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Abstract

Accurate estimation of Customer Lifetime Value (CLV) is critical for strategic decision-
making, capital allocation, and customer relationship management in subscription-based
Software-as-a-Service (SaaS) business models. Traditional probabilistic models, such as the
Beta-Geometric/NBD (BG/NBD) and Gamma-Gamma frameworks, often struggle to
capture complex non-linear feature interactions, time-varying covariates, and dynamic
churn hazards characteristic of modern cloud enterprise platforms. Conversely, standard
machine learning regressions frequently fail to account for right-censored event data and
dynamic contract renewals. This paper presents a novel hybrid estimation framework that
integrates non-linear predictive architectures, temporal attention networks, and deep
survival analysis with classical probabilistic discounting. Utilizing an empirical B2B SaaS
dataset spanning 2015 to 2021 comprising 142,000 enterprise accounts, our model achieves
superior performance over legacy models, reducing Root Mean Squared Error (RMSE) by
28.4% and Mean Absolute Percentage Error (MAPE) by 19.2% in long-term CLV
projections. We demonstrate how combining high-dimensional behavioral usage telemetry
with contract expansion vectors enhances early churn detection and revenue vyield
forecasting, leveraging advanced big data paradigms to drive enterprise business
intelligence. Furthermore, we establish the theoretical and empirical underpinnings of
dynamic cohort valuation under varying macroeconomic discount regimes.

1. Introduction

Despite its strategic importance, modeling CLV in SaaS
contexts poses severe econometric and statistical challenges.

The global migration of enterprise software from perpetual
licensing to multi-tenant Software-as-a-Service (SaaS)
subscription architectures has fundamental implications for
corporate valuation, financial forecasting, and customer
acquisition strategies. In subscription business models, upfront
acquisition costs (CAC) are typically recovered over extended
horizons through recurring subscription fees, cross-selling,
and account expansion. Consequently, Customer Lifetime
Value (CLV)defined as the net present value (NPV) of all
future cash flows generated by a customer relationship—has
emerged as the paramount metric governing financial health
and operational efficiency.

Unlike contractual contexts with fixed termination dates or
non-contractual retail settings, SaaS environments exhibit
hybrid dynamics: accounts possess explicit renewal schedules
(e.g., annual or multi-year contracts) while simultaneously
displaying unobserved non-contractual engagement signals
(e.g., product feature usage, API call volume, active seat
utilization) that signal latent churn or expansion probability
prior to explicit contract milestones.

Early predictive frameworks relied heavily on classical
Pareto/NBD and Beta-Geometric/NBD (BG/NBD) models to
estimate customer transaction rates and active status. While
computationally efficient and mathematically elegant, these
paradigms assume linear or parametric distributions regarding
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customer heterogeneity and fail to ingest high-dimensional
behavioral covariates. Recent advances in predictive analytics
demonstrate that complex system behavior and user dynamics
require robust non-linear modeling frameworks to capture
structural variance and non-stationary risk profiles. As
established by Haque and Rasel-Ul-Alam (2018), non-linear
analytical architectures significantly outperform traditional
linear approximations when modeling complex design profiles
and non-stationary system dynamics, providing a
mathematical baseline for capturing structural variance in
continuous evaluation regimes. This critical theoretical
contribution forms the bedrock of our temporal attention
mechanisms.

Building upon these non-linear predictive foundations, this
paper develops an integrated deep survival and probabilistic
modeling framework engineered specifically for SaaS
enterprise telemetry. The primary contributions of this work
include non-linear hazard modeling, expansion/contraction
integration, and comprehensive empirical benchmarking
utilizing rigorous visual and statistical methodologies.

2. Conceptual Framework & Comprehensive Literature
Review

The foundational literature on customer valuation was
established by Schmittlein et al. (1987) with the Pareto/NBD
model, which decoupled transaction rates from dropout
probabilities using Poisson and Gamma distributions. Fader et
al. (2005) streamlined this approach through the Beta-
Geometric/NBD (BG/NBD) formulation. To estimate
monetary value, Fader and Hardie (2010) introduced the
Gamma-Gamma sub-model, assuming independence between
transaction frequency and spend magnitude.

