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| ABSTRACT 

Transactions of high value in the real estate, energy, and B2B fields are prone to strategic uncertainties owing to 

decision volatility, long negotiations, and asymmetric information problems. In this paper, the researcher presents 

the Customer Happiness Intelligence System (CHIS), a commercial intelligence solution that tackles the above issues 

by timely identification of behavioral risk factors. Developed through executive experience, CHIS consists of data 

integration, behavior recognition, and insight generation as its three components, based on a patent-pending 

architecture, as well as a future MVP software. The research methodology follows a mixed-method design, including 

a theoretical framework and a longitudinal case study on 150 multimillion-dollar transactions from Sunlocate 

Properties. The results indicate the reduction of churn rates by 25%, the increase of the closing rate of deals by 20-

30%, better forecast accuracy (by 28%), and lower revenue variance (by 35%) from analyzing communication, 

engagement and hesitation. From the theoretical perspective, CHIS represents an intersection between artificial 

intelligence and behavioral economics. As for practical implications, it provides executives with scalable approaches 

to solving the problem. Limitations are related to the specific context. 
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1. Introduction 

Strategic deals in real estate, energy, enterprise software sales, and B2B deals are important yet risky organizational 

junctures involving large-scale financial investments, multiple parties, and extended timelines, thus creating a high-

risk environment (Courtney et al., 1997). They involve volatile decisions where buyer interest is unstable due to 

fluctuations in markets and/or organizational internal operations, lengthy negotiations involving a series of back-

and-forth sessions, taking weeks or even months to conclude, and informational asymmetry, where a seller lacks 

information about their buyer's requirements, competencies, and alternatives (Sidoti et al., 2013). Increased 

environmental uncertainty caused by geopolitical events, economic volatility, digital attacks, and rapidly evolving 

technologies creates additional uncertainty, compromising revenue forecasting, efficiency, and overall resilience of 

businesses (Krämer et al., 2025; Kim and Yang, 2024). For instance, energy contract negotiations involve regulatory 

changes or disruptions in the supply chain that could lead to a deal failure and loss of opportunities (Fredson et al., 

2023). Similarly, uncertainties within high-stake eCommerce and financial services deals may pose the risk of fraud 

and inaccurate pricing (Ashraf and Rafaqat, 2025; Ahmed et al., 2025). 
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This increased level of uncertainty adversely impacts economic processes as companies find themselves unable to 

forecast the future, efficiently allocate resources, and maintain competitive advantage (Mancuso, 2025). Traditional 

CRM solutions have been found useful in simple cases but provide only fragmented information based on 

retrospective analysis and intuition without relying on predictive capabilities (Davis, 2003). The application of 

reactive approaches in high-uncertainty situations contributes to increased volatility, churn rates, poor realization of 

the revenue target, and ineffective utilization of financial resources (Abedinia et al., 2019; Talari et al., 2017). 

Advances in AI technologies, big data analytics, and other emerging technologies create conditions for uncertainty 

management through data transformation into actionable intelligence, which allows symmetry in information flows 

and enhanced foresight (Chen et al., 2026; Cooke and Zubcsek, 2017). Dynamic pricing and risk management in 

banking, risk assessment in energy, and authentication using biometrics and reinforcement learning techniques help 

to manage uncertainties in the banking and energy sectors (Qian et al., 2019; Wu et al., 2020). 

Structuring customer intelligence systems allows for minimizing the degree of uncertainty by tracking behavioral 

risk indicators proactively, changing intuition-based approaches to analysis of the communication dynamics, 

engagement patterns, and hesitancy indicators, improving forecast accuracy and stabilizing the company's revenue 

flow (Barton and Thomas, 2009; Hildebrand and Bergner, 2019). These techniques allow identifying signs like late 

replies by applying machine learning and unsupervised algorithms for proactive response, making it possible to 

shorten the deal's life cycle and treat uncertainty management as one of the fundamental economic activities of 

modern-day sales architecture (Shaposhnik, 2016; Fanousse et al., 2021). 

The research was conducted by an experienced executive whose specialization lies in methodology development 

and innovation of information systems. Specifically, he developed the Customer Happiness Intelligence System 

(CHIS), a commercially scalable decision-making, customer management, and revenue prediction tool for dealing 

with complexity. CHIS resulted from executive experience obtained at Sunlocate Properties, having a patent-

pending architecture and a software-based MVP platform as an independent analytical module that provides 

unique insights for sales executives and customer managers (Lee and Lan, 2011; Rudin and Shaposhnik, 2023). The 

author contributed to the existing literature in terms of academic articles concerning the development of 

commercial intelligence, as well as a book devoted to the topic – Intelligent Customer Ecosystems: Building 

Sustainable Growth Through Data-Driven Insights (Ahn et al., 2006; de Bellis et al., 2015). The present paper 

discusses the role of CHIS in managing communication dynamics, engagement patterns, and hesitancy indicators in 

order to mitigate uncertainty in strategic deals, providing empirical support through the example of Sunlocate 

Properties and adding to the literature on customer-centric operations, structured analytics, and business resiliency 

(Papakonstantinidis, 2017; Bayer et al., 2017; Aquilino et al., 2024; Chitsazan and Tsai, 2015). 

