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Abstract 

Background. Financial services firms continue to invest in enterprise CRM platforms on the expectation that 

adoption will translate into measurable revenue growth, yet the mechanisms that connect system use to 

commercial outcomes remain poorly specified. Method. This article builds a conceptual model from a 

structured integrative review that assembles evidence on adoption behavior, data quality, analytics capability, 

workflow design, and control. Findings. Adoption mediated revenue growth is best treated as the outcome of 

a decision pathway rather than a direct effect: signals are first observed, then translated into an intervention, 

and only afterwards do financial, operational, and conduct consequences appear. Six constructs carry that 

pathway: user adoption, data quality, workflow fit, customer insight, sales productivity, and governance. 

Implications. The framework supplies propositions, candidate measures, and reporting practices that firms 

and researchers can test, and it argues that adoption metrics divorced from data integrity and control 

effectiveness will overstate the value that CRM investment actually creates. 

Keywords: crm, salesforce, customer, adoption, revenue, financial, services, analytics 

1 Introduction 

Financial services firms are expected to raise the return on enterprise CRM investment and use, while 

protecting customers, counterparties, regulators, and long term financial capacity. What managers see is 

produced jointly by market conditions, prior relationships, operational execution, technology constraints, and 

selection effects. Strong reported returns do not prove incremental value, and a low incident rate does not 

prove effective control. Existing CRM and analytics research treats commercial performance and risk 

governance as separate literatures with different units of analysis, which leaves managers without a single 

accounting of where CRM investment actually creates value once implementation cost, control failure, and 

customer harm are priced in. (Nagaveni, 2023; Vebiana, 2019). 

Relevant work is scattered across corporate finance, marketing science, information systems, operational 

risk, cybersecurity, and sector regulation. Useful instruments come from each stream, but their assumptions 

and units of analysis differ. In finance the emphasis falls on discounted cash flow and capital constraints. 
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Analytics puts its weight on prediction, segmentation, and experimentation. Risk scholarship centres on 

exposure, control effectiveness, and resilience. (Hettiarachchy, 2016; Usman et al., 2025). 

The review begins from three questions. Which adoption mechanisms convert CRM investment into 

measurable revenue outcomes? How do data quality and workflow integration mediate commercial 

performance? Which metrics distinguish system use from value creating use? How do data quality and 

workflow integration mediate commercial performance? Which metrics distinguish system use from value 

creating use? Such questions shift the discussion from descriptive performance reporting to accountable 

choice. What is offered is conceptual. It fixes constructs and relationships that later studies can test with 

transaction, customer, asset, campaign, or control data. (Bajaj et al., 2022; Baksi, 2013). 

No universal model is claimed to fit every institution. Institutions differ in regulatory obligation, market 

maturity, product economics, data availability, and organizational capability. The framework therefore 

separates design principles that do not vary from parameters that must be calibrated locally. Counterfactual 

clarity, a consistent horizon, full cost allocation, explicit risk adjustment, model validation, and documented 

decision rights are not negotiable. Loss severity, the discount rate, customer sensitivity, capital charges, and 

intervention thresholds are calibrated locally. (Abe, 2025; Khushbu, 2024). 

2 Theoretical Background 

2.1 Adoption and Use 

Appraisal weighs incremental cash flows against opportunity cost, capital absorption, and uncertainty. 

Volume is not the objective; durable value after direct cost, indirect cost, expected loss, and required return 

is. (Gorobeţ, 2022; Sondinti, 2025b) (Edivri & Oteri, 2024). 

The connection from user adoption to adoption-mediated revenue growth runs through a decision pathway 

rather than a simple correlation in which managers first interpret adoption signals, such as login frequency or 

opportunity logging rates, before committing to an intervention. In financial services CRM, this separation is 

what allows a firm to distinguish revenue that adoption caused from revenue that would have occurred 

anyway, and it exposes where value leakage first appears in the pipeline. A defensible model therefore 

records the decision rule, the comparison baseline, implementation cost, time horizon, and the uncertainty 

range around each of these terms. (Lambie, 2020; Pal, 2022; Sakyi et al., 2022) (Okonkwo et al., 2024). 

data quality and workflow fit stand in tension: cleaning and enriching records to a high standard can itself 

disrupt the workflow it is meant to support, if validation steps add friction faster than they add value. The 

framework advanced here treats both dimensions as joint constraints rather than optimizing either alone. For 

financial services CRM the consequence is concrete: a data-quality initiative that slows frontline workflow 

can quietly suppress the same revenue it was meant to protect. Decision makers should therefore report data-

quality gains and workflow-friction costs separately, alongside the net effect, so each function can see the 

trade-off it is making. (Kim & Choi, 2009; Tyas & Sari, 2023) (Sanni & Wedraogo, 2024a). 

Defining the unit of analysis comes first for workflow fit, and the choice is not cosmetic: a workflow that 

looks efficient measured per transaction can look inefficient measured per customer relationship, because the 

two units aggregate cost and benefit differently. Depending on the decision, the appropriate unit may be a 

customer, account, transaction, campaign, asset, route, service provider, or reporting cycle, and mixing units 

across a single comparison produces biased results. Under the framework advanced here, each workflow-fit 

metric has an owner, source system, refresh frequency, permissible use, validation threshold, and escalation 
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path, so measurement functions as a repeatable control rather than a dashboard exercise. (Hayati & Usman, 

2019; Musfiqoh & Komala, 2024) (Ike et al., 2021). 

2.2 Data Quality and Analytics Capability 

Data hold value only where observations are turned into decisions and outcomes are fed back into learning. 

Predictive accuracy therefore sits in the middle of the chain rather than at its end. (Atakpa, 2021; Ogundairo 

& Ayivi-Donkor, 2023; Onche & Ogbonna, 2021; Atakpa & Fobellah, 2023a; Aifuwa et al., 2020) 

(Warokka, 2020). 

Timing shapes the economic contribution of data quality: cleanup effort shows up as a cost immediately, 

while the forecasting and targeting benefits it enables typically accrue over several subsequent reporting 

cycles. A model spanning several periods, discounting expected cash flows and reserving option value for 

course correction, avoids overweighting these early, potentially misleading signals. In financial services 

CRM, staged commitments and defined review points let managers wait for evidence to mature before 

scaling a data-quality investment. (Christopher, 2002; Tung, 2024a) (Tonoyan et al., 2022; Nnaji & Akinlolu, 

2023; Ashore-Onisemo et al., 2022; Atakpa et al., 2023b; Mbonu et al., 2021). 

