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 A B S T R A C T

This research addresses the design challenge of integrating multimodal communication analytics into AI-
assisted coaching systems suitable for real-time deployment. Drawing on analysis of 5183 Finnish B2B sales 
calls, this study provides the first empirically-grounded design specifications for multimodal sales coaching 
by unifying graph-theoretic conversation analysis, temporal prediction, and rejection modeling. Network 
analysis reveals that successful conversations exhibit 4.3× lower structural density (0.0224 vs. 0.0960) while 
covering broader topic ranges, establishing conversational efficiency rather than complexity as a guiding design 
principle. Temporal prediction identifies a 60-second optimal intervention window, achieving 78.4% AUC for 
reliable real-time guidance. Rejection modeling achieves 95.7% AUC with interpretable early-warning signals 
validated through SHAP analysis. These findings are operationalized through evidence-based quality indicators 
spanning acoustic, semantic, and linguistic modalities, supported by computationally efficient formulations 
suitable for real-time processing. Duration-matched validation confirms threshold robustness independent of 
call length, and bias auditing demonstrates equitable performance across salesperson groups (FPR disparity = 
0.027). The framework provides validated design specifications aligned with EU AI Act compliance provisions, 
demonstrating how multimodal communication analytics can be transformed into deployable coaching systems.
1. Introduction

Traditional sales coaching is typically conducted after conversations 
have ended, which limits the effectiveness of interventions and reduces 
opportunities for timely improvement [1–3]. In contrast, real-time 
coaching systems can identify performance degradation patterns, pro-
vide immediate corrective guidance, and reduce the likelihood of con-
versation failure [4]. These systems also enable simulation-based train-
ing for new salespeople prior to live customer interactions [5–7]. The 
demand for evidence-based coaching solutions has increased as organi-
zations seek quantifiable performance improvements and measurable 
return on investment [8,9].

Despite this potential, current research lacks comprehensive design 
frameworks that integrate multimodal (acoustic, semantic, linguistic) 
communication analytics into operational coaching systems. Although 
prior studies have examined individual aspects such as acoustic fea-
tures [10], semantic content [11], and conversation structure [12], 
effective real-time deployment requires validated performance thresh-
olds, optimal intervention timing, computational efficiency [13,14], 
regulatory compliance, interpretability, and human oversight [15,16]. 
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No existing framework systematically incorporates these requirements, 
resulting in a design challenge: How can multimodal communication 
analytics be integrated into evidence-based coaching systems suitable for 
real-time deployment while maintaining interpretability, accuracy, and reg-
ulatory compliance?

Recent work [17] provides an empirical basis for addressing this 
challenge. Through a large-scale multimodal analysis of 5183 Finnish 
B2B sales calls, the study validated a 41-feature framework compris-
ing 15 acoustic, 20 semantic, and 6 linguistic variables. This study 
demonstrated the principle of acoustic–semantic equivalence, showing 
that sales success could be predicted equally well from acoustic deliv-
ery patterns and semantic content, with linguistic structure providing 
complementary value. Constrained optimization indicated that equal 
weighting (one-third for each modality) maximizes ensemble effec-
tiveness, providing an understanding on how to allocate future sales 
communication training.

Based on these findings, the present research addresses this chal-
lenge by developing an AI-assisted coaching framework grounded in 
empirical analysis of core data and prior research. Employing a design 
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science research methodology [18,19], the study constructs an IT arti-
fact that integrates acoustic–semantic equivalence principles with val-
idated specifications for system architecture, performance thresholds, 
intervention timing, and implementation requirements. This approach 
translates multimodal analytics into actionable coaching guidance [20].

1.1. Contributions of this research

This study advances AI-assisted sales coaching systems by pre-
senting theoretical, methodological, and artifact contributions, each 
organized into distinct categories.

Theoretical Contributions:
A graph-theoretic communication network analysis approach for 

B2B sales quantifies communication efficiency and distinguishes struc-
tural characteristics of successful versus unsuccessful interactions using 
network density and semantic transition analysis.

A multimodal computational framework integrates acoustic, seman-
tic, and linguistic quality indicators using empirically optimized equal 
weighting for each modality. This framework employs computationally 
efficient operations suitable for real-time processing and maintains 
interpretability. Complete mathematical formulations are detailed in 
Supplementary Materials Section 2.

Methodological Contributions:
Progressive temporal analysis is used to identify the optimal in-

tervention window, enabling coaching systems to achieve sufficient 
predictive reliability for real-time deployment.

Rejection prediction involves an early-warning system for iden-
tifying conversational failure risk. This system is validated through 
SHAP interpretability analysis to ensure that predictions reflect genuine 
communication dynamics rather than statistical artifacts.

Artifact Contribution:
An evidence-based alert system incorporates empirically derived 

performance thresholds, structured feedback mechanisms, and EU AI 
Act compliance provisions. This system provides operational specifi-
cations for translating multimodal analytics into actionable real-time 
coaching guidance (complete system architecture in Supplementary 
Materials Section 3). Future work will focus on system validation and 
field deployment, thereby completing the research cycle from theoret-
ical foundations through framework design to operational assessment.

1.2. Framework architecture overview

The AI-assisted coaching framework comprises three integrated 
analytical components that transform multimodal conversation data 
into evidence-based coaching guidance: (1) Communication Network 
Analysis—models conversations as directed graphs with utterances as 
nodes and sequential transitions as edges, quantifying structural effi-
ciency through network density and semantic transition patterns across 
eight operational clusters; (2) Temporal Prediction Modeling—establishes 
optimal intervention windows through progressive accuracy analy-
sis, enabling timely coaching deployment; (3) Rejection Risk Detec-
tion—identifies early-warning signals of conversation failure through 
interpretable feature analysis validated via SHAP attribution.

These analytical components feed into an evidence-based alert sys-
tem translating quantitative indicators into coaching guidance through 
15 calibrated quality indicators spanning acoustic delivery (5 indica-
tors), semantic content (4 indicators), linguistic structure (3 indica-
tors), and integrated multimodal metrics (3 indicators). Each indica-
tor provides color-coded performance zones (Green/Yellow/Red) with 
specific coaching priorities derived from empirical analysis of 5183 
Finnish B2B conversations. The framework’s architectural specifica-
tions – mathematical formulations, threshold calibrations, processing
algorithms – provide reusable design knowledge that organizations can 
instantiate for context-specific implementations following systematic 
validation procedures demonstrated in this research (detailed specifi-
cations in Supplementary Materials Sections 2–3).
2 
Section 2 reviews the sales communication literature and the use 
of graph theory in communication. Section 3 presents the methodol-
ogy, including network analysis approaches and temporal prediction 
frameworks. Section 4 details the empirical results from conversation 
efficiency analysis, real-time prediction performance, and rejection pat-
tern identification. Section 5 interprets these findings, compares them 
with prior work, and presents a comprehensive bias audit. Section 6 
presents the AI coaching system design, including the evidence-based 
alert system. Section 7 concludes with future directions and limitations.

2. Background and context

2.1. B2B sales conversation structure

B2B sales conversations may be conceptualized as progressing
through four canonical stages, each associated with distinct commu-
nicative functions [21,22]. Opening establishes rapport and conversa-
tional footing, with early interactional turns potentially constraining 
subsequent exchange patterns [11,12]. Discovery focuses on needs 
diagnosis through investigative questioning, which empirical research 
suggests constitutes a foundation for agreement in complex B2B con-
texts [23,24]. Proposal involves articulating value propositions that link 
solution attributes to customer-specific requirements [25–27]. Confir-
mation and Closing secures commitment through incremental agreement 
rather than discrete closing techniques [23,28].