2. Literature Review 

High-value transactions have attracted scholarly interest as global business markets become increasingly volatile 

and interconnected. They entail significant financial costs, complex stakeholder interactions, and lengthy decision-

making processes, thus creating uncertainties due to information asymmetries, behavioral fluctuations, and 

environmental influences (Courtney et al., 1997). This review integrated insights from diverse disciplines of 

management, artificial intelligence (AI), behavioral economics, and industries to demonstrate how intelligent 

systems reduce strategic uncertainty during high-value transactions. This literature review proceeds with a 

sequential flow that begins with theories of uncertainty, continues with the integration of customer intelligence and 

artificial intelligence (AI), explores the concepts of behavioral and predictive analytics, considers sector-specific 

examples, highlights areas of knowledge gaps, and ends with the role of the Customer Happiness Intelligence 

System (CHIS). 

The Aim of this paper is to explain how intelligent customer intelligence systems like CHIS reduce uncertainties in 

high-value transactions by facilitating early detection of behavioral risks and enhancing decision transparency. The 

objectives are:  

1. to summarize critical literature related to uncertainty drivers and mitigation measures 
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2. to illustrate the structure of the CHIS framework, interpreting communication, interaction, and hesitation 

indicators 

3. to provide empirical evidence based on applied conditions like Sunlocate Properties 

4. to contribute to the discourse in the area of professional practice through predictive analytics. 

2.1 Conceptual Foundations of Strategic Uncertainty in High-Value Transactions 

The term strategic uncertainty describes situations in which decision-makers make choices in uncertain and volatile 

environments, lacking comprehensive knowledge and information, which results in inefficient resource utilization 

and high risks (Sidoti et al., 2013). The work of Courtney et al. (1997) classifies four types of uncertainties, ranging 

from predictable futures to complete ambiguity, and advises adopting adaptive strategies like scenario planning 

and portfolio diversification. External forces, such as regulatory changes and disruptive events in the market, 

increase negotiation durations and information asymmetries (Krämer et al., 2025). Kim and Yang (2024) explain how 

large multinational companies manage environmental uncertainties through digital transformation that links 

sustainable digital quality to customer value and market performance. In the energy industry, the vulnerability of 

the supply chain and geopolitical risks necessitate robust risk management for successful operations (Fredson et al., 

2023). Mancuso (2025) formulates innovation strategies in high-risk environments highlighting relationships 

between uncertainty and digital agility. These premises lay the foundations for addressing uncertainties in high-

value transactions using intelligence-based, customer-oriented systems that balance information asymmetry. 

2.2 The Role of Customer Intelligence in Mitigating Uncertainty 

Customer intelligence is the process of systematically collecting, utilizing, and analyzing customer information for 

decision-making purposes and has become sophisticated predictive systems that mitigate transaction risks (Davis, 

2003). Companies develop competencies through iterative data quality, IT integration, and organizational learning 

to attain a 360-degree perspective that compensates for information asymmetries (Davis, 2003). This is crucial for 

high-value transactions where intelligence systems create trust mechanisms, exemplified by biometric 

authentication for eCommerce security (Ashraf and Rafaqat, 2025). Barton and Thomas (2009) reveal how AI 

architecture allows small- and medium-sized enterprises (SMEs) to participate in high-value supply chains by 

optimizing information flows. Cooke and Zubcsek (2017) analyze connected devices that facilitate customer 

intelligence in real time and deliver personalized products and services to minimize uncertainties. 

2.3 AI and Technological Advances in Uncertainty Reduction 

Technological advancements in AI have revolutionized uncertainty management through instant risk predictions 

and analyses in high-value transactions. For instance, Ahmed et al. (2025) apply deep neural networks to assess risks 

and predict transactions in volatile banking sectors. Chen et al. (2026) introduce AI-driven dynamic pricing for high-

capital assets to maximize finite-horizon sales. Reinforcement learning models address uncertainties in electric 

vehicle (EV) charging, power systems, smart grids, and intelligent transportation (Qian et al., 2019; Qian et al., 2024; 

Wu et al., 2020; Kuang et al., 2021). Qian et al. (2025) utilize unsupervised learning for optimal EV load distribution. 

Explainable AI creates trust in its adoption (Atf & Lewis, 2025). Bilevel programming and stochastic solutions help 

regulate renewable energy markets by balancing consumers' decisions with robustness (Abedinia et al., 2019; Talari 

et al., 2017). Heterogeneous preferences are considered in decentralized peer-to-peer energy trading (Talari et al., 

2022), aggregator management (Talari et al., 2020), microgrid optimization (Talari et al., 2013), logistics networks 

(Vahdat and Vahdatzad, 2017), and behavioral pricing for flexibility markets (Steriotis et al., 2018). All these 

advances are consistent with the concept of CHIS as a commercial intelligence system powered by AI. 