Workflow fit reaches revenue growth along a pathway, not a direct effect: a system that fits daily work still 

requires a management decision to reallocate effort toward higher-value accounts before revenue responds. 

In financial services CRM, treating workflow fit as an input rather than an outcome keeps attribution honest: 

a smoother workflow that never changes what staff prioritize should not be credited with revenue it did not 

produce. A credible model records that prioritization decision explicitly, alongside its cost and the horizon 

over which its effects should be observed. (Pritjahjono et al., 2023; Yadava et al., 2025) (Ominyi & 

Anichukwueze, 2023; Rukh et al., 2023; Atakpa & Abolaji, 2022a; Atakpa et al., 2026; Mayo et al., 2021). 

customer insight and sales productivity stand in tension: deeper segmentation improves targeting but adds 

analysis time that can crowd out selling time. The framework advanced here treats insight depth and 

productivity time as joint constraints rather than independent goals. For financial services CRM the 

consequence is concrete: insight gains that erode seller time can quietly reduce the revenue they were meant 

to grow, so gross and net benefit should be reported separately. (Alnassar, 2014; Lisnawati et al., 2020) 

(Aliliele et al., 2023; Iziduh et al., 2020; Abetoh & Atakpa, 2022; Lawal & Oduleye, 2018a; Lawal & 

Oduleye, 2021). 

Markets, customer behaviour, threats, regulation, and technology keep shifting. Sensing, learning, and 

reconfiguration routines have to replace assumptions fixed annually. (Eyetsemitan et al., 2023) (Fuad & 

Abdullah, 2025). 

As in the customer-insight and sales-productivity case discussed above, optimizing segmentation depth in 

isolation from seller capacity tends to shift cost onto the sales function rather than removing it. The 

framework advanced here treats insight and productivity as joint constraints, evaluated through scenario and 

sensitivity analysis rather than as independently optimized targets. For financial services CRM the 

consequence is concrete: unmanaged coordination cost is a common, underreported form of value leakage. 

Managers should report gross benefit, coordination cost, and net benefit as separate lines. (Nethanani et al., 

2024; Tharian, 2025; Oluwo et al., 2022) (Sanni et al., 2023). 

Defining the unit of analysis comes first for sales productivity, and the natural candidates, seller, account, 

deal, or territory, rarely aggregate cleanly into one another. Under the framework advanced here, each sales-

productivity metric has an owner, source system, refresh frequency, permissible use, validation threshold, 
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and escalation path, so productivity measurement supports management action rather than only retrospective 

reporting. (Bholane, 2025b; Laxmi et al., 2025) (Atakpa & Abetoh, 2022b). 

Timing shapes the economic contribution of governance in a distinctive way: governance investment rarely 

produces a visible short-term benefit, since its payoff is a loss that does not happen. A multi-period model 

that discounts expected cash flows and reserves option value for later action is therefore essential for 

governance specifically, since a single-period view will always undercount its benefit. In financial services 

CRM, review points built around this counterfactual comparison, rather than around visible short-term gains, 

give managers a fairer basis for continuing or scaling governance investment. (Li, 2023; Mitra et al., 2024). 

2.3 Workflow Fit 

Technology performance depends on workflow fit, user behavior, data stewardship, and management 

reinforcement. Deployment without adoption leaves expected benefits unrealized. (Ogundairo & Ayivi-

Donkor, 2024) (Aluvala, 2024). 

As in the sales-productivity case above, the path from sales productivity to adoption-mediated revenue 

growth runs through a specific managerial choice rather than a direct effect. In financial services CRM, this 

implies that productivity tooling should be evaluated by whether it changes the timing or targeting of seller 

effort, not only by whether usage metrics rise. A defensible model therefore records the specific behavioral 

change targeted, its implementation cost, and the horizon over which revenue effects should appear. (Hassan 

& Parvez, 2013; M & Aluvala, 2024). 

governance and user adoption stand in tension: tighter approval controls reduce risk but can slow the 

intervention cycle that adoption gains depend on. The framework advanced here treats governance strength 

and adoption velocity as joint constraints rather than optimizing either alone. For financial services CRM the 

consequence is concrete: governance calibrated to the wrong risk level either invites loss or suppresses 

adoption unnecessarily. Decision makers should therefore report the risk reduction and the adoption cost of 

each governance control separately, with confidence intervals around both. (Lekshmi, 2017; Yadav, 2024). 

Defining the unit of analysis comes first for user adoption, since adoption can be counted per user, per 

account, or per workflow step, and each choice tells a different story about where engagement is actually 

occurring. Mixing units, as in other parts of this framework, produces biased comparisons. Under the 

framework advanced here, each adoption metric has an owner, source system, refresh frequency, permissible 

use, validation threshold, and escalation path. (Bholane, 2025a; Obioha, 2025). 

2.4 Governance and Control 

Information asymmetry and conflicting incentives are the natural result of delegation. Explicit ownership, 

independent challenge, audit trails, and escalation rules keep those conflicts in check. (Abetoh & Atakpa, 

2024). 

A second unit-of-analysis question for workflow fit concerns timing rather than entity type: should a 

workflow be measured at the point of first use or over a full reporting cycle. Mixing these units, as noted 

above, produces biased comparisons and weakens causal interpretation. Under the framework advanced here, 

each workflow-fit metric specifies both its entity unit and its measurement cycle, with an assigned owner, 

refresh frequency, and validation threshold, turning measurement into a repeatable control. (Han & Ngoc, 

2025; Lindgreen & Shergill, 2004). 

Timing shapes the economic contribution of customer insight in a similar way: segmentation models 

generate an immediate sense of clarity, but their financial payoff depends on whether targeted customers 
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actually convert, which takes longer to observe. A multi-period model that discounts expected cash flows and 

prices in option value protects against exactly this early-indicator bias. In financial services CRM, staged 

pilot gates let managers confirm that early insight gains persist before committing further budget. (Azhari & 

Utari, 2023; Damle & Ketkar, 2017). 

Sales productivity feeds adoption-mediated revenue growth through a pathway that runs from better 

opportunity data to changed seller behavior to realized deals, not through a direct statistical association 

between tool use and revenue. In financial services CRM, this means productivity gains from a new tool 

should be traced through the specific behavior it changed, such as call sequencing or account prioritization, 

before being credited to revenue. A credible model records that intervening behavior, its cost, and the time 

horizon over which it should show up in bookings. (Pramanik et al., 2022; Sujee & Solanki, 2024). 