Stage transitions may not follow strictly sequential paths; B2B con-
versations can cycle dynamically among stages in response to emerging 
conversational contingencies [29,30]. This stage-based framework pro-
vides a conceptual foundation for the analytical approach employed 
in this research. Progression efficiency – operationalized as the sys-
tematic traversal of canonical stages – offers a metric for assessing 
conversational structure in the dataset examined here. Extended the-
oretical background and detailed literature review are provided in 
Supplementary Materials Section S1.

2.2. Coaching intervention framework

The integration of adaptive feedback mechanisms into sales contexts 
is based on established principles in organizational psychology and 
computational intervention research. Prior work suggests that effective 
coaching requires temporally aligned feedback cycles that mirror task 
dynamics and cognitive load [31,32]. Three archetypal intervention 
modes have been identified in the coaching and human–computer 
interaction literature: real-time alerts, strategic redirection suggestions, 
and post-call performance feedback.

Real-time alerts provide immediate feedback during ongoing per-
formance when indicators signal potential degradation. These systems 
parallel the concept of just-in-time adaptive interventions (JITAIs) that 
dynamically adjust support based on contextual cues [13,33]. Such 
real-time mechanisms have been shown to prevent error escalation and 
sustain engagement under time-constrained decision conditions.

Strategic redirection suggestions represent mid-task guidance de-
signed to guide ongoing behavior toward optimal trajectories. Studies 
in human–AI collaboration demonstrate that adaptive and context-
sensitive guidance can enhance task performance without diminishing 
perceived autonomy [34]. These findings provide theoretical ground-
ing for conversational AI systems capable of offering in-situ strategic 
prompts.

Post-call performance feedback reflects the traditional model of 
reflective learning through structured evaluation. The feedback inter-
vention theory highlights that evidence-based retrospective feedback 
fosters metacognitive learning and long-term performance improve-
ment when grounded in concrete behavioral data [35,36]. Such feed-
back mechanisms remain essential for consolidating learning after task 
execution.
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Together, these frameworks position real-time, strategic, and retro-
spective feedback as dimensions of a coherent coaching system. Their 
theoretical integration enables the design of human-centered AI sys-
tems that support continuous improvement while maintaining human 
agency and interpretability.

2.2.1. Optimal intervention timing definition
Determining the timing of an effective intervention has been widely 

discussed in adaptive learning and real-time decision-support research. 
The balance between predictive confidence and actionable opportunity 
mirrors the trade-off identified in just-in-time adaptive systems [13,
14]. Early interventions may lack reliability due to incomplete con-
textual data, whereas late interventions, although accurate, reduce 
opportunities for behavioral change.

Research in adaptive tutoring, behavioral guidance, and real-time 
feedback systems suggests that mid-sequence interventions often
achieve the greatest effectiveness by combining an adequate situational 
context with the remaining time for corrective action [14,33]. In 
sales coaching, this principle implies that intervention windows should 
be empirically calibrated based on conversational phase progression, 
response dynamics, and performance variability.

Consistent with human-centered AI design principles [16], coaching 
systems should maintain advisory rather than prescriptive authority. 
This ensures compliance with autonomy and transparency requirements 
while allowing dynamic adaptation to user context, conversation state, 
and individual performance history.

2.3. Conversation analytics tools

Graph theory applications in communication research have estab-
lished quantitative methods for examining conversation structure, as 
pioneered by Wasserman and later developed by Scott [37,38]. Social 
network analysis has proven to be valuable for understanding commu-
nication phenomena and structural patterns, as demonstrated by the 
work of Borgatti et al. [39].

The field of temporal conversation analysis has witnessed con-
siderable advancement, particularly through the integration of com-
putational linguistics [40] and research on dialog systems [41,42]. 
Studies on turn-taking dynamics [12] have established the temporal 
foundations of human communication. Furthermore, recent develop-
ments in conversational AI [43] and context-aware dialog act classifica-
tion [44] exemplify increasingly sophisticated approaches to modeling 
conversation dynamics. Meeting summarization research [45] has also 
contributed by examining temporal patterns in recorded conversations, 
thereby advancing real-time processing capabilities.

Despite these methodological advances, systematic application of 
network and temporal analysis to sales conversations has received 
limited empirical attention. Current sales training approaches often 
rely substantially on subjective evaluation and post-hoc analysis. The 
limited application of rigorous analytical frameworks to sales conver-
sation optimization represents both a theoretical gap and a practical 
limitation in leveraging network and temporal modeling capabilities for 
AI-assisted sales coaching systems.

Research on streaming data analytics demonstrates how sliding 
window approaches and incremental learning maintain predictive per-
formance with evolving data [46–48], providing methodological foun-
dations for temporal prediction frameworks. Interpretable machine 
learning emphasizes transparent explanations and reliable confidence 
measures for high-stakes business applications [49,50]. These prin-
ciples inform advisory system design that supports human decision-
making through explainable predictions rather than automated de-
cisions. Human-centered system design research emphasizes trans-
parency and oversight in automated systems [51], establishing prin-
ciples for advisory rather than determinative guidance systems in busi-
ness applications. These methodological approaches provide the foun-
dation for developing interpretable, real-time coaching frameworks 
that maintain transparency and human oversight.
3 
3. Methodology

The analytical objective is to identify the structural and temporal 
patterns that distinguish successful from unsuccessful conversations. 
This comparison enables the development of evidence-based coach-
ing interventions that can guide salespeople toward more effective 
communication strategies during ongoing conversations.

In the original data set, each conversation is classified as either 
‘‘successful’’ (WON) or ‘‘unsuccessful’’ (LOST) based on specific busi-
ness outcomes. Successful conversations (254 conversations) result in 
confirmed purchases, signed contracts, scheduled follow-up meetings, 
or explicit commitment to the next steps. Unsuccessful conversations 
(4929 conversations) end without commitment, with explicit rejec-
tion, or with an indefinite postponement, indicating a lack of genuine 
interest.

In accordance with established literature [12,40], sales conversa-
tions are segmented into utterances, defined as continuous speech 
segments bounded by natural pauses exceeding 500 ms. Utterances 
are extracted from audio recordings using the OpenAI Whisper (base 
variant) [52] speech recognition software, followed by voice activity 
detection to segment continuous speech at natural pause boundaries 
greater than 500 ms. This approach ensures that utterance boundaries 
correspond to speaker intent rather than arbitrary time intervals.

The analytical framework begins with stage progression analysis 
to validate classical sales stage models, measuring systematic progres-
sion through the four canonical sales stages and identifying optimal 
allocation patterns that characterize successful conversations. Building 
on this foundational understanding, three complementary methodolo-
gies establish the empirical basis for the real-time alert system. First, 
communication network analysis employs graph-theoretic modeling 
to quantify communication structure and efficiency patterns, reveal-
ing how successful calls organize the flow of communication. Sec-
ond, temporal prediction modeling establishes the optimal intervention 
windows in which coaching systems can achieve sufficient accuracy 
for deployment. Third, rejection pattern analysis identifies behavioral 
patterns associated with unsuccessful calls. These three analytical com-
ponents converge in the design of the alert system, translating empirical 
findings into actionable coaching guidance through evidence-based 
performance thresholds and multimodal quality indicators.

3.1. Sales stage progression efficiency

This analysis measures the systematic progression of conversations 
through the four canonical sales stages. The progression analysis eval-
uates conversation dynamics by systematically assessing temporal allo-
cation patterns and transition efficiency metrics across Opening, Dis-
covery, Proposal (which combines value proposition and objection 
handling), and Confirmation (which combines confirmation and clos-
ing).

