics tool, the 
manager identifies which decision the tool is intended 
to support and assigns it to one of the four categories 
established in the framework – performance tracking 
(descriptive), root-cause diagnosis (diagnostic), 
revenue projection (predictive), or coverage and 
resource allocation (prescriptive). Step 2 is format 
alignment: the manager confirms that the tool’s 
output format matches how that decision is made in 
practice. Revenue forecasting requires probabilistic 

outputs because it involves commitment under 
uncertainty; a descriptive summary report applied 
to quarterly forecast production generates a 
mismatch that available evidence associates with 
lower forecasting confidence (Gartner, 2024). Step 
3 is organizational readiness check: predictive and 
prescriptive tools require baseline data infrastructure 
and analytics literacy that descriptive and diagnostic 
tools do not. Deploying AI-based lead scoring into a 
team without CRM hygiene practices tends to produce 
the abandonment pattern – not tool failure, but 
deployment sequence failure. Step 4 is staged rollout: 
if the matched tier is higher than the current team 
capability, the manager sequences through lower 
tiers first, building decision habits and data quality 
before advancing. Two brief examples illustrate the 
sequence. First: a regional sales manager notices 
declining win rates in Q3 and considers deploying 
an AI-driven prescriptive lead scoring platform. 
Step 1 identifies the underlying decision as root-
cause diagnosis – understanding why specific deals 
are lost – which places it in the diagnostic tier, not 
prescriptive. Step 2 confirms the AI platform’s output 
format (ranked opportunity lists) does not match 
the diagnostic decision type. Steps 3 and 4 direct the 
manager to deploy diagnostic CRM pipeline analysis 
first, identify the conversion bottleneck, and assess 
prescriptive tools only once the diagnostic question is 
answered. Second: a sales operations manager wants 
to improve quarterly revenue forecasting accuracy 
and evaluates a descriptive dashboard reporting last 
quarter’s actuals. Step 1 places forecasting in the 
predictive tier, not descriptive. Step 2 confirms that 
a summary of past performance cannot generate 
the probabilistic range estimates that commitment 
decisions require. The framework redirects toward a 
predictive forecasting model, and Step 3 prompts a 
check of whether the team’s CRM data quality and 
update discipline are sufficient to feed it reliably 
before deployment. For sales analytics and technology 
teams, the implication is structural: implementation 
design begins with decision classification, not with 
tool capability assessment.

Several substantive research gaps remain 
unaddressed in the reviewed literature and represent 
direct extensions of the matching framework. No 
published study has directly measured the performance 
differential between matched and mismatched 
analytics deployment within the same organization 
across a defined period, which would constitute the 
primary empirical validation of the framework core 
claim. Current evidence supports the claim indirectly 
through tier-specific performance studies, but 
controlled comparison is absent. Second, the framework 
treats the four tiers as discrete, but organizational 
deployments in practice are layered: a CRM system 
may simultaneously serve descriptive, diagnostic, and 
predictive functions at different interface points, and 
managers may experience outputs from multiple tiers 
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in a single session. A granular study of how managers 
actually navigate multi-tier CRM environments 
and which tier outputs they predominantly act on 
would substantially advance understanding of where 
mismatch concentration lies. Third, the matching 
framework itself raises a moderating question that 
the reviewed literature does not address: whether 
the performance impact of correct tier-decision 
alignment is uniform across tiers or whether certain 
matches, such as predictive-to-forecasting, generate 
larger performance differentials than others, such as 
descriptive-to-pipeline-reporting. If matching effect 
sizes differ across tier levels, organizations with 
constrained analytics investment should prioritize the 
highest-impact matches, a prioritization that current 
evidence cannot support.

5 Conclusions

Sales analytics research has concentrated on 
tool capability and adoption rates while leaving the 
decision-level matching problem largely unaddressed. 
Analysis of that gap produces four conclusions. Tool 
access is no longer the primary limiting variable in 
sales analytics performance; CRM penetration at 
91% of large enterprises and generative AI adoption 
at 65% of CRM users indicate that investment in 

analytics infrastructure is widespread. Available 
evidence suggests that one of the key limiting factors 
is alignment between analytics tier and decision 
type – an organizational design problem that tool 
procurement alone cannot resolve. Second, the 
Decision-Tier Matching Framework proposed in this 
study offers a classification basis for diagnosing that 
alignment: four analytics tiers correspond to four 
distinct decision categories, and available evidence 
associates misalignment with three recurring failure 
modes regardless of tool quality. Third, the strongest 
performance evidence for matched deployment comes 
from the predictive tier, where aligned deployment 
associates with improvements in conversion rate, 
forecasting accuracy, and quota attainment. Evidence 
at descriptive and diagnostic tiers remains indicative 
rather than quantified, reflecting a research gap 
rather than absence of an effect. Fourth, the 40% 
agentic AI project abandonment rate projected by 
Gartner is consistent with a matching-framework 
interpretation: available data suggest that a 
significant share of project failures may reflect 
insertion of tools into decision environments that 
do not require their outputs, rather than technical 
underperformance. Implementation practice that 
begins with decision classification rather than tool 
selection is one approach that directly addresses this 
pattern.
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