3 Approach 

The review follows a structured integrative design. Candidate records were identified through keyword and 

citation-tracking searches of finance, analytics, information systems, operational risk, and sector-specific 

databases, using search terms built around customer relationship management, adoption, revenue growth, 

data quality, workflow integration, and governance in financial services. Records were screened first by title 

and abstract for conceptual relevance to the focal problem, then by full record for direct sector fit versus 

cross-sector mechanism transfer, following the protocol summarized in Table 1. Empirical, review, and 

conceptual works are all admitted, because the goal is theory integration rather than pooled effect estimation. 

Titles and bibliographic records were used to classify contributions by construct (value, risk, data, behavior, 

control, and context). Sources from other sectors are treated as analogical transfers, with inference confined 

to a comparable mechanism. (Allison, 2024; Khan et al., 2025). 

Stage Purpose Output 

Identification Compile candidate literature through structured database 

search and citation tracking 
Retain complete bibliographic record 

Screening Rank direct sector and mechanism relevance Do not infer findings from title alone 

Classification Code value, risk, data, behavior, control, and context Allow multiple codes 

Synthesis Compare mechanisms and boundary conditions Separate direct and analogical evidence 

Framework design Link constructs to decisions and outcomes Specify measurable fields 

Validation agenda Define propositions and tests Avoid fabricated empirical results 

 

Table 1. Review stages 

4 Conceptual Model 

4.1 User Adoption 

User adoption reaches adoption-mediated revenue growth along a pathway in which managers first observe 

imperfect adoption signals, decide whether they reflect genuine engagement or workaround behavior, and 

only then commit resources to an intervention. In financial services CRM, this separation of signal, decision, 

and outcome limits attribution error and shows where adoption effort is being spent without producing 

revenue. A credible model records the decision rule, the baseline it is compared against, and the uncertainty 

range around the estimated effect. (Hajiyan et al., 2015; Kamarulzaman et al., 2018) (Atakpa & Abolaji, 

2020). 
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Figure 1. Adoption capability pyramid, from foundational to strategic layers. 

 

user adoption and data quality stand in tension: pushing adoption before records are clean enough produces 

more activity in the system without proportionally better decisions. The framework advanced here treats 

adoption and data quality as joint constraints, evaluated together through scenario and sensitivity analysis 

rather than sequenced as adoption-first. For financial services CRM the consequence is concrete: adoption 

metrics that outpace data quality create a false signal of progress that can mask growing measurement risk. 

Managers should report adoption volume and data-quality pass rates as separate lines, not a single blended 

score. (Puriwat & Tripopsakul, 2017; Tung, 2024b). 

A further unit-of-analysis question for user adoption concerns whether to measure at the individual or the 

team level. Mixing units, as in other parts of this framework, produces biased comparisons and weakens 

causal interpretation. Under the framework advanced here, each adoption metric specifies its aggregation 

level explicitly, with an assigned owner, refresh frequency, and escalation path, so that team-level 

compensation effects are visible rather than hidden inside an averaged score. (Jiang et al., 2025a). 

Timing shapes the economic contribution of user adoption: early login and activity metrics can rise well 

before the behavioral changes that actually drive revenue take hold. A multi-period model that discounts 

expected cash flows and prices in option value corrects for this lag. In financial services CRM, staged 

commitments and pilot gates let managers avoid locking in a broad rollout based on adoption metrics that 

have not yet had time to mature into revenue evidence. (Hartinger et al., 2025; Szczepura et al., 2023). 

A complementary pathway links user adoption to revenue growth through data integrity rather than through 

behavior change alone. In financial services CRM, this means adoption dashboards can overstate engagement 

if the underlying data pipeline silently drops or duplicates events. A credible model therefore validates the 

data pipeline itself as a precondition for trusting any adoption-to-revenue estimate, alongside the usual 

decision rule, baseline, and time horizon. (Nekunam, 2024; Sangarsu, 2023). 

A second version of the adoption-and-data-quality tension appears when adoption is pushed through 

incentive design rather than through access alone. The framework advanced here treats adoption incentives 
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and data-quality thresholds as joint constraints rather than independent levers. For financial services CRM 

the consequence is concrete: misaligned incentives are a common, fixable source of the tension described 

above. Managers should report incentive-driven adoption separately from quality-gated adoption. 

(Deshmukh, 2025; Koutouvalas & Siomkos, 2006). 

4.2 Data Quality 

Defining the unit of analysis comes first for data quality: a field-level error rate and a record-level 

completeness score answer different questions and should not be blended into one index. Under the 

framework advanced here, each data-quality metric has an owner, source system, refresh frequency, 

permissible use, validation threshold, and escalation path, keeping field-level and record-level measurement 

visibly separate. (Tang, 2025) (Anichukwueze et al., 2019). 

Timing shapes the economic contribution of data quality in a second respect: identity and access-related data-

quality investments protect against losses that, when averted, are invisible in ordinary reporting. A multi-

period model that discounts expected cash flows and applies scenario-specific probabilities is therefore 

necessary to value this kind of investment properly. In financial services CRM, review points built around 

scenario comparison, rather than around a single observed outcome, let managers judge whether an identity-

data-quality investment is paying off even when its clearest benefit is a loss that never occurred. (Iwalewa, 

2022) (Sanni et al., 2020). 

Data quality feeds adoption-mediated revenue growth through a pathway that runs from record accuracy to 

trusted forecasting to committed resourcing, not through a direct statistical link between data-cleanliness 

scores and revenue. In financial services CRM, poor data quality therefore does not merely reduce reporting 

accuracy; it silently biases the forecasts that commercial and risk teams both rely on. A credible model 

records the specific data-quality threshold used, its cost to maintain, and the horizon over which its effect on 

forecast accuracy should be evaluated. (Alshurideh, 2022; Ayambire, 2021; Tonoyan et al., 2021). 

data quality and workflow fit stand in tension when quality gates are added late in an already-adopted 

workflow: staff experience the new validation step as friction rather than as protection. The framework 

advanced here treats data-quality gating and workflow continuity as joint constraints rather than sequencing 

one after the other. For financial services CRM the consequence is concrete: a validation step introduced 

without a transition period can suppress the very adoption it depends on to generate clean data in the first 

place. Decision makers should therefore pilot quality gates on a limited workflow segment and report the 

friction cost before expanding them system-wide. (Pamisetty, 2025; Syed, 2025a). 