Stage progression efficiency quantifies the breadth of stage coverage 
during conversation flow, operationalizing the canonical sales stage 
framework [21,22]: 

Progression Efficiency = 𝑈
4

(1)

where 𝑈 represents the number of unique sales stages traversed in 
chronological sequence (Opening, Discovery, Proposal, Confirmation). 
Values range from 0.25 (single stage only) to 1.0 (complete progression 
through all four canonical stages), with higher scores indicating more 
comprehensive sales process execution.

Additionally, we measure stage transitions as the number of
switches between the four sales stages during a conversation. A stage 
transition occurs when consecutive utterances are assigned to different 
sales stages (e.g., Opening → Discovery, Discovery → Proposal). The 
total number of stage transitions quantifies the frequency of stage 
switching throughout the conversation.
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This metric provides empirical evidence for sales stage allocation 
patterns that distinguish successful from unsuccessful conversations. 
The results section demonstrates how systematic progression through 
canonical stages correlates with conversation outcomes, revealing op-
timal temporal allocation strategies that characterize effective sales 
interactions.

3.2. Communication network analysis

While classical sales theory organizes conversations around four 
canonical stages (Opening, Discovery, Proposal, Confirmation), real-
time coaching systems require finer-grained classification to capture the 
dynamic communication behaviors that distinguish successful from un-
successful interactions. We therefore extend the four-stage framework 
into seven operational phases that enable more precise detection of 
critical communication dynamics:

• Opening: Rapport building and establishing conversational foot-
ing (corresponds to classical Opening stage)

• Discovery: Needs assessment and diagnostic questioning (corre-
sponds to classical Discovery stage)

• Value Proposition: Solution presentation aligned with identified 
needs (operational refinement of classical Proposal stage)

• Objection Handling: Addressing customer concerns and resis-
tance (critical transition behavior often embedded within Pro-
posal stage)

• Confirmation: Securing agreement and commitment signals (cor-
responds to classical Confirmation stage)

• Closing: Explicit commitment requests and next-step finalization 
(operational refinement separating soft confirmation from explicit 
closing)

• Control: Conversation direction management and topic steering 
(meta-conversational behavior cutting across all stages)

This seven-phase operational taxonomy preserves theoretical align-
ment with canonical sales stages while providing the behavioral gran-
ularity necessary for real-time coaching intervention. The distinction 
between value proposition and objection handling within the classical 
Proposal stage enables coaching systems to differentiate between proac-
tive value articulation and reactive concern management. Similarly, 
separating confirmation from closing distinguishes between securing 
intermediate agreement and requesting final commitment—a critical 
distinction for optimal intervention timing. The control phase cap-
tures meta-conversational behaviors (redirecting discussion, managing 
time, handling interruptions) that occur throughout the conversation 
but require distinct coaching guidance. An eighth category, general, 
captures utterances that do not align with specific sales phases, such 
as off-topic discussions or social exchanges; these are excluded from 
phase progression metrics but retained in network analysis as they 
reflect conversation structure patterns that distinguish successful from 
unsuccessful calls.

We model sales conversations as directed graphs 𝐺 = (𝑉 ,𝐸), 
where nodes 𝑉  represent individual utterances and edges 𝐸 represent 
sequential temporal transitions between consecutive utterances  [37,38,
53,54]. Each utterance is classified into one of the seven operational 
phases using rule-based semantic analysis that incorporates Finnish-
specific linguistic markers. The analysis is limited to conversations 
containing at least five utterances (4467 conversations), thereby ensur-
ing sufficient material for meaningful network structure analysis and 
excluding brief exchanges such as immediate rejections.

Quantitative network metrics can be translated into visually distinct 
topological patterns that illustrate the fundamental architectural differ-
ences between successful and unsuccessful sales conversations. Fig.  1 
illustrates distinct topological patterns that demonstrate the principle 
of ‘‘efficiency over complexity’’ in practice.

The graph structure follows the temporal utterance sequence, with 
each edge connecting consecutive utterances in chronological order. 
4 
Network density emerges from the relationship between conversa-
tion length (number of utterances) and the sequential edge structure. 
Each edge possesses three quantified attributes that capture conversa-
tion dynamics: (1) temporal gap 𝜏 (duration in milliseconds between 
consecutive utterances), quantifying response timing and conversation 
rhythm, (2) semantic transition (ordered pair of conversation phases 
assigned to consecutive utterances, e.g., ‘‘discovery→ value’’), captur-
ing phase progression patterns, (3) position jump 𝛥𝑝 = (𝑡current −
𝑡previous)∕(𝑡total) representing the proportional advancement through the 
conversation timeline.

We calculate the network density using the standard graph-theoretic 
formulation [37]: 

𝜌(𝐺) =
|𝐸|

|𝑉 |(|𝑉 | − 1)
(2)

where |E| represents the number of sequential utterance transitions and 
|V| represents the number of utterances. In sequential networks where 
|𝐸| ≈ |𝑉 | − 1, this metric primarily reflects conversation length, with 
longer conversations yielding lower density values due to the quadratic 
growth of the denominator. Lower density thus indicates sustained en-
gagement with more utterances, while higher density indicates shorter 
conversations with proportionally fewer total utterances.

Furthermore, we measure conversation phase diversity: 

Coverage(𝐺) = 𝐶
7
× |𝑉 | (3)

where 𝐶 represents the number of distinct conversation phases that 
actually occur in the conversation (ranging from 1 to 7 phases). This 
metric combines phase diversity with conversation length, reflecting 
both topical breadth and conversational comprehensiveness.

Additionally, we calculate centrality variance to quantify the dis-
tribution of node importance within each conversation network. For 
each node 𝑣 ∈ 𝑉 , we compute its degree centrality 𝑑(𝑣), then calcu-
late the variance across all nodes. In sequential networks, centrality 
variance reflects the distribution of utterance connectivity at conversa-
tion boundaries and phase transitions, with higher variance indicating 
concentrated connectivity patterns and lower variance suggesting more 
evenly distributed flow.

To identify conversation flow patterns within the seven operational 
phases, we analyze semantic phase transition patterns. For each con-
versation, we count the occurrence of each phase-to-phase transition 
type based on the operational taxonomy (e.g., discovery→ value_propo-
sition, confirmation→confirmation). Transition frequency for a specific 
transition type is calculated as the average number of occurrences 
per call within each outcome group. Following standard practice in 
comparative analysis [39], the enrichment factor for each transition is 
defined as: 

Enrichment =
Frequencysuccessful
Frequencyunsuccessful

(4)

where higher enrichment factors indicate transitions that occur more 
frequently in successful calls relative to unsuccessful calls.

The semantic phase transitions captured in edge attributes reveal 
conversation management patterns beyond the sequential topology. 
Successful salespeople demonstrate systematic phase progression pat-
terns (e.g., opening→discovery→value→confirmation), while unsuc-
cessful calls show more scattered phase switching despite following 
the same sequential utterance structure. These phase-level patterns, 
combined with conversation length differences, create the observed 
network density distinctions between successful and unsuccessful calls.