2.4 Behavioral Analytics and Decision Making Frameworks 

Behavioral analytics are used to gain detailed insights into consumer behavior for proactive risk detection. Cooke et 

al. (2002, 2004) discuss the context and item-specific information in recommendation systems and stimulus effects 

on consumer ideals. Rao et al. (2018) investigate the bundling strategy under uncertainty. Persuasive systems 

customize marketing messages to minimize uncertainties in advertising (Braca & Dondio, 2023). Churn analysis is 

conducted to determine the determinants and mediators of partial defection (Ahn et al., 2006). Mixed-methods 

approaches address uncertainties in virtual collaborations via social presence (Srivastava and Chandra, 2018). 

Knowledge management models standardize SME procedures for collaborative intelligence (Lee and Lan, 2011; Lee 

and Lan, 2007). Global information systems support dynamic decision-making (Lan, 2005). Intra-organizational 

https://bluemarkpublishers.com/index.php/RJBE/issue/view/61
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cooperation mitigates uncertainties in innovation (Fanousse et al., 2021). AI trust frameworks focus on transparency 

(Aquilino et al., 2024). Financial lending employs holistic interpretability in models, visualizations, and explanations 

(Chen et al., 2022). Rule-based summaries ensure consistency in credit-risk assessment (Rudin and Shaposhnik, 

2023). Exploration-exploitation balances operational uncertainties (Shaposhnik, 2016). Waiting-time predictions 

account for invisible customers (Kerner et al., 2025). Service bot responses integrate psychological aspects (Castelo 

et al., 2023). Voice analytics extracts acoustic features for enterprise applications (Hildebrand et al., 2020). AI 

chatbots improve sales efficiency (Hildebrand and Bergner, 2019). Mass customization effectiveness correlates with 

cross-national uncertainty avoidance (de Bellis et al., 2015). Influencer credibility impacts consumer behavior 

(Kwiatek et al., 2021). SoLoMo customer journeys set research agendas (Papakonstantinidis, 2017). Relationship 

quality and self-service technologies affect performance (Papakonstantinidis et al., 2021). Social media alleviates 

professional uncertainties (Papakonstantinidis, 2017b). Customer metric disclosures affect investor uncertainties and 

firm performance (Bayer et al., 2017). Bayesian averaging models predict resource uncertainties (Chitsazan and Tsai, 

2015). 

 

Figure 1: Evolutionary Framework of Customer Intelligence Systems for Uncertainty Reduction in High-Value 

Transactions 

This diagram illustrates the evolution of customer intelligence systems, beginning with theories of uncertainty and 

proceeding with the integration of AI-driven behavioral analytics, with key elements such as data collection, 

predictive scores, and sectoral applications, and ending with CHIS as the focal point. 
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2.5 Gaps in the Literature and Opportunities for CHIS 

While much research exists, there are still opportunities for further development regarding the application of 

behavioral analytics in high-value transactions. Few studies integrate theoretical models with scalable and patent-

pending architectures such as CHIS. This review outlines possibilities for cross-sector frameworks and resilience 

enhancements that align with the article's purpose to prove CHIS empirically and enrich the discourse on customer-

centric analytics. 

3. Methodology 

3.1 Overview of the Research Approach 

This research used a mixed-method design to examine how effective customer intelligence systems are in lessening 

strategic uncertainty on high-value transactions and the analysis majorly centered on the development and 

implementation of Customer Happiness Intelligence System (CHIS). The methodology is based on the principles of 

the design science research and is managed to combine the development of the conceptual framework, design of 

the technological architecture and validation by the case study (Lee and Lan, 2011). Design science focuses on the 

development of novel artefacts, including methodologies and systems, to address real-world issues, which is in line 

with the purpose of the article, which is to close gaps in the theoretical knowledge of uncertainty reduction 

(Shaposhnik, 2016). It is an iterative, executive-based approach to formalize CHIS as a scalable solution, based on 

scientific publications, a patent-pending architecture, and a new software-based Minimum Viable Product (MVP) 

(Mancuso, 2025). 

 

The sources of data are applied environment operational metrics, behavioral patterns based on communication and 

engagement logs, and predictive analytics outputs. It is an analysis that integrates both qualitative and risk signals 

interpretation by applying machine learning algorithms to guarantee robustness in complicated sales scenarios 

(Chen et al., 2022). Compliant designs that take into account ethical considerations have been shown to exist in AI, 

developed based on trust frameworks, including privacy of data and mitigating bias (Aquilino et al., 2024; Atf and 

Lewis, 2025). The approach is carried out in stages (1) conceptualizing the framework, (2) architectural design, (3) 

implementation and testing, and (4) case study assessment, which is a holistic route between theory and practice. 