A further data-quality measurement question concerns the reporting cycle over which errors are counted. 

Mixing reporting cycles, as elsewhere in this framework, produces biased comparisons. Under the 

framework advanced here, each data-quality metric specifies its reporting cycle explicitly, alongside an 

owner, source system, refresh frequency, and escalation path, so quality trends are comparable period over 

period. (Pareek et al., 2019). 

A further data-quality timing question concerns integration projects specifically, where cost is front-loaded 

and benefit is back-loaded. A multi-period model that discounts expected cash flows and reserves option 

value for redesign captures this pattern more accurately than a single-period return calculation. In financial 

services CRM, covenant triggers tied to specific integration milestones let managers confirm that early 

integration cost is on track to be recovered before committing to further build-out. (Holloway, 2025b; Phong 

& Chi, 2019). 
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4.3 Workflow Fit 

Workflow fit contributes to adoption-mediated revenue growth by changing what sellers or service staff do 

next, not by improving satisfaction scores directly. In financial services CRM, this implies workflow-fit 

investment should be judged by the specific action it enables, such as faster case escalation or fewer manual 

handoffs, and by whether that action reaches the revenue-generating process. A credible model records that 

action, its cost, and the expected time lag before revenue responds. (Gz & M.Eng., 2024; Saputra & 

Binastuti, 2025; Eyetsemitan et al., 2024) (Eyetsemitan et al., 2021) (Kareem, 2025). 

workflow fit and customer insight stand in tension: workflows streamlined for speed can strip out the very 

data-entry steps that generate usable customer insight. The framework advanced here treats workflow speed 

and insight capture as joint constraints. For financial services CRM the consequence is concrete: insight lost 

to a faster workflow shows up later as weaker forecasting and targeting. Managers should report speed gains 

and insight-field completeness as separate lines. (Hayati et al., 2020; Kumari et al., 2023) (Akinleye & 

Adeyoyin, 2021). 

Defining the unit of analysis comes first for workflow fit when the workflow spans multiple systems, since a 

step that looks fast in the CRM may be slow once the handoff to an adjacent system is included. Mixing units 

across the workflow, as elsewhere, produces biased comparisons. Under the framework advanced here, each 

workflow-fit metric is scoped to the full cross-system process, with an assigned owner, refresh frequency, 

and escalation path. (Ambarwati, 2014). 

Timing shapes the economic contribution of workflow fit as well: a redesigned workflow often looks slower 

in its first weeks, as staff relearn habits, before it produces any net efficiency gain. A multi-period model that 

discounts expected cash flows and prices in the option to pause or redesign avoids penalizing a workflow 

change for a temporary dip that is expected in advance. In financial services CRM, pilot gates timed to run 

past the expected adjustment period let managers distinguish a genuinely underperforming redesign from one 

that simply has not yet reached its crossover point. (Holloway, 2024). 

A second workflow-fit pathway to revenue growth runs through tooling reliability rather than through task 

alignment. In financial services CRM, unreliable releases erode trust in workflow tooling faster than any 

single feature gap, which then suppresses adoption regardless of underlying fit. A credible model therefore 

tracks release reliability as an input alongside the decision rule, baseline, and time horizon already specified 

for other pathways in this framework. (Lee & Chen, 2025). 

A second workflow-and-insight tension appears at the tooling layer rather than the process layer. The 

framework advanced here treats tooling choice and insight continuity as joint constraints, evaluated through 

scenario and sensitivity analysis. For financial services CRM the consequence is concrete: a tooling change 

that interrupts insight continuity, even briefly, can produce a visible dip in forecast accuracy that is easy to 

misattribute to adoption failure rather than to the transition itself. (M. & Kareem, 2025). 

4.4 Customer Insight 

Defining the unit of analysis comes first for customer insight: insight generated per interaction differs from 

insight generated per relationship, and conflating the two overstates how much is actually known about a 

given customer. Mixing these units, as elsewhere in this framework, produces biased comparisons and 

weakens causal interpretation. Under the framework advanced here, each customer-insight metric has an 

owner, source system, refresh frequency, permissible use, validation threshold, and escalation path, so 

relationship-level insight is not overstated by interaction-level volume. (Heydarli, 2025; Suradi, 2020) 

(Ogunnowo et al., 2021). 
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A further customer-insight timing question concerns platform-integration investments specifically. A model 

spanning several periods, discounting expected cash flows and reserving option value for course correction, 

reflects this compounding pattern more accurately than a single-period view. In financial services CRM, 

review points tied to release cycles, rather than to a fixed calendar, let managers judge integration-driven 

insight investment on a timeline that matches how the benefit actually accrues. (Munira, 2025; Payne, 2001). 

Customer insight feeds adoption-mediated revenue growth through a pathway that runs from segmentation 

accuracy to targeted intervention to realized conversion, not through insight volume alone. In financial 

services CRM, this means customer-insight investment should be evaluated by the specific targeting decision 

it changes. A credible model records that decision, its baseline, and the distribution of effects across different 

customer segments. (Ahad, 2022; Saleem & Rashid, 2011; Oziri et al., 2020). 

customer insight and sales productivity stand in tension when insight tools are rolled out without adjusting 

seller quotas to account for the added analysis time. The framework advanced here treats insight-tool rollout 

and productivity targets as joint constraints. For financial services CRM the consequence is concrete: 

unadjusted quotas can make a genuinely useful insight tool look like it reduced productivity, when it only 

reallocated seller time. (Abeysekera & Wickramasinghe, 2013; Lien & Tang, 2023). 

A further customer-insight measurement question concerns whether insight quality should be judged by 

prediction accuracy or by decision impact. Mixing accuracy-based and decision-based measures, as 

elsewhere in this framework, produces biased comparisons. Under the framework advanced here, each 

customer-insight metric has an owner, source system, refresh frequency, permissible use, validation 

threshold, and escalation path. (Girinath & Ravi, 2011; Sianturi & Gultom, 2025). 

A last customer-insight timing question concerns security-architecture investments that support insight 

systems. A multi-period model that discounts expected cash flows and applies scenario-specific probabilities 

values this kind of avoided-loss benefit appropriately. In financial services CRM, review points anchored to 

full reporting cycles, not partial ones, keep this timing mismatch from distorting the appraisal. (Albuainain & 

Ashby, 2025; Sultana & Faisal, 2025). 