We calculate the above metrics for each of 4467 conversations. 
To establish whether the observed differences in network metrics rep-
resent genuine patterns rather than random variation, we compare 
successful (𝑛 = 254) and unsuccessful (𝑛 = 4213) conversations using 
appropriate statistical tests. Given the non-normal distribution of net-
work metrics, the Mann–Whitney U tests provide a robust comparison 
of distribution rankings between outcome groups [55]. Effect sizes 
are quantified using Cohen’s d to assess practical significance beyond 
statistical significance [56].
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Fig. 1. Representative sequential conversation networks. Successful calls (left) demonstrate longer utterance chains with focused phase progression—brief opening, 
extensive discovery and value proposition, strong confirmation, and clear closing. Unsuccessful calls (right) show shorter chains with extended opening phase, 
scattered general discussion, and absence of closing commitment. Nodes represent individual utterances colored by conversation phase; edges represent sequential 
temporal transitions. Lower density in successful calls results from increased conversation length within the sequential network structure.
3.3. Temporal prediction

We implement temporal analysis to identify conversation outcomes 
from sales calls. The prediction target is binary using our data pre-
classification: successful calls (confirmed purchases, signed contracts, 
committed next steps) versus unsuccessful calls (rejections, no commit-
ment, no follow-up).

Features are extracted at fixed 30-second intervals using cumula-
tive conversation data from the start of each call up to each time 
point. Three modalities are analyzed: acoustic features (pitch stabil-
ity, volume consistency, speaking rate, pause patterns, voice energy),
semantic features (FinBERT embeddings [57,58] with PCA dimension-
ality reduction from 768D to 20D, topic content analysis, conversation 
phase identification), and linguistic features (conversation structure 
metrics, question pattern analysis). Rate-of-change indicators are calcu-
lated by comparing current window features to the previous 30-second 
interval.

To quantify differential modality contributions to prediction perfor-
mance, feature importance is extracted from trained Random Forest, 
Gradient Boosting, and Multi-Layer Perceptron models at each temporal 
interval. The relative importance of each modality is calculated as the 
proportion of total feature importance attributed to that modality: 

Contributionmodality =
∑ Importancefeatures in modality

∑ Importanceall features
(5)

This proportional calculation enables analysis of how acoustic, se-
mantic, and linguistic information contribute to prediction accuracy 
across different temporal windows, supporting identification of optimal 
coaching intervention timing and modality-specific guidance strategies.

3.3.1. Intervention window analysis
The intervention window is the set of time intervals during a 

conversation when prediction models achieve sufficient accuracy for 
coaching deployment. We evaluate prediction performance at discrete 
time points (30 s, 60 s, 120 s, 180 s, 300 s from conversation start) to 
identify optimal intervention timing.

Three machine learning algorithms are employed to ensure robust 
prediction performance: Random Forest [59] (ensemble of decision 
trees), Gradient Boosting [60,61] (sequential error correction), and 
Multi-Layer Perceptron [62,63] (neural network). Each algorithm is 
trained to distinguish successful from unsuccessful conversations using 
the extracted features.

At each time interval, we generate binary outcome predictions using 
conversation data accumulated from the start of the call up to that time 
point. Prediction accuracy is measured using Area Under the Receiver 
Operating Characteristic Curve (AUC) [64].
5 
Prediction reliability is modeled using a Temporal Prediction Con-
fidence Index (TPCI): 
TPCI𝑡 = AUC𝑏𝑎𝑠𝑒 ⋅ exp(−𝛼 ⋅ |𝑡 − 𝑡𝑜𝑝𝑡𝑖𝑚𝑎𝑙|) (6)

where AUC𝑏𝑎𝑠𝑒 represents maximum achieved accuracy, 𝑡𝑜𝑝𝑡𝑖𝑚𝑎𝑙 indi-
cates the empirically determined peak performance time point, and 𝛼
controls accuracy decay rate away from the optimal window.

3.4. Rejection analysis

Rejection analysis examines unsuccessful calls (𝑛 = 4, 929) to iden-
tify failure patterns indicating salesperson communication breakdown. 
This analysis categorizes unsuccessful interactions into four types based 
on engagement duration and intensity: instant refusals (0–15 s with 
minimal engagement), quick dismissals (16–60 s with brief interaction), 
engaged conversations (61–300 s with substantial discussion ending un-
successfully), and deep rejections (over 300 s with extended interaction 
before ultimate failure).

To capture the multifaceted nature of rejection patterns, composite 
features aggregate related indicators into interpretable risk compo-
nents. The Communication Risk Component combines weighted scores 
for aggressive language (pushy directives: ‘‘buy’’, ‘‘must’’, ‘‘absolutely 
necessary’’), unclear value proposition (hedging language: ‘‘maybe’’, 
‘‘somehow’’, ‘‘kind of’’), poor timing pressure (urgency signals: ‘‘im-
mediately’’, ‘‘now’’, ‘‘today’’), and desperation signals (‘‘last chance’’, 
‘‘special offer’’, ‘‘now or never’’). The Acoustic Risk Component aggre-
gates multiple acoustic problems including low voice energy (volume 
mean < 0.3), monotone delivery (low pitch range), inconsistent pace, 
and excessive pausing (>2 s). The Engagement Decline Rate quantifies 
temporal patterns by measuring the linear regression slope of prospect 
engagement (utterance word count) over conversation time, capturing 
how quickly interest deteriorates.

These composite features enable the model to capture complex 
behavioral patterns (e.g., a salesperson being simultaneously aggressive 
and unclear) rather than treating indicators as independent. Individual 
component features (pitch variation, voice energy, speech rate, ques-
tion density) supplement the composite measures to provide granular 
behavioral insights.

3.4.1. Classification approach
Rejection risk prediction employs Random Forest [59] classification 

using ten features spanning acoustic indicators (pitch variation, voice 
energy, pitch level, speech rate), semantic-linguistic measures (question 
density, unclear value score, too aggressive score), and composite risk 
components (communication risk, acoustic risk, engagement decline 
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Table 1
Stage duration allocation and progression efficiency results.
 Metric Successful Unsuccessful Difference p-value Cohen’s d 
 Stage duration allocation (%)
 Opening 18.9 30.8 −11.9 <0.0001 −0.75  
 Discovery 23.4 21.8 +1.6 0.0028 +0.11  
 Proposal 10.5 8.0 +2.5 <0.0001 +0.31  
 Confirmation 27.1 22.8 +4.4 <0.0001 +0.29  
 Progression efficiency
 Average score 7.220 1.873 +5.348 – –  
 Efficiency ratio 3.85:1 (Successful:Unsuccessful)

rate). The prediction target divides conversations into high-risk and 
low-risk categories based on the median split of the composite rejection 
score, enabling identification of salesperson behavioral patterns most 
strongly associated with conversation failure.

Model evaluation uses stratified 5-fold cross-validation with per-
formance measured through AUC. Model interpretability is ensured 
through SHAP (SHapley Additive exPlanations) [65] analysis, which 
provides feature importance attributions at both individual conver-
sation and aggregate levels. This validates that the prediction accu-
racy reflects genuine communication patterns rather than statistical 
artifacts.

3.5. Algorithm validation framework

Stratified 5-fold cross-validation [66] ensures balanced representa-
tion of both outcome classes (successful and unsuccessful calls) across 
training and testing sets. The dataset is divided into five parts, with 
each part serving as a test set while the remaining four parts train the 
model. This process repeats five times to ensure reliable performance 
estimates.

AUC quantifies how well the model separates successful from un-
successful calls across all possible classification thresholds. F1-scores 
provide additional evaluation by balancing precision (accuracy of suc-
cess predictions) and recall (percentage of successful calls correctly 
identified).