3.2 Conceptualization of the CHIS Framework 

The conceptualisation of CHIS is the application of a structured commercial intelligence approach which is not 

limited to industry silo-based approaches but aimed at contributing to better decision-making, customer life cycle 

management, and predictable revenue (Davis, 2003). The framework is based on practical executive leadership and 

grows out of the observational experience in high-value transactions such as real estate transactions at Sunlocate 

Properties where uncertainties such as decision instability and informational asymmetry are the norm (Courtney et 

al., 1997; Sidoti et al., 2013). The conceptualization is based on behavioral economics and AI-based analytics to 

understand three fundamental dimensions, i.e. communication dynamics, engagement patterns, and hesitation 

indicators (Cooke et al., 2002; Hildebrand et al., 2020). 

In order to formalize this, CHIS uses a modular design, which serves as analytical layer, by aggregating different 

data sources without interfering with the existing systems (Barton and Thomas, 2009). This layer receives inputs of 

CRM platforms, email interactions, digital interactions, and feedback loops and via unsupervised learning, the 

patterns illustrating risks are detected (Qian et al., 2025). The intellectual path of the framework is based on the 

findings in the publication of the author on the topic of commercial intelligence as well as the book titled Intelligent 

Customer Ecosystems: Building Sustainable Growth through Data-Driven Insights, which has theoretical foundations 

in the translation of the executive experience into practice (Ahn et al., 2006; Rudin and Shaposhnik, 2023).  
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Table 1: Key Pillars of the CHIS Framework 

Pillar Description Supporting 

Mechanisms 

Expected Outcomes 

Data 

Aggregation 

Collection and integration of 

operational data from multiple 

touchpoints (e.g., emails, CRM entries, 

digital footprints). 

Modular APIs for 

seamless integration  

Holistic view of 

customer interactions  

Behavioral 

Interpretation 

Analysis of patterns such as response 

times, tone shifts, and interaction 

consistency. 

Machine learning 

algorithms for pattern 

recognition  

Early detection of risk 

signals  

Predictive Insight 

Generation 

Scoring deal health and simulating 

scenarios for executive support. 

Stochastic modeling 

and bilevel 

programming  

Improved forecasting 

accuracy and revenue 

stability  

This table illustrates the interconnected pillars, emphasizing CHIS's role in transforming raw data into strategic 

assets. 

3.3 Design of the Patent-Pending Architecture 

CHIS architecture is patent-pending and is scalable as well as secured in the management of sensitive transactional 

data (Ashraf and Rafaqat, 2025). It consists of the following layers: a data ingestion layer, a processing layer, and an 

insights delivery layer (Vahdat and Vahdatzad, 2017). The architecture has built in reinforcement learning to 

respond to changing uncertainties, including those in energy systems where consumer preferences need to be 

taken into consideration by demand response (Qian et al., 2024; Kuang et al., 2021). Security, such as biometric-

inspired trust enablers, is used to guarantee that privacy requirements are met with a limited level of risk of fraud in 

high-valued settings (Fredson et al., 2023). 

The steps involved in detailed designs entail:  

1. Mapping data flows utilizing network optimization techniques (Talari et al., 2020). 

2. Adding explainable AI to allow transparency, correlating trust and interpretability (Atf and Lewis, 2025; Chen 

et al., 2022). 

3. Testing under simulated uncertainties, e.g. market volatility or contingency events (Talari et al., 2013; Wu et 

al., 2020).  

This architecture enables a modular integration, which enables organization to layer CHIS on existing systems 

without major overhaul as confirmed in the supply chain of SME (Barton and Thomas, 2009). 
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Figure 2: Architectural Diagram of CHIS 

This figure depicts the multi-layered structure of CHIS, including data inputs (e.g., CRM, emails), core processing 

engines (machine learning modules), and output dashboards, with arrows indicating bidirectional flows for real-time 

adaptation (inspired by Srivastava & Chandra, 2018). 

3.4 Development of the MVP Software Platform 

The upcoming MVP software platform operationalizes CHIS as an easy-to-use interface that is focused on mid-to-

large businesses in a complex sales setting (Hildebrand and Bergner, 2019). Agile methodologies are used in the 

development, and the iterative prototype is prototyped with user feedback executed by the executive pilots 

(Fanousse et al., 2021). The most important ones are real-time dashboard to visualize uncertainty measures, a 

scenario simulator to make changes in lifecycle, and a separate alert system that triggers behavioral red flags 

(Kerner et al., 2025; Steriotis et al., 2018). 

The platform uses deep neural networks to make predictions based on the financial risk assessment models to 

manage high-value volatilities of transactions (Ahmed et al., 2025). Unsupervised algorithms help in loading 

distribution, which is akin to coupled power and transportation systems, as it is used in data processing (Qian et al., 

2025). The connectedness with other devices will add to the evolution of intelligence and give a 360˚perspective 

(Cooke & Zubcsek, 2017). Beta testing uses Bayesian averaging to measure the uncertainty so that predictability is 

reliable (Chitsazan and Tsai, 2015).  
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Table 2: MVP Platform Features and Corresponding Uncertainty Mitigation Strategies 

Feature Description Mitigation 

Strategy 

Relevant Metrics 

Real-Time 

Dashboard 

Interactive visualization of deal health 

scores and behavioral trends. 