4.5 Sales Productivity 

Sales productivity reaches adoption-mediated revenue growth along a pathway that runs from prioritization 

data to seller behavior to closed revenue, not through activity volume alone. In financial services CRM, 

productivity tooling should therefore be judged by the specific prioritization rule it changes. A credible 

model records that rule, its implementation cost, and the horizon over which revenue effects should appear. 

(Istighfaroh, 2024; Jiang et al., 2025b; Dada et al., 2021). 

sales productivity and governance stand in tension: productivity incentives that reward speed can erode the 

documentation governance depends on. The framework advanced here treats productivity speed and 

governance documentation as joint constraints rather than competing goals. For financial services CRM the 

consequence is concrete: undocumented speed gains eventually surface as compliance findings that cost 

more than the productivity they produced. Managers should report speed gains and documentation 

completeness separately. (Azimi et al., 2023). 

Defining the unit of analysis comes first for sales productivity, this time between output measures, such as 

deals closed, and input measures, such as qualified activity. Mixing input and output units, as elsewhere in 

this framework, produces biased comparisons. Under the framework advanced here, each sales-productivity 

metric specifies whether it is an input or output measure, with an assigned owner, refresh frequency, and 

escalation path. (Lê, 2024). 
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Timing shapes the economic contribution of sales productivity in a further respect: productivity tools that 

reduce a seller's admin burden free up time immediately, but the revenue effect of that freed time depends on 

how it is subsequently allocated. A multi-period model that discounts expected cash flows and prices in 

option value captures this two-stage timing. In financial services CRM, staged commitments tied to how 

freed time is reallocated let managers verify the second stage actually occurs. (Mulyana, 2020). 

A second sales-productivity pathway to revenue growth runs through timing discipline rather than through 

prioritization alone. In financial services CRM, timing mismatches between a KPI dashboard and the 

underlying transaction ledger are a common, underappreciated source of attribution error: a deal recorded as 

closed on different dates in two systems will generate two different productivity estimates. A credible model 

therefore reconciles KPI timing to a single ledger before estimating revenue effects, in addition to specifying 

the usual decision rule, baseline, and uncertainty range. (Badiyani, 2022). 

A second productivity-and-governance tension appears in incentive design rather than in process speed. The 

framework advanced here treats productivity incentives and governance reporting as joint constraints, tested 

through scenario and sensitivity analysis. For financial services CRM the consequence is concrete: incentive 

schemes designed without governance input tend to reward the behavior that is easiest to measure, not the 

behavior that is safest. (kakhniashvili, 2025). 

4.6 Governance 

Defining the unit of analysis comes first for governance: a control tested per transaction differs from one 

tested per audit cycle, and treating the two interchangeably overstates how continuously a control is actually 

operating. Mixing testing cadences, as elsewhere in this framework, produces biased comparisons. Under the 

framework advanced here, each governance metric specifies its testing cadence explicitly, with an assigned 

owner, refresh frequency, and escalation path. (Waluyo et al., 2025) (Okwesa et al., 2023). 

Timing shapes the economic contribution of governance in a further respect: internal-audit and compliance 

investments carry a visible cost in the period they are made, while their benefit accrues as a lower probability 

of a costly finding in future periods. A multi-period model that discounts expected cash flows and reserves 

option value for redesign reflects this gradual maturation. In financial services CRM, review points spaced 

across several audit cycles, not one, are needed to fairly evaluate a governance investment of this kind. 

(Rodríguez-Sola, 2015) (Lawal & Oduleye, 2018b). 

Governance contributes to adoption-mediated revenue growth indirectly, by determining whether the revenue 

estimates produced by other parts of the framework can be trusted. In financial services CRM, this separation 

limits attribution error and shows where value leakage occurs between the CRM system of record and the 

finance system that ultimately books revenue. A defensible model therefore records the reconciliation rule 

between these systems, alongside the decision rule, baseline, and uncertainty range used elsewhere in this 

framework. (Marfiadi, 2025) (Ominyi, 2020). 

governance and user adoption stand in tension when governance reviews are triggered by adoption 

milestones rather than by risk indicators, which can reward gaming the milestone rather than genuine 

engagement. The framework advanced here treats governance triggers and adoption measurement as joint 

constraints rather than treating one as a checkpoint for the other. For financial services CRM the 

consequence is concrete: milestone-based governance is easy to game and can quietly increase, rather than 

reduce, systemic risk. (Maltyz & Maltyz, 2024). 

A further governance measurement question concerns whether controls should be measured by design 

adequacy or by operating effectiveness. Mixing these two measures, as elsewhere in this framework, 
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produces biased comparisons. Under the framework advanced here, each governance metric distinguishes 

design adequacy from operating effectiveness, with an assigned owner, refresh frequency, and escalation 

path. (Herdiyanto & Arief, 2024; Kalasaiah, 2021a). 

A further governance timing question concerns financial-reporting controls specifically. A multi-period 

model that discounts expected cash flows and applies scenario-specific probabilities avoids judging this kind 

of control investment on its first, transition-affected cycle. In financial services CRM, this temporal treatment 

prevents an unusually rough first close cycle from being read as evidence that the control investment failed. 

Review points spaced at least two close cycles apart give managers a fairer basis for judging whether the 

investment is working as intended. Table 2 summarizes the resulting measurement architecture across all six 

decision areas. (Fu, 2024). 

Construct Definition Measure 

User Adoption Degree to which sellers and service staff use the CRM in 

daily work; reviewed daily by operations through an 

exposure lens 

user adoption index, outcome value, data 

quality, adoption rate 

Data Quality Accuracy, completeness, and timeliness of customer 

records; reviewed weekly by analytics through a 

behavioral lens 

data quality index, outcome value, data 

quality, adoption rate 

Workflow Fit Alignment between system steps and the work sellers 

actually perform; reviewed monthly by finance through 

an economic lens 

workflow fit index, outcome value, data 

quality, adoption rate 

Customer Insight Quality of segment and relationship knowledge the 

system produces; reviewed quarterly by risk through a 

control lens 

customer insight index, outcome value, 

data quality, adoption rate 

Sales Productivity Revenue produced per unit of selling effort; reviewed at 

each event by technology through a learning lens 
sales productivity index, outcome value, 

data quality, adoption rate 

Governance Control, approval, and audit arrangements around CRM 

driven decisions; reviewed annually by the executive 

committee through an accountability lens 

governance index, outcome value, data 

quality, adoption rate 

 

Table 2. Construct definitions and measures 

5 Propositions and Measures 

The outcome that matters here is adoption mediated revenue growth. The general specification is V = B - C - 

EL - K - H, with B for incremental benefit, C for implementation and operating cost, EL for expected loss, K 

for the charge on capital and liquidity, and H for an explicit estimate of customer or stakeholder harm where 

measurement allows. Scenario weights give an expected value; the stress cases bring concentration and tail 

exposure into view. This specification scaffolds decisions; it does not assert that every effect can be 

monetized. Table 3 lists the propositions that follow from this specification, together with their empirical 

measures. (Sari & Rosa, 2024; Sitorus & Prasetya, 2018). 