3.6. Performance threshold derivation

To translate analytical findings into actionable coaching guidance, 
we derive empirical performance thresholds by contrasting the distribu-
tions of measured indicators between successful and unsuccessful calls. 
This threshold derivation methodology enables systematic identifica-
tion of performance patterns that distinguish effective from ineffective 
sales communication.

Performance ranges are segmented into three zones based on empir-
ical distribution analysis: green zones represent indicator values typical 
of top-quartile successful calls, yellow zones indicate borderline per-
formance requiring attention, and red zones identify patterns strongly 
associated with conversation failure.

4. Analysis results

4.1. Stage progression analysis results

Stage progression analysis examines conversation dynamics through 
systematic evaluation of temporal allocation patterns and transition 
efficiency metrics across the four canonical sales stages: Opening, 
Discovery, Proposal, and Confirmation.

Table  1 presents stage duration allocation with statistical signifi-
cance testing. Successful calls demonstrate shorter Opening stage du-
ration (18.9% vs. 30.8%, difference = −11.9%, p < 0.0001, Cohen’s d 
= −0.75), indicating more rapid transition to substantive conversation 
elements (Fig.  2). In the Discovery, Proposal, and Confirmation stage, 
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Fig. 2. Stage duration distribution by call outcome. Successful calls allocate 
significantly less time to Opening (18.9% vs. 30.8%, p < 0.0001) and propor-
tionally more time to Discovery, Proposal, and Confirmation stages (all p <
0.01).

Fig. 3. Stage progression efficiency and transition metrics by call outcome. 
Successful calls demonstrate 3.85× higher progression efficiency (7.220 vs. 
1.873) and more systematic stage transitions compared to unsuccessful calls.

successful calls allocate proportionally more time than unsuccessful 
calls, with all differences reaching statistical significance (p < 0.01).

Successful calls achieved 3.85× higher progression efficiency scores 
(7.220 vs. 1.873, difference of 5.348), as shown in Fig.  3. This differ-
ence indicates that successful calls not only allocate time differently 
across stages, but also demonstrate more complete progression through 
the canonical stage sequence with fewer redundant transitions.

Stage progression analysis provides complementary insights into 
conversation structure and informs training program design by identify-
ing optimal time allocation patterns across sales stages. However, these 
metrics are not directly incorporated into the real-time alert system due 
to their retrospective nature requiring complete conversation analysis. 
The alert system instead focuses on real-time computable indicators 
from network analysis, temporal prediction, and rejection risk modeling 
that enable intervention during ongoing conversations.

4.2. Communication network analysis results

We successfully performed network analysis on 4467 of the 5183 
total calls (86.2%), excluding 716 calls (13.8%) due to insufficient 
utterances for meaningful graph construction. The excluded calls typi-
cally represented immediate rejections or technical failures, providing 
insights into the distribution of interaction types in authentic B2B sales 
environments.
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Table 2
Conversation network structure comparison results.
 Network metric Successful Unsuccessful p-value  
 Number of calls 254 4213  
 Average network density 0.0224 0.0960 <0.0001 
 Median number of nodes 63.0 11.0 <0.0001 
 Average centrality variance 0.0001 0.0034 <0.0001 
 Median coverage 39.2 3.9 <0.0001 

Table 3
Semantic transition enrichment factors in successful vs. unsuccessful calls.
 Transition pattern Enrichment Won Freq. Lost Freq. 
 value_proposition → value_proposition 33.17 0.016 0.000  
 control → value_proposition 16.59 0.008 0.000  
 confirmation → value_proposition 16.59 0.004 0.000  
 confirmation → confirmation 14.15 0.594 0.042  
 value_proposition → control 11.06 0.008 0.001  
 discovery → value_proposition 11.06 0.024 0.002  
 closing → control 8.29 0.028 0.003  
 general → control 7.38 0.728 0.099  
 control → objection_handling 6.54 0.382 0.058  
 value_proposition → general 6.48 0.260 0.040  

Analysis of conversation structure through graph-theoretic
approaches reveals fundamental differences between successful and 
unsuccessful sales interactions. Table  2 presents the network metrics 
for both conversation types.

The table shows that successful calls contain substantially more 
conversational nodes (median 63 vs. 11, p < 0.0001) yet exhibit a 
lower network density (0.0224 vs. 0.0960, p < 0.0001), suggesting 
longer interactions with fewer returns to previously covered material. 
Successful calls also show lower centrality variance (0.0001 vs. 0.0034, 
p < 0.0001) and tenfold higher median coverage (39.2 vs. 3.9, p <
0.0001), indicating a more evenly distributed conversational structure 
and engagement across a wider range of sales phases. These structural 
differences suggest that successful calls follow more focused conversa-
tion pathways with systematic topic development, while unsuccessful 
calls exhibit higher connectivity among fewer nodes, indicating scat-
tered topic exploration without sustained development of individual 
themes.

Beyond these structural metrics, examining the specific semantic 
transitions between the conversation phases reveals additional patterns 
that distinguish successful from unsuccessful interactions.

4.2.1. Semantic transition enrichment analysis
Semantic transition enrichment analysis reveals distinct conversa-

tion flow patterns between successful and unsuccessful calls. Table 
3 presents the ten transitions with the highest enrichment factors, 
selected from the complete set of measured phase-to-phase transitions.

The transitions with the highest enrichment factors involve value 
proposition and confirmation phases. Value proposition to value propo-
sition transitions show the highest enrichment (33.17×), occurring at 
frequency 0.016 in successful calls compared to 0.000 in unsuccessful 
calls. Confirmation to confirmation transitions show enrichment of 
14.15×, with frequency 0.594 in successful calls versus 0.042 in un-
successful calls. Multiple transitions involving movement toward value 
proposition phases show enrichment factors above 10×, including con-
trol to value proposition (16.59×), confirmation to value proposition 
(16.59×), and discovery to value proposition (11.06×).

These patterns indicate that successful calls involve more frequent 
sustained discussion within value proposition phases, more frequent 
sequential confirmation exchanges, and more frequent transitions from 
other phases toward value proposition discussion. Successful calls also 
show higher frequencies of transitions involving conversation control 
phases, including general to control (7.38×) and control to objection 
handling (6.54×).
7 
Fig. 4. Real-time prediction performance across conversation timeline. All 
three algorithms demonstrate peak performance at approximately 60 s, achiev-
ing 78.4% AUC. Performance declines after this optimal window, with MLP 
consistently outperforming Random Forest and Gradient Boosting across all 
time points.

4.2.2. Statistical validation results
All network metrics were analyzed using Mann–Whitney U tests 

due to non-normal distributions, particularly in unsuccessful calls with 
their sparse network structures. The analysis confirms highly significant 
differences (p < 0.001) with large to very large effect sizes: network 
density (Cohen’s d = 1.78), number of nodes (d = 1.16), and number 
of edges (d = 1.16). Bootstrap confidence intervals (n = 1000) demon-
strate complete separation between groups, with non-overlapping 95% 
CIs for density [0.020, 0.025] vs. [0.095, 0.098] and nodes [78.6, 
97.5] vs. [18.1, 19.6], strengthening confidence in these structural 
differences.

4.3. Temporal prediction performance results

Understanding when conversation outcomes become predictable 
enables identification of optimal coaching intervention timing. This 
section evaluates prediction accuracy at progressive time intervals to 
establish empirical windows where coaching systems achieve sufficient 
reliability for deployment.

4.3.1. Real-time outcome analysis
Real-time prediction of conversation outcomes (successful vs. un-

successful) enables identification of optimal intervention windows for 
coaching systems. Progressive analysis across conversation timelines 
reveals distinct temporal patterns in outcome prediction accuracy, with 
performance peaking at 60 s and declining thereafter (see Fig.  4).