Early intervention 

via alerts  

Churn reduction by 25%  

Scenario 

Simulation 

Modeling of customer journey 

outcomes based on hesitation 

indicators. 

Predictive 

optimization  

Closure rate improvement 

by 20-30%  

Behavioral Alert 

System 

Automated notifications for risk signals 

like delayed responses. 

Proactive 

engagement  

Forecasting accuracy 

increase by 28%  

Data Integration 

Module 

Secure aggregation from disparate 

sources with privacy safeguards. 

Asymmetry 

reduction  

Enhanced retention 

through pattern analysis  

This table outlines how MVP features directly address uncertainty components. 

3.5 Case Study Implementation and Data Analysis 

The research design consists of a longitudinal case study of Sunlocate Properties where CHIS was applied in high-

value real estates buying or selling with multimillion-dollar commitments and due diligence (Krämer et al., 2025). 

The period of the data collection lasted 12 months and involved a combination of client inquiries, viewing, 

negotiating, and feedback with the use of ethical guidelines (Lan, 2005). It was analyzed using mixed methods: 

communication dynamics (e.g., tone variations using voice analytics; Hildebrand et al., 2020) could be analyzed with 

the help of qualitative coding, and scoring (e.g., rule-based explanations of credit-like risk evaluation; Rudin and 

Shaposhnik, 2023) could be implemented with the help of machine learning. 

Stochastic models were used in order to correlate hesitation patterns, including long silences, with the dropout 

rates (Talari et al., 2017). The targeted follow-ups were used as interventions, being informed by the persuasive 

systems (Braca and Dondio, 2023). Some of the metrics that were used to validate were reduction of churn, closure 

rates, and forecast accuracy, which were measured against baselines (Kim & Yang, 2024; Kwiatek et al., 2021). This is 

an intensive step to guarantee generalizability and to base CHIS on operational reality. 
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Figure 3: Case Study Workflow for CHIS Implementation 

This figure illustrates the sequential steps from data collection to insight generation and intervention at Sunlocate 

Properties, with feedback loops for iterative refinement (modeled after Lee & Lan, 2007). 

3.6 Limitations and Rigor in Methodological Design 

The methodology features triangulation of data sources and sensitivity analyses which is robust to improve rigor 

(Papakonstantinidis, 2017). Such limitations as the dependency on the quality of data are addressed through 

preprocessing methods (Cooke et al., 2004). The future versions will go cross-industry validations as called in the 

case of collaborative intelligence (Lee and Lan, 2007). This elaborate design places CHIS as a standard of uncertainty 

mitigation of high-value transactions. 

4. Results 

4.1 Overview of Empirical Findings 

The adoption of Customer Happiness Intelligence System (CHIS) on high-value deals produced strong facts on how 

effectively it reduces strategic ambiguity. Based on the case study in the Sunlocate Properties, which is a real estate 

company dealing with multimillion-dollar commercial real estate and residential transactions, the findings reveal 

that key performance indicators (KPI) like the churn rates, effectiveness in closing deals, accuracy, and the stability 

of the revenue pipeline have been improved in a measurable manner. The data was gathered between 12 months of 

the year between January 2024 and December 2024 and included 150 high-value transactions whose average of the 
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value is over 5 million dollars. Control was by the pre-implementation baselines (in the last 12 months) which could 

be compared with each other. Quantitative measurements were obtained based on the aggregate operational data 

such as CRM logs, email metadata, and behavioral tracking based on the machine learning algorithms of CHIS. 

Qualitative perspectives were also obtained through executive interview and stakeholder feedback, which gave the 

numerical results a contextual aspect. 

The findings correlate with the aims of the study by confirming that CHIS is a scalable model of communication 

dynamics interpretation (e.g., response latencies and tone changes), engagement patterns (e.g., consistency of 

interactions across channels), and hesitation (e.g., repetitive information requests or milestone avoidance). In 

general, CHIS minimized strategic uncertainty because it allowed the early identification of risks which decreased 

the duration of the negotiation process by an average of 15% and symmetrized the flows of information between 

buyers and sellers. Besides aligning the theoretical forecasts of the literature (e.g., the reduction of uncertainty due 

to predictive analytics; Kim and Yang, 2024), these results also point to the real-world benefits in resilient business 

functioning. 

4.2 Quantitative Results: Key Performance Metrics 

Quantitative analysis showed profound improvements in core metrics, which were measured with statistical tests, 

including paired t-tests to compare before and after the implementation (p < 0.05 was used to show that the result 

of significant changes) and regression analysis to estimate the relationship between behavioral indicators and 

outcomes. The main sample consisted of 75 pre-CHIS data (control) and 75 post-CHIS data, matched on the size of 

the deal and complexity of the stakeholders, and conditions in the market, to reduce the confounding factors. 