ID Proposition Candidate measures 

P1 Higher capability in user adoption is associated with 

improved adoption mediated revenue growth, conditional 

on data quality and implementation fidelity. 

user adoption index, outcome value, data 

quality, adoption rate 

P7 The effect of user adoption on adoption 

mediated revenue growth is mediated or 

moderated by data quality. 

interaction term, lagged outcome, control 

effectiveness 

P2 Higher capability in data quality is 

associated with improved adoption 

mediated revenue growth, conditional on 

data quality index, outcome value, data 

quality, adoption rate 
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data quality and implementation fidelity. 

P8 The effect of data quality on adoption 

mediated revenue growth is mediated or 

moderated by workflow fit. 

interaction term, lagged outcome, control 

effectiveness 

P3 Higher capability in workflow fit is 

associated with improved adoption 

mediated revenue growth, conditional on 

data quality and implementation fidelity. 

workflow fit index, outcome value, data 

quality, adoption rate 

P9 The effect of workflow fit on adoption 

mediated revenue growth is mediated or 

moderated by customer insight. 

interaction term, lagged outcome, control 

effectiveness 

P4 Higher capability in customer insight is 

associated with improved adoption 

mediated revenue growth, conditional on 

data quality and implementation fidelity. 

customer insight index, outcome value, 

data quality, adoption rate 

P10 The effect of customer insight on 

adoption mediated revenue growth is 

mediated or moderated by sales 

productivity. 

interaction term, lagged outcome, control 

effectiveness 

P5 Higher capability in sales productivity is 

associated with improved adoption 

mediated revenue growth, conditional on 

data quality and implementation fidelity. 

sales productivity index, outcome value, 

data quality, adoption rate 

P11 The effect of sales productivity on 

adoption mediated revenue growth is 

mediated or moderated by governance. 

interaction term, lagged outcome, control 

effectiveness 

P6 Higher capability in governance is 

associated with improved adoption 

mediated revenue growth, conditional on 

data quality and implementation fidelity. 

governance index, outcome value, data 

quality, adoption rate 

P12 The effect of governance on adoption 

mediated revenue growth is mediated or 

moderated by user adoption. 

interaction term, lagged outcome, control 

effectiveness 

 

Table 3. Propositions 

Proposition P1 is that stronger user-adoption capability improves adoption-mediated revenue growth 

primarily through the information channel: better adoption generates cleaner behavioral signals that improve 

targeting decisions, conditional on data quality remaining high enough for those signals to be trusted. Testing 

should compare a defined adoption intervention, such as a redesigned onboarding flow, against a credible 

baseline cohort, and measure data quality as the boundary condition on the proposed effect. Panel data or a 

matched comparison-group design would offer stronger identification than a single before-and-after 

comparison, since adoption effects are likely to compound over several periods rather than appear 

immediately. (F, 2024; Masadeh et al., 2025). 

Proposition P2 is that stronger data-quality capability improves adoption-mediated revenue growth primarily 

through the control-effectiveness channel: cleaner data lets governance and risk functions verify decisions 

with less manual review, freeing capacity for revenue-generating work, conditional on workflow fit. Testing 

should compare a data-quality intervention against a credible baseline, measuring workflow fit as the 

boundary condition, using an interrupted time-series design to capture the gradual, rather than immediate, 

nature of this effect. (Kalasaiah, 2021b; Okan, 2024). 

Proposition P3 is that stronger workflow-fit capability improves adoption-mediated revenue growth primarily 

through the timing channel: a well-fitted workflow shortens the interval between a customer signal and a 

seller's response, conditional on customer insight being detailed enough to act on within that shortened 
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window. Testing should compare a workflow-fit intervention against a credible baseline, measuring customer 

insight as the boundary condition, using a difference-in-differences design across business units that adopt 

the new workflow at different times. (Hassan & Rehman, 2016; Sakyi et al., 2022). 

Proposition P4 is that stronger customer-insight capability improves adoption-mediated revenue growth 

primarily through the incentive channel: better insight lets managers target incentives at the specific accounts 

most likely to respond, conditional on sales-productivity capacity being available to act on the resulting 

leads. Testing should compare a customer-insight intervention, such as a new segmentation model, against a 

credible baseline, measuring sales-productivity capacity as the boundary condition. A randomized pilot 

across comparable sales teams would offer stronger identification than a single before-and-after comparison, 

since insight-driven incentive effects are easily confounded with concurrent productivity initiatives. 

(Hossain, 2021; Metelsky, 2021). 

Proposition P5 is that stronger sales-productivity capability improves adoption-mediated revenue growth 

primarily through the information channel, since more productive sellers generate more, and more consistent, 

activity data for the governance function to monitor, conditional on governance capacity to act on that data. 

Testing should compare a productivity intervention against a credible baseline, measuring governance 

capacity as the boundary condition, using matched comparison groups of otherwise similar sales teams to 

isolate the productivity effect from concurrent governance changes. (PV et al., 2025). 

Proposition P6 is that stronger governance capability improves adoption-mediated revenue growth primarily 

through the control-effectiveness channel, since well-governed interventions are approved and scaled faster 

once early risk indicators are trusted, conditional on user-adoption capacity to execute at the approved scale. 

Testing should compare a governance intervention against a credible baseline, measuring user-adoption 

capacity as the boundary condition, using an interrupted time-series design around the governance change. 

(Hellenkamp, 2025). 

Proposition P7 is that stronger user-adoption capability improves adoption-mediated revenue growth through 

a second, incentive-based channel distinct from the information channel addressed in Proposition P1: 

adoption responds to how it is rewarded, not only to how well it is enabled, conditional on data quality 

remaining high enough that the reward is not gamed. Testing should compare an adoption-incentive 

intervention against a credible baseline, measuring data quality as the boundary condition, using a 

randomized pilot across comparable incentive cohorts. (Chu & Lam, 2024; Wu, 2025). 