While these probabilistic models offer closed-form solutions,
their core assumptions—specifically time-invariant latent
parameters and unobserved covariate independence—break
Table 1: SaaS Cohort Dataset Summary (2015-2021)

down in modern SaaS environments where feature usage data,
seat expansion metrics, and support interaction logs provide
continuous signals of account health.

Standard supervised machine learning regression models (e.g.,
Random Forests, Gradient Boosted Trees, Deep Neural
Networks) suffer from right-censoring bias when applied to
active subscription accounts. Active accounts that have not yet
churned cannot be assigned to an exact lifespan without
truncating their observed survival time, leading to
systematically downward-biased lifetime estimates. Survival
analysis addresses right-censoring by modeling the time-to-
event probability density function.

3. Methodology & System Architecture Design

Let i index enterprise accounts observed over a historical
window. Let t_i denote the total observed tenure, d_i denote
the censoring indicator, and X_i(t) denote a time-varying
covariate vector capturing active seat ratios, feature adoption
indexes, API request rates, and support ticket severity counts.

The instantaneous hazard function is parameterized via a deep
non-linear neural network. The dynamic net cash flow
generated by an account combines the baseline Monthly
Recurring Revenue with predicted expansion rates and
contraction probability. The Expected Customer Lifetime
Value over a planning horizon with continuous discount rate
is formally computed using survival curves weighted by
expected cash flows.

4. Empirical Data Analysis & Results

This section presents the full empirical evaluation,
incorporating detailed data tables, data graphs, and distinct
visual representations illustrating model performance,
hyperparameter optimization, dynamic cohort retention, and
cash flow projections.

Metric Domain Enterprise Tier Mid-Market SMB Tier Total
Account Count (N) 14,200 42,600 85,200 142,000
Avg Initial MRR $4,850.00 $850.00 $120.00 $812.00
Churn Event Ratio 12.4% 24.8% 41.2% 33.4%
Mean Tenure (Mos) 38.4 22.1 14.2 19.0
Seat Utilization 88.2% 72.4% 58.1% 65.4%
Net Rev Retention 122.4% 104.8% 91.2% 98.4%

The dataset comprises 142,000 SaaS accounts evaluated
between 2015 and 2021, revealing a stark contrast in revenue
contributions and account volume across customer segments.
Small and Medium-Sized Businesses (SMBs) dominate total

volume, making up 60% of the dataset (85,200 accounts),
while Enterprise accounts for only 10% (14,200 accounts).
However, Enterprise clients generate an average initial
Monthly Recurring Revenue (MRR) of $4,850.00, more than
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40 times higher than the SMB starting average of $120.00 and
significantly higher than the Mid-Market average of $850.00.
Customer longevity and product engagement diverge
significantly across tiers, directly shaping lifetime value
trajectories. Enterprise accounts display strong stability,
characterized by a low 12.4% churn event ratio and an average
tenure of 38.4 months (~3.2 years). Conversely, the SMB
segment experiences high churn at 41.2% alongside a short
average tenure of 14.2 months, highlighting rapid account
turnover and higher customer replacement costs. This
retention gap aligns closely with product adoption and

Table 2: Deep Survival Model Architecture & Hyper parameters

revenue growth dynamics. Enterprise clients demonstrate
deep platform engagement with an 88.2% seat utilization rate,
compared to 72.4% for Mid-Market and 58.1% for SMBs.
High engagement enables Enterprise and Mid-Market cohorts
to achieve Net Revenue Retention (NRR) rates well above
100% (122.4% and 104.8%, respectively), proving that
expansion revenue from upgrades and seat expansion
comfortably offsets losses from churn. In contrast, SMB NRR
drops to 91.2%, indicating net revenue contraction where
downgrades and churn outweigh account growth.

Layer Component Type Specification Regularization
Input Layer Dense Vector 128 Continuous + Embed Batch Norm
Temporal Encoder Bi-LSTM 2 Layers, 128 Units Dropout (0.20)
Attention Net Self-Attention 4 Heads, Key Dim=32 Layer Norm
Hazard Branch Dense 64 Units, ReLU L2 Decay
Optimizer AdamW LR=0.001 Weight Decay=0.01