Temporal Performance Peak at 60 s: Conversation outcome pre-
diction accuracy reaches the highest value at 60 s across all three 
algorithms (Random Forest, Gradient Boosting, and Multi-Layer Percep-
tron). Early prediction at 30 s demonstrates comparable performance 
(78.3% AUC), indicating that predictive features emerge within the 
first minute of conversation. These results indicate that intervention 
timing at approximately 60 s from conversation initiation achieves peak 
predictive performance in this dataset.

Systematic Performance Degradation: Beyond the 60-second
peak, prediction accuracy declines systematically across all algorithms. 
Performance drops to 73.2% AUC at 120 s, 71.5% AUC at 180 s, 
and 59.7–71.5% AUC at 300 s. This decay pattern indicates that 
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Fig. 5. Feature importance for rejection analysis results. Communication 
risk component dominates with 31.0% importance, followed by engagement 
decline rate (13.1%) and aggressive behavior patterns (10.7%).

early conversation phases contain the most predictive information for 
outcome determination.

Algorithm Comparative Performance: Multi-Layer Perceptron
consistently outperforms Random Forest and Gradient Boosting across 
all temporal intervals, maintaining superior accuracy even during 
periods of general performance degradation. At the optimal 60-second 
window between the start of the conversation and the moment of 
maximum performance, MLP achieves 78.4% AUC compared to 78.0% 
for Random Forest and 76.0% for Gradient Boosting. This perfor-
mance advantage persists throughout the temporal analysis, suggesting 
superior capability for temporal pattern recognition in conversation 
data.

Based on these empirical results, the temporal prediction confidence 
index parameters were established: AUC𝑏𝑎𝑠𝑒 = 0.784 and 𝛼 = 0.05, rep-
resenting the empirically derived decay rate observed in the temporal 
performance analysis.

4.4. Rejection analysis results

The unsuccessful call dataset (4929 unsuccessful calls) provides sub-
stantial empirical basis for rejection pattern analysis, enabling system-
atic understanding of failure mechanisms across conversation contexts 
and salesperson behaviors. This comprehensive multimodal analysis 
identified distinct subgroups within rejected calls based on salesperson 
behavioral patterns, achieving 95.7% AUC in distinguishing high-risk 
from low-risk rejection patterns. This enables systematic understand-
ing of conversation breakdown mechanisms and behavioral failure 
modes that drive prospect disengagement. Feature importance analysis 
is presented in Fig.  5.

4.4.1. SHAP interpretability validation results
Given the high rejection analysis accuracy (95.7% AUC), SHAP 

(SHapley Additive exPlanations) [65] analysis was conducted to val-
idate the interpretability of the model and confirm the reliability of 
feature importance. This analysis ensures that high performance reflects 
genuine classification patterns rather than overfitting artifacts (see Fig. 
6).

Cross-validation between Random Forest and SHAP importance 
shows a strong correlation (r = 0.94), confirming consistent feature 
classification between methodologies (see Fig.  7).

The feature importance distribution reveals the multifaceted nature 
of rejection patterns and provides actionable insights for coaching 
system design. Communication Risk Component dominance (31.0%) 
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Fig. 6. SHAP summary plot — Feature impact on rejection classification (AUC 
= 0.956). SHAP values demonstrate that the communication risk component 
shows the strongest classification impact, with high values consistently indi-
cating rejection characteristics.

indicates that linguistic and semantic issues – aggressive language, 
unclear value articulation, timing pressure – constitute the primary 
driver of conversation failure. The prominence of Engagement Decline 
Rate (13.1%) and Too Aggressive Score (10.7%) together suggests a 
common failure pattern: salespeople intensify pressure when sensing 
prospect resistance, accelerating rather than reversing engagement de-
terioration. Acoustic features collectively account for approximately 
21% of predictive importance (pitch variation 7.6%, voice energy 7.1%, 
pitch level 6.8%), demonstrating that delivery quality significantly 
influences rejection beyond content alone. The Unclear Value Score 
(6.5%) highlights the criticality of articulating concrete benefits with-
out hedging language. These findings establish that rejection stems 
from combined communication, acoustic, and behavioral deficits rather 
than single failure points, validating the multimodal framework design 
and informing the coaching system’s emphasis on integrated quality 
indicators spanning all three modalities.

5. Discussion

5.1. Interpretation of findings

The empirical results suggest that successful and unsuccessful B2B 
sales conversations differ systematically across multiple dimensions. 
Three key patterns emerge from the analysis: structural efficiency 
in conversation organization, early predictability of outcomes, and 
multimodal indicators of communication quality.

The network analysis findings reveal that sales communication ef-
fectiveness manifests through structural efficiency. Importantly, in se-
quential utterance graphs, network density is mathematically coupled 
with conversation length. Therefore, the interpretation of efficiency 
does not derive from density alone but from the combined pattern 
of lower density, substantially higher phase coverage, lower central-
ity variance, and enriched value- and confirmation-phase transitions 
observed in successful calls. Successful salespeople maintain focused 
conversation trajectories with systematic topic development within 
critical phases, while unsuccessful conversations exhibit scattered ex-
ploration without sustained theme development. Effective selling in-
volves sustained discussion within value proposition and confirmation 
phases rather than rapid movement between topics, building agreement 
through extended sequences rather than isolated commitment requests. 
This pattern suggests that conversation efficiency operates through 
focused depth rather than comprehensive breadth.
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Fig. 7. Feature importance comparison results: Random Forest vs. SHAP. Strong correlation (r = 0.94) confirms consistent feature ranking across methodologies, 
validating the 95.7% AUC classification performance.
These structural findings are consistent with the stage progression 
analysis (Section 4.1), where successful calls demonstrated shorter 
opening phases and greater temporal allocation to discovery, proposal, 
and confirmation stages. The sustained value proposition and confirma-
tion transitions observed in the network analysis provide a structural 
explanation for these stage allocation patterns, linking classical sales 
stage theory with graph-theoretic conversation structure.

The temporal prediction results (Section 4.3) demonstrate that con-
versation outcomes become predictable early in the interaction. Rather 
than implying causal psychological mechanisms, this finding indicates 
that the earliest phases of conversation contain the strongest discrim-
inative signals for outcome prediction. The subsequent performance 
degradation at later time points suggests that early interaction phases 
contain the most informative behavioral patterns for classification. 
From a practical perspective, these findings establish an empirical 
intervention window where coaching systems can provide guidance 
based on reliable predictions while salespeople retain opportunity to 
adjust their approach. The temporal pattern indicates that coaching 
interventions achieve maximum effectiveness when deployed during 
early conversation phases when behavioral adjustment remains most 
feasible.

The rejection analysis (Section 4.4) reveals specific failure mech-
anisms within unsuccessful conversations. Communication risk domi-
nates failure prediction, indicating that content quality and conversa-
tional approach constitute primary drivers of conversation
breakdown—including aggressive language, unclear value articulation, 
and poor timing pressure. However, acoustic features collectively con-
tribute substantial predictive importance, demonstrating that delivery 
quality significantly influences rejection beyond content alone. The 
prominence of engagement decline rate suggests a common failure 
pattern where salespeople intensify pressure when sensing resistance, 
accelerating rather than reversing disengagement. This multimodal 
failure signature indicates that conversation breakdown results from 
combined communication, acoustic, and behavioral deficits rather than 
single failure points, validating the integrated coaching framework 
design.
9 
5.2. Comparison with prior work

This research extends prior work in multimodal conversation anal-
ysis, sales outcome prediction, and adaptive intervention timing by 
examining how multimodal communication patterns manifest within 
authentic B2B sales interactions.