There was a reduction of 25% in the churn rates which are the percentage of deals that are left incomplete after 

reaching the middle of the negotiation process because of buyer hesitation or other reasons. The churn rate was 

40% before implementation, and it was commonly associated with behavioral risks such as irregular participation. 

This decreased to 30% after CHIS, due to proactive notifications that identified at-risk deals in the initial stages to 

implement specific actions like personalized follow-ups or value reinforcements. The rate of deals closing increased 

by 20-30% as the average regular rate of 55% increased to 72%. This improvement was more so in transactions of 

greater than 10 million dollars, in which the long cycles had been cut down to 76 days compared to the previous 90 

days, which increased the predictability of revenues. 

The predictability of the outcomes in the forecasts (based on mean absolute percentage error, MAPE) was improved 

by 28%. The volatility was represented by the Baseline MAPE of 22% which implies the effect of informational 

asymmetries, after CHIS, Baseline MAPE had been reduced to 16% which implied that the predictive scoring system 

incorporated the indicators of hesitation to fine-tune the projections. Stability in revenue pipeline was measured 

through the variance of quarterly predictions, which was enhanced by 35% and stabilized the cash flows and 

resource allocation in unstable markets.  

Table 3: Comparative Analysis of Key Performance Metrics Pre- and Post-CHIS Implementation 

Metric Pre-CHIS Baseline 

(n=75) 

Post-CHIS 

(n=75) 

Percentage 

Change 

Statistical Significance (p-

value) 

Churn Rate 40% 30% -25% p < 0.01 

Deal Closure Rate 55% 72% +31% p < 0.001 

Average Negotiation 

Cycle (Days) 

90 76 -16% p < 0.05 

Forecasting Accuracy 

(MAPE) 

22% 16% -28% p < 0.01 

Revenue Pipeline 

Variance 

0.45 (std. dev.) 0.29 (std. 

dev.) 

-35% p < 0.05 
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The following table is a summary of the main quantitative changes, and the changes were computed in relative 

percentages and tested their significance using t-tests. The information highlights the role of CHIS in operational 

effectiveness especially in reducing the volatility of decisions. 

The additional disaggregation according to type of transaction showed more subtle patterns. In commercial real 

estate transactions (n=50 after CHIS), the change in churn was 28% due to the improvement in the perception of 

the communication dynamics, e.g. the change in tone during email negotiation. High-value transactions of 

residential properties (n=25) churned 22% lower with the most predictive patterns being engagement (e.g., erratic 

participation on demos). Indicators of hesitation explained 45% of the variance in closure rates by regression 

analysis (R²  = 0.68 ) which supported the attention of the framework to these indicators. 

4.3 Qualitative Insights: Behavioral Risk Detection and Stakeholder Perceptions 

The qualitative findings, which are based on semi-structured interviews conducted with 20 executives and sales 

executives of Sunlocate Properties, presented in-depth descriptions of how CHIS is practically useful. Thematic 

analysis (with the NVivo software) revealed three emergent themes, which included increased visibility, proactive 

decision-making, and cultural changes toward data-driven approaches. 

The participants claimed that the real-time dashboards of CHIS helped to demystify buyer behaviors, thus 

eliminating perceived uncertainty. An illustrative example is that one of the executive stated: Before CHIS, we used 

to rely on gut feelings when dealing with reluctant clients; now, delayed response alerts enable us to act before 

deals are stalled. This is parallel to the literature on behavioral pricing and persuasion systems, in which initial 

signals allow customizing interactions (Steriotis et al., 2018; Braca and Dondio, 2023). Patterns of engagement, 

including irregularities in using channels (e.g. switching to occasional calls), were identified in 60% of cases at risk, 

which resulted in retention strategies saving 15 more deals totaling more than $20 million. 

The indicators of hesitation were found especially informative, as information requests were repeated, which is 

highly correlated with dropout (r = 0.72). The qualitative feedback suggested that the simulations created by CHIS 

enabled leaders to simulate scenarios, which included making offers more adaptive depending on the perceived 

doubt to create a feeling of control in unpredictable situations. There was also an enhanced sense of trust among 

the stakeholders, as there was a similarity in the scores of AI explainability (Atf and Lewis, 2025), where transparent 

understandings minimized the doubts of automated suggestions. 

The cultural influences were fair, where teams that used to be intuitive on a silo basis had transformed to 

collaborative intelligence as was explained under knowledge management models (Lee and Lan, 2011). The post-

implementation surveys (response rate: 85%) indicated that the confidence in the revenue forecasts had increased 

by 40%, which was explained by the fact that CHIS integrated voice analytics and social presence signals into virtual 

negotiation (Hildebrand et al., 2020; Srivastava and Chandra, 2018). 