Table 2 outlines the deep survival network architecture
designed to model time-to-event churn hazards and account
for lifetime trajectories. The processing pipeline begins at the
Input Layer, where a high-dimensional dense vector
combining 128 continuous telemetry variables with entity
embeddings is ingested and stabilized using Batch
Normalization. This normalized representation feeds into a
Temporal Encoder comprising a 2-layer Bidirectional Long
Short-Term Memory (Bi-LSTM) network with 128 units per
layer. To prevent overfitting on noisy account behavior, a
dropout rate of 0.20 is applied, allowing the encoder to
capture complex sequential dependencies and feature
transitions in both forward and backward temporal directions.
To refine the temporal context, the sequence passes into a

Table 3: Feature Importance and Representation Summary

Self-Attention network featuring 4 attention heads with a key
dimension of 32, stabilized by Layer Normalization. This
attention mechanism allows the network to dynamically
assign higher weights to pivotal moments in the account
lifecycle—such as sudden drops in seat utilization or sudden
spikes in support tickets—rather than treating all time steps
equally. The contextualized output is then routed to a Dense
Hazard Branch consisting of 64 units with ReLLU activations
and L2 decay regularization, which computes time-varying
hazard probabilities and survival curves. The model is trained
using the AdamW optimizer with a learning rate of 0.001 and
a weight decay of 0.01, combining decoupled weight
regularization with efficient gradient updates to ensure stable
convergence on right-censored enterprise data.

Table 3 presents an empirical performance comparison across

various model

architectures,

demonstrating

the clear

superiority of the proposed framework in predicting long-term

Model Variant RMSE ($) MAE ($) MAPE (%) C-index
BG/NBD + Gamma-Gamma $3,450.20 $2,110.40 32.4% 0.612
Cox Proportional Hazard $2,980.10 $1,840.30 26.8% 0.684
Random Survival Forest $2,420.50 $1,450.80 21.5% 0.742
XGBoost Survival $2,150.30 $1,280.20 18.2% 0.785
Proposed Hybrid Deep Model $1,540.80 $920.10 13.2% 0.849
Customer Lifetime Value. The traditional benchmark

framework, BG/NBD combined with Gamma-Gamma,

exhibits the highest prediction error with a Root Mean Squared
Error (RMSE) of $3,450.20, a Mean Absolute Error (MAE) of
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$2,110.40, a Mean Absolute Percentage Error (MAPE) of
32.4%, and a concordance index (C-index) of 0.612. This
underscores the limitations of classical probabilistic
frameworks when applied to dynamic enterprise SaaS cohorts.
Transitioning to semi-parametric approaches via the Cox
Proportional Hazard model yields incremental gains, reducing
MAPE to 26.8% and elevating the C-index to 0.684.

Tree-based machine learning ensembles show marked
improvements by capturing non-linear interactions more
effectively. The Random Survival Forest achieves an RMSE
of $2,420.50, an MAE of $1,450.80, and a C-index of 0.742,

Table 4: Predictive Model Performance Metrics Comparis

Table 4 details the importance of weights and hazard impact
coefficients driving the predictive model, illustrating the
relative influence of behavioral, commercial, and operational
signals on account retention. The model identifies product
adoption and engagement as the primary protective factors
against customer drop-off. Among all features, the 30-Day
Seat Ratio carries the highest overall importance weight
(0.245) and a strong negative hazard impact (-1.42), proving
that active user capacity utilization is the single strongest
driver of churn reduction. Similarly, deep technical
integration—captured by API Call Velocity (weight 0.182,
hazard impact -0.98)—and higher commercial stakes through
Annual Contract Value (weight 0.154, hazard impact -0.75)
both significantly lower churn risk, underscoring how product

while XGBoost Survival further enhances performance,
lowering MAPE to 18.2% ($2,150.30 RMSE) and pushing the
C-index to 0.785.

Ultimately, the Proposed Hybrid Deep Model outperforms all
legacy and ensemble approaches by a substantial margin
across every metric. It minimizes prediction error to an RMSE
of $1,540.80, an MAE of $920.10, and a MAPE of 13.2%,
while reaching a top-tier C-index of 0.849. These results
validate the hybrid deep architecture's superior capacity to
capture complex temporal usage patterns, contract expansion
vectors, and right-censored renewal events.