Building on prior evidence demonstrating acoustic–semantic equiv-
alence and the benefits of trimodal integration under duration-matched 
controls [17], the present study investigates how delivery character-
istics, semantic content, and conversational structure appear within 
the structural and temporal organization of successful and unsuccess-
ful sales calls. The observed patterns suggest that these modalities 
contribute complementary rather than redundant information: acoustic 
features reflect delivery characteristics associated with engagement 
and credibility; semantic features capture value-oriented content de-
velopment; while linguistic features quantify conversation structure, 
providing the temporal framework within which acoustic and semantic 
signals achieve effective sequencing.

This multimodal performance aligns with established approaches in 
adjacent domains. Li et al. [67] demonstrated that combining acous-
tic and lexical features improves customer service sentiment analysis 
over single modalities. Prior work in persuasiveness prediction [68,69] 
established that verbal, acoustic, and visual features capture distinct 
aspects of communication effectiveness, with multimodal fusion consis-
tently outperforming unimodal approaches. Zhang et al. [70] applied 
similar multimodal integration to deception detection, while Singla 
et al. [71] combined prosodic and lexical information for behavior 
coding in psychotherapy sessions. The current research extends this 
established multimodal paradigm to B2B sales contexts, demonstrating 
that communication effectiveness in high-stakes business interactions 
similarly manifests across multiple integrated channels rather than 
through any single dominant modality.

While traditional sales research established stage-based frameworks 
and identified key behaviors through observational methods [21–23], 
computational approaches to sales outcome prediction have remained 
limited. The current research operationalizes theoretical insights from 
classical sales literature through direct analysis of conversation audio 
and transcripts. The semantic network analysis reveals sustained value 
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proposition discussion and extended confirmation sequences in success-
ful calls, providing quantitative support for theoretical arguments about 
thorough value development [25–27]. This translation of qualitative 
observations into measurable patterns enables automated coaching 
systems grounded in established sales theory.

The network analysis approach extends applications of graph the-
ory to conversational data. Chai et al. [72] demonstrated that graph-
theoretic metrics such as density, centrality, and clustering can char-
acterize discussion dynamics in educational contexts. The current re-
search applies similar graph-based methods to dyadic sales conversa-
tions, revealing that successful calls exhibit substantially lower network 
density despite longer duration. This counterintuitive finding extends 
prior work on conversation structure to sales contexts, demonstrat-
ing that focused conversation trajectories rather than comprehensive 
topic coverage characterize effective communication. Where educa-
tional contexts may benefit from broad exploration across topics, sales 
effectiveness appears to operate through sustained development of 
specific value propositions.

The identification of an early optimal intervention window extends 
research on just-in-time adaptive interventions. Fuller et al. [73] es-
tablished canonical frameworks for timing adaptive interventions in 
health contexts, emphasizing the balance between predictive confi-
dence and actionable opportunity. The current findings provide empir-
ical evidence of an early intervention window in sales conversations, 
contrasting with traditional post-call analysis approaches. The temporal 
performance patterns suggest that fundamental communication dynam-
ics establish themselves rapidly in sales interactions, with implications 
for real-time coaching system design. Where health interventions may 
operate across extended timeframes, sales coaching systems require 
immediate responsiveness to capitalize on brief windows of behavioral 
plasticity.

5.3. Bias audit and fairness evaluation

To evaluate whether the prediction framework performs equitably 
across different practitioners, a comprehensive bias audit was con-
ducted using salesperson identity as the grouping variable. The audit 
analyzed 5164 calls with complete trimodal data (acoustic, linguistic, 
and semantic features) using the same 5-fold stratified cross-validation 
methodology employed throughout this research.

5.3.1. Audit procedure
The bias audit followed established fairness evaluation practices

[74]:

1. Trained Random Forest classifiers using class-balanced weights 
to account for outcome imbalance

2. Generated out-of-fold predictions for all calls via 5-fold cross-
validation

3. Grouped predictions by salesperson identity
4. Calculated per-group metrics: accuracy, true positive rate (TPR), 
false positive rate (FPR), and AUC

5. Computed disparity metrics as max–min differences across
groups with sufficient sample sizes (𝑛 ≥ 50)

6. Evaluated temporal stability across the six-month data collection 
period

5.3.2. Audit results
Table  4 presents the bias audit results for the trimodal prediction 

framework.
The framework demonstrates consistent ranking ability across all 

salespeople, with per-salesperson AUC ranging from 0.829 to 0.993—
comparable to the trimodal AUC of 0.830 reported in the foundational 
research [17]. False positive rates remain below 3% across all groups, 
indicating that the model rarely misclassifies unsuccessful calls as 
successful regardless of salesperson.
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Table 4
Bias audit results: Trimodal framework performance.
 Metric Value Assessment  
 Overall AUC 0.955 ± 0.007 Strong discrimination  
 Per-salesperson AUC 0.829–0.993 Consistent across groups  
 FPR disparity 0.027 Within threshold (<0.15) 
 TPR disparity 0.321 See interpretation  
 Temporal disparity 0.069 Stable over time  

The observed TPR disparity (0.321) reflects underlying data char-
acteristics rather than algorithmic discrimination. Win rates vary sub-
stantially across salespeople (0.3% to 33.5%), creating fundamentally 
different prediction challenges for each group. Salespeople with very 
low win rates have fewer positive examples from which the model can 
learn group-specific patterns, resulting in lower recall for those groups. 
Importantly, the model maintains strong ranking ability (AUC > 0.82) 
and low false positive rates across all groups.

Temporal analysis confirmed stable performance across the six-
month data collection period, with monthly AUC ranging from 0.919 
to 0.988 (disparity = 0.069). This stability indicates that the identified 
patterns are robust to temporal variation in sales conditions.

5.3.3. Compliance-by-design provisions
The framework incorporates several design choices that support 

responsible deployment:

• Objective features only: Analysis relies exclusively on acoustic, 
semantic, and linguistic features—no demographic, biometric, or 
affective inference

• Class-balanced training: Training procedures account for out-
come imbalance through balanced class weights

• Advisory architecture: The system provides decision support 
while preserving human autonomy over final coaching decisions

• Transparent predictions: All model outputs are interpretable 
through SHAP analysis, enabling practitioners to understand the 
basis for recommendations

These provisions align with EU AI Act requirements for high-risk AI 
systems used in employment-related contexts, ensuring that the frame-
work can be deployed with appropriate oversight and accountability.

6. AI coaching system design

6.1. Evidence-based alert system

This system specification operationalizes the multimodal equiva-
lence and weighting principles established in [17] using the structural 
and temporal findings of the present analysis. The alert system trans-
lates empirical findings into actionable coaching guidance through 15 
calibrated quality indicators organized across four categories: acoustic 
quality (5 indicators: pitch stability, volume consistency, speaking pace, 
pause quality, voice energy), semantic quality (4 indicators: value 
persistence, value steering, value dominance, value confirmation), lin-
guistic quality (3 indicators: network density, transition quality, tem-
poral confidence), and integrated multimodal metrics (3 indicators: 
co-dominance score, multimodal quality index, early warning com-
posite score). Each indicator provides color-coded performance zones 
(Green/Yellow/Red) with specific coaching priorities derived from em-
pirical thresholds. Complete threshold specifications are provided in 
Supplementary Materials Section 2, Table S1.