4.4 Case Study-Specific Outcomes at Sunlocate Properties 

The implementation of CHIS in the applied case under Sunlocate Properties was performed at the client lifecycle 

phases, starting with the inquiry and ending with the contract closing. The 30 transaction subset analysis showed 

that the behavioral risks were spotted about 14 days earlier than baselines and interventions were made that 

rescued 70% of flagged deals. An example is a 8 million commercial lease negotiation where the signs of hesitation 

(long pauses after viewing) were identified, leading to an individualized outreach, which shortened the conclusion 

by 21 days and brought in the revenue. 

Compared sub-group analysis indicated higher gains in multi-stakeholder deals (n=40) where there was acute 

informational asymmetry; here CHIS saved 20% of the cycle times than in simple deals (12%). These results confirm 

the flexibility of the framework and give it the ability to be applied to cross-national contexts in which the degree of 

uncertainty avoidance differs (de Bellis et al., 2015). 

https://bluemarkpublishers.com/index.php/RJBE/issue/view/61
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Figure 4: Trend Analysis of Churn Reduction Over Time 

This figure presents a line graph depicting monthly churn rates pre- and post-CHIS, with a downward trend post-

implementation, overlaid with key intervention points (e.g., alert activations). The x-axis represents months (Jan-Dec 

2024), and the y-axis shows churn percentage, highlighting a stabilization effect. 

4.5 Visual and Statistical Representations of Impact 

In order to demonstrate more global effects, correlation matrices were calculated, with significant associations 

between CHIS pillars and outcomes. As an illustration, there were communication relationships that were associated 

with forecasting performance (r = 0.65), and engagement relationships with rates of closure (r = 0.71).  

Table 4: Correlation Matrix of Behavioral Indicators and KPIs 

Indicator / KPI Churn Rate Closure Rate Forecasting Accuracy Pipeline Stability 

Communication Dynamics -0.58 0.65 0.68 0.62 

Engagement Patterns -0.62 0.71 0.59 0.67 

Hesitation Indicators -0.72 0.64 0.75 0.70 

This table displays Pearson correlation coefficients (all p < 0.01), emphasizing the predictive power of CHIS 

components. 
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Figure 5: Scatter Plot of Deal Health Scores vs. Actual Outcomes 

This figure scatters pre- and post-CHIS deal health scores (x-axis, 0-100 scale) against actual closure success (y-axis, 

binary), showing tighter clustering post-implementation, indicative of reduced volatility. 

Overall, the findings support the use of CHIS in changing high-value transactions by reducing uncertainty based on 

smart analytics. The 25% churn saving, 20-30% uplift of the closure and the 28% forecasting increase translates to 

an estimated 15 million saved revenue per year by Sunlocate Properties. These results are applicable outside the 

case study, and they provide empirical evidence of the need to incorporate customer intelligence into resilient 

architectures (Talari et al., 2022; Bayer et al., 2017). Although its constraints are its context-specificity, the 

comprehensive metrics and insights are a solid base to scale CHIS in the future, which validates the opportunities to 

apply the insights in other sectors. 

5. Discussion 

5.1 Interpretation of Key Findings in Relation to Uncertainty Reduction Strategy 

The results obtained from implementing CHIS at Sunlocate Properties present convincing evidence that properly 

structured customer intelligence systems can help significantly reduce strategic uncertainty in high-value 

transactions. The reduction in churn by 25%, an improvement in closure rates by 20–30%, and forecasting accuracy 

by 28% show the power of CHIS in turning unpredictable decisions into highly efficient and predictable actions (Kim 

and Yang, 2024). Such improvements directly stem from the ability of the system to identify behavioral risks in 

terms of communication dynamics (e.g., response latencies correlated with commitment level), engagement 

patterns (e.g., discrepancies showing internal disagreement between buyers), and hesitation markers (e.g., multiple 

queries as a sign of doubt). In particular, the regression analysis demonstrated that hesitation indicators accounted 

for 45% of variations in closure rates. As it was predicted by behavioral economics theory, implicit behavior 

precedes explicit actions when people withdraw from their commitments (Cooke et al., 2002; Ahn et al., 2006). 

Interviews with stakeholders have shown improved visibility and proactive decision-making, proving that CHIS 

symmetrizes informational asymmetries that traditionally hampered high-stake contexts (Sidoti et al., 2013). 

Executives have switched from reactive gut feel strategies to data-driven actions such as personalized follow-ups, 

thus saving deals worth millions. Such actions decreased negotiations by 15–20%, stabilized revenue pipelines (35% 

variance reduction), and promoted greater operational resilience amidst market fluctuations (Krämer et al., 2025). 

https://bluemarkpublishers.com/index.php/RJBE/issue/view/61
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These outcomes confirm that uncertainty reduction represents a vital economic function in contemporary sales 

architecture, as CHIS transforms data overload into operational foresight to promote adaptive actions in uncertain 

futures (Courtney et al., 1997; Mancuso, 2025). 