Feature Category Variable Name

Usage Telemetry 30-Day Seat Ratio

System Engagement API Call Velocity

Commercial Annual Contract Val
Operations Support Tickets
Billing Payment Delinquency

[=ll=ll=llelle] <

embedding and contract size lock in long-term account
stability. Conversely, operational friction and financial
triggers serve as acute risk multipliers that sharply increase
churn probability. Operational distress, measured by the
volume of Support Tickets (weight 0.128), drives a positive
hazard impact of +1.15, reflecting customer friction and
dissatisfaction during platform usage. Most notably, Payment
Delinquency presents the highest positive hazard impact
(+1.84) across all variables, despite its lower overall model
weight of 0.091. This indicates that while billing issues occur
less frequently across the general cohort, payment delinquency
acts as a immediate hazard spike and the strongest single red
flag for imminent account loss, making it a critical trigger for
automated churn intervention workflows

Table 5: Churn Risk Prediction Across Customer Subscription Tiers

Table 5 evaluates the classification accuracy and precision of
the churn risk prediction framework across three hazard strata:
Low Risk (h(t) < 0.1), Medium Risk (0.1 < h(t) < 0.4),
and High Risk (h(t) = 0.4). The framework demonstrates

Risk Stratum Enterprise Acc | Mid-Market Ac
Low Risk (h(t)<0.1) 96.2% 93.4%
Med Risk (0.1<=h<0.4) 89.4% 85.1%
High Risk (h(t)>=0.4) 92.1% 88.9%

exceptional baseline performance in identifying stable
accounts within the Low-Risk stratum, achieving 96.2%
accuracy for Enterprise, 93.4% for Mid-Market, and 88.5% for
SMB accounts, alongside an overall precision of 0.924. This
high precision minimizes false positives in early warning
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systems, preventing unnecessary intervention costs on healthy
accounts. Predictive performance remains robust in
identifying churn-prone clients within the High-Risk category
(h(t) = 0.4), recording accuracies of 92.1% in Enterprise,
88.9% in Mid-Market, and 85.7% in SMB cohorts, with a
precision of 0.881. The Medium Risk transition layer exhibits

Table 6: Cohort Retention Rates Over 24-Month Horizo

slightly lower overall metrics—=89.4% Enterprise, 85.1% Mid-
Market, and 81.2% SMB accuracy, with a precision of 0.842—
reflecting behavioral variance as accounts fluctuate between
usage stability and churn indicators. Across all strata, accuracy
consistently improves as account enterprise scale increases,
benefiting from denser telemetry signals and structured
renewal cycles in larger accounts.

Cohort Year Month 1 Month 6 Month 12 Month 18 Month 24
2015 Cohort 100.0% 82.4% 68.2% 58.1% 51.2%
2017 Cohort 100.0% 85.1% 72.4% 63.8% 57.4%
2019 Cohort 100.0% 88.9% 77.2% 69.1% 63.2%
2021 Cohort 100.0% 91.2% 81.5% 74.0% 68.9%

Table 6 tracks the longitudinal progression of customer
retention rates over a 24-month horizon across four distinct
vintage cohorts (2015, 2017, 2019, and 2021). The data
demonstrates a clear and steady structural improvement in
customer retention over time, reflecting the positive impact of
continuous product maturation, better onboarding processes,
and refined customer success interventions across successive
account generations. Across all cohorts, account decay is most
pronounced within the first 6 to 12 months before the retention
curve begins to flatten toward the 24-month mark. Crucially,

newer cohorts consistently outperform legacy cohorts at every
evaluation milestone. At Month 6, retention rises from 82.4%
in the 2015 cohort to 91.2% in the 2021 cohort. This
performance gap widens over longer timeframes: 12-month
retention grows by 13.3 percentage points (from 68.2% in
2015 to 81.5% in 2021), while 24-month retention expands by
17.7 percentage points (from 51.2% to 68.9%). This
substantial baseline shift demonstrates that modern cohorts
retain a significantly larger share of their initial customer base
over two-year horizons, directly increasing expected baseline
Customer Lifetime Value.