Decision-Support Mechanism: The alert system translates quanti-
tative indicators into decision support through a three-stage process: (1)
System Output—color-coded alerts (Green/Yellow/Red) signal perfor-
mance levels across acoustic, semantic, and linguistic dimensions; (2)
Salesperson Decision—coaching priorities guide immediate corrective 
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actions (e.g., ‘‘Stabilize voice tone’’ when PSI < 0.6, ‘‘Focus on value’’ 
when VPI < 10); (3) Business Benefit—corrections address empirically 
validated success discriminators (network density 𝜌 = 0.0224 vs. 0.096, 
p < 0.001; rejection risk AUC = 95.7%), addressing patterns associated 
with conversation failure. For example, when EWCS enters Red Zone 
(>0.7), the system signals high rejection risk, prompting the salesperson 
to employ value-steering and confirmation-building strategies validated 
in successful calls, aligning behavior with patterns observed in success-
ful calls. Post-call analytics enable systematic performance tracking, 
identifying persistent weaknesses for targeted training interventions.

6.2. Validation framework

This research employs the comprehensive validation methodology 
established for this data set in the foundational research [17], including 
stratified 5-fold cross-validation, duration-matched controls, and cross-
algorithm consistency testing. Network analysis used Mann–Whitney 
U tests with Bonferroni correction for multiple comparisons, achieving 
highly significant differences (p < 0.001) with large effect sizes (Cohen’s 
d = 1.16–1.78). SHAP analysis validated the 95.7% AUC rejection 
prediction performance, confirming genuine predictive patterns rather 
than overfitting artifacts.

• Validated Performance Metrics: 83.0% AUC and 74.4% F1 
score under duration-matched validation

• Equal Weighting: Constrained optimization reveals that approxi-
mately equal weighting (1/3 each) across acoustic, semantic, and 
linguistic modalities maximizes ensemble effectiveness

• Multi-Metric Robustness: Acoustic-semantic equivalence con-
firmed across AUC (0.5% difference) and F1 (0.2% difference)

• Cross-Algorithm Consistency: Validated across Random Forest, 
XGBoost [75], and Logistic Regression

• Theoretical Architecture: Design specifications for potential 
real-time applications pending implementation validation

Implementation recommendations for phased organizational roll-
out, including pilot testing protocols, training integration strategies, 
and continuous optimization procedures, are provided in Supplemen-
tary Materials Section 4.

7. Conclusion

This research developed and empirically validated an AI-assisted 
coaching framework for B2B sales conversations through multimodal 
analysis integrating acoustic delivery, semantic content, and linguistic 
structure. Network analysis established that successful conversations 
achieve efficiency through focused progression rather than comprehen-
sive topic coverage, revealing systematic structural differences between 
successful and unsuccessful interactions. Temporal prediction mod-
eling identified an early optimal intervention window that enables 
coaching systems to provide reliable guidance while salespeople re-
tain opportunity for behavioral adjustment. Rejection pattern analysis 
with interpretability validation confirmed that conversation failure 
stems from combined communication, acoustic, and behavioral fac-
tors rather than single failure points. These empirical findings were 
operationalized into evidence-based quality indicators with calibrated 
performance thresholds, human-centered advisory architecture, and 
regulatory compliance provisions aligned with the EU AI Act.

Future research should pursue four key directions to extend and 
validate this framework. Prospective field studies deploying the sys-
tem in controlled organizational settings with randomized assignment 
would measure actual win-rate improvement, behavior change tra-
jectories, and user adoption patterns through longitudinal tracking. 
Cross-language validation studies should test whether core structural 
findings – network efficiency patterns, optimal intervention timing, 
and acoustic-semantic equivalence – generalize across linguistic and 
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cultural contexts or require context-specific recalibration. Industry-
specific threshold refinement analyzing communication patterns across 
distinct verticals (healthcare, technology, manufacturing) would deter-
mine whether sector-specific calibrations improve prediction accuracy 
beyond the general framework. Finally, integration research developing 
standardized APIs connecting the framework to existing CRM plat-
forms, call recording systems, and learning management tools would 
enable seamless deployment and reduce implementation friction for 
organizations adopting evidence-based coaching systems.

7.1. Limitations and future research opportunities

While this research establishes comprehensive evidence-based
frameworks for AI-assisted sales coaching, several characteristics of the 
current study present opportunities for future investigation:

Language and Cultural Generalization: The present analysis fo-
cuses exclusively on Finnish B2B sales conversations. While the mathe-
matical framework provides language-agnostic architectural specifica-
tions, empirical parameters (e.g., optimal speaking rate of 123 WPM, 
semantic transition patterns) require calibration for different linguistic 
and cultural contexts. Future research extending this framework to 
additional languages would strengthen cross-cultural validity while 
testing the generalizability of core structural findings such as network 
efficiency advantages.

Industry Context Expansion: Current findings derive from B2B 
sales interactions within a specific organizational context. Extending 
validation to diverse industry verticals (healthcare, technology, manu-
facturing) would test whether identified patterns represent universal 
sales communication principles or context-specific phenomena. Such 
expansion would enable development of industry-specific threshold 
calibrations while identifying domain-invariant coaching principles.

Deployment Validation: The framework provides theoretical spec-
ifications and empirical foundations but requires controlled imple-
mentation studies to validate operational performance. Real-world de-
ployment testing would assess system response times, alert threshold 
calibration under production conditions, and actual coaching effec-
tiveness through randomized controlled trials. Such validation studies 
represent essential next steps for translating analytical findings into 
measurable business outcomes.

Longitudinal Performance Tracking: Current cross-sectional anal-
ysis identifies patterns distinguishing successful from unsuccessful con-
versations but does not track individual salesperson improvement tra-
jectories. Longitudinal studies monitoring coaching intervention effects 
over time would quantify learning curves, measure sustained behav-
ior change, and identify optimal training protocols for different skill 
development stages.

These limitations simultaneously define boundaries of current find-
ings and establish clear directions for continued investigation. The 
validated analytical framework, comprehensive mathematical speci-
fications, and robust empirical evidence provide infrastructure upon 
which future research can systematically address these opportunities 
while expanding scientific understanding of AI-assisted sales coaching 
systems.

7.2. Design science contribution and impact

This research demonstrates how multimodal communication ana-
lytics can be systematically integrated into deployable coaching frame-
works through validated design specifications. By establishing empiri-
cally grounded thresholds, optimal intervention timing, and computa-
tionally efficient mathematical formulations, the framework bridges the 
gap between communication science and operational decision support 
systems. The design prioritizes interpretability, regulatory compliance, 
and human autonomy—translating abstract performance concepts into 
concrete, measurable indicators that support professional development 
while preserving individual decision-making agency.
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The transition from subjective evaluation to objective optimiza-
tion offers potential advancement in sales performance management 
through coaching systems that genuinely support salesperson devel-
opment and empowerment. The framework’s advisory rather than 
prescriptive architecture ensures that coaching recommendations en-
hance human capability rather than replacing human judgment. The 
evidence-based thresholds and multimodal indicators enable self-
directed improvement and skill development through objective feed-
back on communication effectiveness.

Implementation studies building on these validated design spec-
ifications can translate theoretical frameworks into operational sys-
tems that respect human autonomy, promote continuous learning, and 
support systematic skill development. The comprehensive architec-
tural specifications – including performance thresholds, intervention 
timing, mathematical formulations, and regulatory compliance provi-
sions – provide a foundation for organizations to develop empower-
ing, development-focused coaching systems that enhance salesperson 
capability and professional growth.
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