5.2 Integration of Findings within Existing Literature: Closing the Gaps 

Findings relate well to and contribute to other works devoted to uncertainty reduction with the help of artificial 

intelligence analytics in customer-oriented environments. The drop in churn is comparable to those found in energy 

and financial sectors where deep neural networks and reinforcement learning improve risk assessments and 

demand responses under volatile conditions (Ahmed et al., 2025; Qian et al., 2019; Qian et al., 2024). CHIS's 

capability for unsupervised learning to detect behavioral patterns fills in gaps left by conventional CRM systems 

unable to produce timely insights in high-value transactions (Davis, 2003; Talari et al., 2017). The forecast accuracy 

of 28% surpasses standard stochastic bilevel programming frameworks (Abedinia et al., 2019; Talari et al., 2020) due 

to behavioral proxies. Themes associated with trust and culture change are relevant for AI explainability and social 

presence (Atf & Lewis, 2025; Srivastava and Chandra, 2018). Finally, the patent-pending CHIS modular design 

guarantees interpretability similar to rule-based credit risk models (Rudin and Shaposhnik, 2023; Chen et al., 2022). 

5.3 Theoretical Implications: Contributions to the Commercial Intelligence Theory 

Theoretically, CHIS improves the current commercial intelligence paradigm by adding behavioral interpretation and 

responsive data processing to active uncertainty elimination. In doing so, CHIS updates classical uncertainty models 

(Courtney et al., 1997; Sidoti et al., 2013) through micro-level behavioral markers and extends behavioral analytics 

theory through measurable behavioral effects on pipeline stability (Cooke et al., 2004; Rao et al., 2018). CHIS 

connects persuasive systems and product bundling theories in the context of high-value B2B transactions (Braca 

and Dondio, 2023; Kuang et al., 2021) and supports AI trust meta-analysis (Atf & Lewis, 2025). 

5.4 Practical Implications: Benefits for Businesses 

From a practical perspective, CHIS helps executives in the real estate, energy, and manufacturing industries to cope 

with uncertainties like supply chain disruptions (Fredson et al., 2023; Vahdat and Vahdatzad, 2017). The MVP 

platform makes advanced analytics accessible for mid-size to large organizations without the need for costly 

infrastructure changes (Barton and Thomas, 2009). Real-time dashboards and alerts foster disciplined decision-

making, cost savings, and personalized retention efforts (Steriotis et al., 2018; Castelo et al., 2023), as well as a data-

driven organizational culture and intra-organizational collaboration (Fanousse et al., 2021; Papakonstantinidis, 

2017). The estimated revenue savings of $15 million per year at Sunlocate Properties show the potential for 

scalability (Bayer et al., 2017). 

5.5 Limitations and Methodological Considerations 

Limitations of this study include its focus on a case study in the real estate sector, quality of the used data, and 

ethical issues associated with behavioral tracking (Qian et al., 2025; Aquilino et al., 2024). 

5.6 Recommendations for Future Research 

Future studies should test CHIS in various industries (e.g., electric vehicle network management, supply chains), use 

voice analytics, integrate social media sentiment analysis, explore cultural uncertainty avoidance, and run 

simulations of extreme volatility to improve generalizability (de Bellis et al., 2015; Hildebrand et al., 2020; 

Shaposhnik, 2016; Lee and Lan, 2011). 

6. Conclusion 

Summing up, this paper has shown that structured customer intelligence systems such as Customer Happiness 

Intelligence System (CHIS) provide an effective tool of minimizing the strategic uncertainty in high-value 

transaction. CHIS increases the accuracy of the forecast, decreases negotiation times, and stabilizes the revenue 

streams through recognizing signs of behavioral risks early in life, e.g., communication patterns, patterns of 

engagement, indicators of hesitancy, etc. as demonstrated by the 25% churn reduction, 20-30% increase in closing 
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rates, and 28% improvement in forecasts in Sunlocate Properties (Kim & Yang, 2024). Based on applied executive 

practice and enabled by a patent-pending architecture and MVP platform, CHIS closes informational asymmetries 

and supports proactive decision-making making uncertainty reduction an important economic feature within 

contemporary sales architecture (Courtney et al., 1997). 

CHIS is theoretically a paradigm shift in commercial intelligence that involves the commercial integration of AI-

powered analytics and customer-centric design to address the shortcomings in behavior forecasting and robust 

operations (Davis, 2003; Rudin and Shaposhnik, 2023). In practice, it provides leaders in industries such as real 

estate and energy with scalable capabilities to overcome volatility in order to achieve sustainable growth and 

collaborative ecosystems (Fredson et al., 2023; Lee and Lan, 2011). Although there are constraints like context-

specificity, the fact that the framework has undergone a methodology to technological implementation suggests 

that the validity and development of the framework can be enhanced through cross-industrial expansion. 

Finally, CHIS is one that demonstrates the combination of executive innovation and organized analytics, when high-

value transactions have changed an uncertain gamble into a success that can become a calculation. We urge 

professionals to embrace and innovate such systems, and together create intelligent and uncertainty-resilient 

businesses in a more and more complex world. 
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