Proposition P8 is that stronger data-quality capability improves adoption-mediated revenue growth through a 

second, timing-based channel: cleaner data shortens the interval between an error occurring and being 

caught, conditional on workflow fit allowing that shorter interval to translate into a faster correction. Testing 

should compare a data-quality intervention against a credible baseline, measuring workflow fit as the 

boundary condition, using an interrupted time-series design to capture the shortened error-to-correction 

interval directly. (Mahendra & Sari, 2023; Maroofi & Amiri, 2016). 

Proposition P9 is that stronger workflow-fit capability improves adoption-mediated revenue growth through 

a second, control-effectiveness channel: a well-fitted workflow makes control steps easier to complete 

correctly, conditional on customer insight being available to route exceptions appropriately. Testing should 

compare a workflow-fit intervention against a credible baseline, measuring customer insight as the boundary 

condition, using matched comparison groups. (Keramati et al., 2008; Valetvakar et al., 2025). 

Proposition P10 is that stronger customer-insight capability improves adoption-mediated revenue growth 

through a second, timing-based channel: earlier insight into a customer's changing needs shortens the interval 
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before a productivity-enhancing intervention, such as a proactive outreach, can be triggered, conditional on 

sales-productivity capacity to act on that trigger promptly. Testing should compare an insight-timing 

intervention against a credible baseline, measuring sales-productivity capacity as the boundary condition, 

using a difference-in-differences design. (Rane et al., 2023; Tater et al., 2011). 

Proposition P11 is that stronger sales-productivity capability improves adoption-mediated revenue growth 

through a second, control-effectiveness channel: productivity gains that are documented as they occur are 

easier for governance to verify and therefore easier to scale with confidence, conditional on governance 

capacity to review that documentation. Testing should compare a productivity-documentation intervention 

against a credible baseline, measuring governance capacity as the boundary condition, using panel data 

across multiple review cycles. (Kumar and., 2022). 

Proposition P12 is that stronger governance capability improves adoption-mediated revenue growth through 

a second, incentive-based channel: governance that rewards early disclosure of problems, rather than only 

rewarding clean audit results, encourages the honest adoption reporting that Proposition P6 depends on. 

Testing should compare a governance-incentive intervention against a credible baseline, measuring user-

adoption capacity as the boundary condition, using a randomized pilot across comparable governance 

cohorts. (Riadi & Anggrayni, 2023; Syed, 2025b). 

6 Evidence Synthesis 

The synthesis below groups the reviewed literature by theme, grouping studies according to the framework 

construct they inform most directly: value, risk, data, behavior, control, and context. Each theme compares 

what the underlying studies examined, how their methods and settings differ, and where their conclusions 

converge or diverge, rather than listing sources as an undifferentiated bundle. Directly relevant sources, 

drawn from CRM, analytics, and financial-services governance research, inform the focal constructs most 

closely. Cross-sector sources, drawn from healthcare, energy, logistics, and public-sector settings, contribute 

mechanisms whose transfer to financial services CRM depends on comparable data structures, incentive 

design, control regimes, and decision settings; the synthesis treats these as analogical evidence rather than 

direct support. (Copulsky et al., 2017; Potluri & Muuka, 2021). 

Theme Representative evidence Relevance 

Financial appraisal and 

analytics quality 
Sources on appraisal discipline, data quality, and 

information processing reviewed in section 6 
Establishes the definition of inputs, decisions, 

costs, and outcomes that the model requires 

Risk and control Sources on metric governance, audit trails, and 

control effectiveness 
Supports governed metric definitions and audit 

trails as a precondition for interpreting adoption 

data 

Workflow fit and data quality 

as joint constraints 
Sources linking workflow design to the quality of 

data the workflow generates 
Shows why adoption, data quality, and workflow 

fit should be evaluated together rather than in 

sequence 

Adoption and revenue 

pathway evidence 
Sources on adoption behavior, analytics capability, 

and commercial outcomes in service firms 
Provides the mechanism linking system use to 

adoption mediated revenue growth through 

changed seller behavior 

Cross sector and analogical 

evidence 
Sources from adjacent sectors read as analogical 

transfers 
Contributes mechanisms whose transfer depends 

on comparable data, incentives, controls, and 

decision settings 

 

Table 4. Evidence map 
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Figure 2. Pathway from adoption through to revenue realisation. 

This theme groups studies on financial appraisal, analytics and information quality, risk and control, and 

customer and service outcomes. In financial services CRM, the shared implication is that adoption-mediated 

revenue growth cannot be assessed independently of the governance architecture that produces the 

underlying data. (Mangmee & Kookkaew, 2023; Sharma, 2025; Sakyi et al., 2023) (Nnabueze et al., 2023a). 

This theme addresses analytics and information quality alongside risk and control. Collectively, these studies 

indicate that analytics quality and control effectiveness are jointly determined, which supports treating data 

quality as a boundary condition on adoption-mediated revenue growth rather than a separate outcome. 

(Bansal & Kaur, 2024; Schiffers, 2024; Oluwo et al., 2025) (Sanni & Atima, 2021). 

Read together, these studies support governing metric definitions and audit trails as a precondition for any 

measurement architecture, including the one proposed here for CRM-driven revenue growth. (Sudirjo, 2021) 

(Onche et al., 2023). 

Together, these sources support treating workflow fit as a joint constraint with data quality rather than as an 

independent lever. (Pegah, 2024). 

Across this group, the consistent finding is that analytics and information-quality gains are contingent on the 

access and platform controls layered beneath them, which is why the framework treats data quality and 

governance as joint, not sequential, constraints. (Holloway, 2025a; Torres & Zhang, 2022). 

Because most of the sources in this cluster are cross-sector, the synthesis treats its contribution as confirming 

a transferable mechanism, structured control verification, rather than as direct financial-services evidence. 

(Gonza, 2022; Sharma et al., 2011; Nnabueze et al., 2024). 

7 Practical Implications 

Start from the decision itself rather than from whatever dashboard is already available. Specify who decides, 

the alternatives available, the no-action baseline, and how long outcomes must be observed. 

Timing shapes the economic contribution of user adoption. Early gains can be followed by later losses, 

attrition, obsolescence, remediation costs, or regulatory consequences. In financial services CRM, this 

temporal treatment prevents favorable early indicators from dominating the appraisal. It also makes room for 

staged commitments, pilot gates, covenant triggers, and review points. Managers gain a clearer view of when 

evidence is strong enough to expand, redesign, pause, or exit an intervention. (Sandhu, 2020). 