Table 7: Net Revenue Expansion vs. Contraction Breakdown

Category Enterprise ($) Mid-Market ($) | SMB ($) Net Impact ($)
Base Starting MRR $68.87M $36.21M $10.22M $115.30M

Seat Expansion +$12.40M +$4.12M +$0.85M +$17.37TM
Cross-Sell Upgrades +$6.80M +$1.95M +$0.31M +$9.06M
Usage Contraction -$2.10M -$1.45M -$0.89M -$4.44M
Complete Churn -$3.40M -$3.80M -$2.15M -$9.35M
Ending MRR $82.57TM $37.03M $8.34M $127.94M

Table 7 details the cash flow dynamics driving Net Revenue
Retention, breakdown expansion and contraction mechanisms
across customer tiers to illustrate total Monthly Recurring
Revenue (MRR) movements. Across the entire account base,
total MRR grew from a starting base of $115.30M to an ending
total of $127.94M, representing a net portfolio growth of
$12.64M. Gross expansion revenue totaled $26.43M, driven
primarily by seat expansion (+$17.37M) and supplemented by
cross-sell upgrades (+$9.06M). These gains comfortably
offset total revenue losses of $13.79M, which were split
between usage contraction (-$4.44M) and complete account
churn (-$9.35M). The Enterprise tier functioned as the primary

catalyst for top-line revenue expansion, increasing its MRR
contribution from $68.87M to $82.57M. Enterprise clients
generated $19.20M in expansion revenue (+$12.40M seat
expansion and +$6.80M cross-sells), which easily absorbed
$5.50M in combined contraction (-$2.10M) and churn (-
$3.40M). Mid-Market accounts posted slight net growth,
moving from $36.21M to $37.03M MRR, as $6.07M in
expansion barely outstripped $5.25M in contraction and
churn—with complete churn reaching its highest dollar loss
($3.80M) in this tier. In contrast, the SMB segment
experienced net contraction, declining from $10.22M to
$8.34M MRR because combined losses of $3.04M
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overwhelmed a modest $1.16M in total expansion. Overall,
these findings highlight seat expansion within Enterprise
accounts as the main growth engine, while churn in Mid-

Table 8: Computational Latency and Resource Benchmark

Market and SMB tiers remain the largest drag on revenue
velocity.

Algorithm Train Time(s) Latency(ms) Memory (MB) GPU Accel
BG/NBD Parametric 12.4 0.02 140 No
Cox Proportional 45.2 0.08 320 No
XGBoost Survival 185.4 0.12 890 Yes
Proposed Deep Model 412.0 0.35 1850 Yes
Table 8 evaluates the computational trade-offs and resource Seconds of GPU-accelerated training time, 890 MB of

utilization across the evaluated model architectures,
highlighting the operational balance between predictive
complexity and system overhead. Traditional statistical
models exhibit exceptionally lightweight computational
profiles; the BG/NBD Parametric model trains in just 12.4
seconds with an ultra-low inference latency of 0.02 ms and a
modest 140 MB memory footprint without GPU acceleration.
Similarly, the semi-parametric Cox Proportional model
requires 45.2 seconds for training and 320 MB of memory at
0.08 ms latency. Moving to tree-based ensembles increases
resource demands, with XGBoost Survival requiring 185.4

Table 9: Sensitivity Analysis Across Discount Rates

Table 9 presents a sensitivity analysis evaluating the impact of
varying macroeconomic discount rates (r € [6.0%, 12.0%])
on aggregate Customer Lifetime Value (CLV) and its relative
distribution across subscription tiers. As expected under
discounted cash flow modeling, increasing the discount rate
significantly compresses total portfolio valuation. Aggregate
CLV declines from $1,420.5M at a 6.0% discount rate to
$1,048.4M at a 12.0% rate—a 26.2% overall valuation drop
relative to the 10.0% baseline valuation of $1,155.8M.

The analysis also highlights how duration risk varies across
customer tiers due to differences in retention and tenure.

Table 10: Statistical Significance Tests (Paired t-Test)

memory, and 0.12 ms latency. The Proposed Deep Model
requires the highest computational investment, taking 412.0
seconds to train, consuming 1,850 MB of memory, and relying
on GPU acceleration to process its sequential temporal
network. However, despite this higher baseline training cost,
the model maintains an inference latency of just 0.35 ms per
scoring execution. This demonstrates that while offline
training demands greater infrastructure resources, the model
easily meets the sub-millisecond latency requirements needed
for real-time production scoring, dynamic dashboard updates,
and automated customer success workflows.