Maintain one governed metric dictionary covering enterprise CRM investment and use. It should carry 

formulas, owners, source systems, exclusions, refresh cycles, and validation tolerances 
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The link from data quality to adoption mediated revenue growth is better modelled as a decision pathway 

than as a simple association. Managers first observe imperfect signals, translate those signals into an 

intervention, and then absorb financial, operational, and conduct consequences. In financial services CRM, 

this separation limits attribution error and shows where value leakage occurs. A defensible model therefore 

records the decision rule, comparison baseline, implementation cost, time horizon, uncertainty range, and 

distribution of effects across customers and counterparties. (Paguio, 2010; Shaikh & Sharif, 2024). 

Prediction and causal contribution must be separated. That a model predicts high response or risk says 

nothing by itself about whether an intervention creates value. (Adaramola et al., 2020). 

workflow fit and customer insight stand in tension. Optimizing one measure in isolation often shifts cost or 

risk elsewhere in the system. This approach matters in financial services CRM because short term accounting 

gains can conceal later losses, customer harm, compliance expense, or strategic rigidity. Decision makers 

should therefore report gross benefit, incremental benefit, risk adjusted benefit, and confidence intervals 

separately. Such reporting makes assumptions visible and creates a basis for challenge by finance, risk, 

operations, technology, and customer teams. (Faishal & Ambarwati, 2024; Jones & Ranchhod, 2007). 

Distributional outcomes belong in the reporting alongside averages. Averages conceal concentrated losses, 

customer harm, regional gaps, and burdens shifted onto another function. (Seyi-Lande et al., 2020; Ohunyon 

et al., 2026). 

Defining the unit of analysis comes first for customer insight. Depending on the decision, the unit may be a 

customer, account, transaction, campaign, asset, route, service provider, or reporting cycle. Mixing units 

produces biased comparisons and weakens causal interpretation. Under the framework advanced here, each 

metric has an owner, source system, refresh frequency, permissible use, validation threshold, and escalation 

path. These features turn measurement from a dashboard exercise into a repeatable management control 

aligned with enterprise CRM investment and use. (Halvadia & Halvadia, 2020; Mosa, 2022) (Nnabueze et 

al., 2023b; Mbonu et al., 2019). 

Approval should be staged. Pilot, validate, scale, and review against gates defined in advance and tied to 

evidence quality and risk appetite 

Timing shapes the economic contribution of sales productivity. Early gains can be followed by later losses, 

attrition, obsolescence, remediation costs, or regulatory consequences. In financial services CRM, this 

temporal treatment prevents favorable early indicators from dominating the appraisal. It also makes room for 

staged commitments, pilot gates, covenant triggers, and review points. Managers gain a clearer view of when 

evidence is strong enough to expand, redesign, pause, or exit an intervention. (Nicoline & Nicoline, 2022). 

Human accountability must be preserved. Automated recommendations require documented override rights, 

monitoring, and an appeal or remediation path where decisions affect customers or counterparties. (Sanni et 

al., 2025). 

The link from governance to adoption mediated revenue growth is better modelled as a decision pathway 

than as a simple association. Managers first observe imperfect signals, translate those signals into an 

intervention, and then absorb financial, operational, and conduct consequences. In financial services CRM, 

this separation limits attribution error and shows where value leakage occurs. A defensible model therefore 

records the decision rule, comparison baseline, implementation cost, time horizon, uncertainty range, and 

distribution of effects across customers and counterparties. (Mishra et al., 2019; Teas et al., 1988) (Mbonu et 

al., 2020). 
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8 Limitations and Future Research 

The review carries three limitations. First, the review is not exhaustive of any database. Second, appearing in 

a bibliography says nothing about study quality, so a later submission would need to verify each record and 

appraise full texts. Third, claims about effect size or superiority must wait on empirical validation of the 

framework. The boundary between synthesis, proposition, and evidence is preserved by those limits. 

(Manajemen, 2023; matlombe et al., 2024). 

Which adoption mechanisms convert CRM investment into measurable revenue outcomes? Later work 

should preregister its unit of analysis, observation window, treatment definition, outcome hierarchy, and 

missing data rules. Studies spanning several institutions should test whether estimates travel across 

regulatory and market settings. Qualitative research should ask why users follow, modify, or reject model 

recommendations. (Eseoghnene, 2025) (Sanni et al., 2024b). 

How do data quality and workflow integration mediate commercial performance? Later work should 

preregister its unit of analysis, observation window, treatment definition, outcome hierarchy, and missing 

data rules. Studies spanning several institutions should test whether estimates travel across regulatory and 

market settings. Qualitative research should ask why users follow, modify, or reject model recommendations. 

(Bagla & Singh, 2016; Hamid et al., 2022) (Sakyi et al., 2024). 

Which metrics distinguish system use from value creating use? . (Sondinti, 2025a). 

Later work should compare valuation assumptions, examine model drift, and test how governance quality 

affects realized benefits. Negative and null findings should be published, subgroup effects reported, and 

statistical significance distinguished from economic materiality. Replication packages should carry data 

dictionaries, codebooks, model cards, and decision logs wherever confidentiality permits. (Reid & Kelvin, 

2025). 

9 Conclusion 

Three conclusions follow from the review. First, adoption is a behavioral construct rather than a licensing 

outcome, so login frequency, opportunity logging, and account coverage measure engagement only when 

they are read alongside what sellers and service staff actually do next. Second, the pathway from adoption to 

adoption mediated revenue growth is conditional: data quality, workflow fit, and governance determine 

whether activity in the system turns into decisions that change commercial results. 

Third, the six constructs belong in one measurement architecture. Taken separately, each can be improved in 

ways that damage the others, since faster workflows can strip out the data-entry steps that insight depends on, 

and tighter controls can slow the intervention cycle that adoption gains require. 

For practitioners the practical test is simple: fix the unit of analysis, name the owner of each metric, and 

model the relationship between a capability and adoption mediated revenue growth as a decision pathway 

rather than a correlation. For researchers, the framework offers propositions with candidate measures that can 

be tested through panel designs, staged pilots, and matched comparisons. 

 



International Journal of Science, Technology and Society   |   Vol. 9, No. 1, 2025 

  

 
48 

 

Figure 3. Illustrative association between adoption intensity and revenue growth. 
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