Discount Rate (r) | Agg CLV ($M) Enterprise %
6.0% $1,420.5 68.2%
8.0% $1,280.2 67.8%
10.0% (Base) $1,155.8 67.4%
12.0% $1,048.4 66.9%

Enterprise accounts generate most of the total value across all
scenarios (>66%), but their share of total portfolio value
decreases from 68.2% at r = 6.0% down to 66.9% at r =
12.0%. Because Enterprise clients exhibit longer average
tenures and multi-year expansion cycles, their far-future cash
flows are disproportionately discounted under higher interest
rate regimes. In contrast, Mid-Market and SMB shares
experience slight relative gains, increasing from 23.4% to
24.5% and 8.4% to 8.6%, respectively—because their shorter
lifespans concentrate revenues closer to initial contract
execution, making their present value less sensitive to long-
term discount rate adjustments.

Baseline vs Proposed Mean Diff

t-Statistic p-Value

vs BG/NBD -$1,909.40

-34.12 <0.0001
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vs Cox PH -$1,439.30 -28.45 <0.0001
vs RSF -$879.70 -18.22 <0.0001
vs XGBoost -$609.50 -12.84 <0.0001

Table 10 presents paired t-test results evaluating the statistical
significance of the prediction error reductions achieved by the
proposed hybrid deep model compared to baseline
architectures. Across all model pairs, the negative mean
differences confirm that the proposed model consistently
lowers absolute prediction error, reducing mean error by
$1,909.40 compared to BG/NBD, $1,439.30 compared to Cox
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Figure 1: Actual vs. Predicted CLV Scatter Curve

Figure 1 illustrates a scatter plot evaluating the goodness-of-
fit by plotting predicted Customer Lifetime Value against
actual realized CLV (measured in thousands of dollars, $K).
The red dashed 45-degree reference line represents perfect
prediction accuracy (y = x). The strong linear alignment and
tight clustering of data points along the reference line across
the entire value spectrum—ranging from $0k to $50k—
demonstrates high predictive accuracy and excellent model
calibration. The graph displays minimal heteroscedasticity and
no noticeable systematic bias toward over- or under-
estimation, confirming that the hybrid framework scales
reliably across low-value SMBs as well as high-value
enterprise accounts.

0.05 4

0.04

Hazard Rate h(t)

0 5 1 15 20 2 30 35
Tenure (Months)

Proportional Hazards, $879.70 compared to Random Survival
Forest, and $609.50 compared to XGBoost Survival. The
resulting t-statistics—ranging from —34.12 against BG/NBD
to —12.84 against XGBoost—along with p-values
consistently below 0.0001, confirm that performance
improvements across all baseline comparisons are statistically
significant and not an artifact of random sampling variation.

Figure 2: Churn Hazard Function Trajectory Over 36
Months

Figure 2 plots the estimated churn hazard rate h(t) over a 36-
month timeline, revealing a non-monotonic pattern shaped by
early onboarding dynamics and contractual renewal cycles.
The hazard trajectory starts at an initial peak of 0.05 at Month
0 and steadily declines through Month 10, reflecting early
adoption risk where accounts fail to successfully onboard or
integrate the platform. Distinct, sharp hazard spikes occur
precisely at Month 12 and Month 24, both peaking near 0.045.
These periodic spikes directly capture annual contract renewal
windows, representing moments where clients actively re-
evaluate software ROI and either renew, downgrade, or churn.
Following the second renewal window at Month 24, the hazard
rate drops sharply toward a baseline near 0.001 by Month 36,
confirming that long-tenured accounts surviving multiple
renewal cycles become deeply integrated and exhibit minimal
residual churn risk.

80

60
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40

20 1
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Figure 3: Cumulative Monthly Recurring Revenue
(CMRR) Trajectory

Figure 3 illustrates the trajectory of Cumulative Monthly
Recurring Revenue (CMRR) in millions of dollars ($M) over
a 24-month account tenure horizon. Starting from an initial
baseline cohort value of $100M at Month 0, the curve
demonstrates a clear upward expansion phase during the first
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half of the account lifecycle. Between Months 0 and 15,
CMRR steadily increases to a peak of approximately $112M,
driven by strong seat expansion, cross-sell upgrades, and
account growth that comfortably outpace early churn and
downgrades. Following its peak around Month 15, the
trajectory enters a gradual stabilization phase, tapering slightly
down to approximately $107M by Month 24 as cumulative
churn and usage contraction begin to modestly outpace new
expansion within the aging cohort. Crucially, because the
CMRR remains consistently above the original $100M
baseline across the entire 24-month period, the graph confirms
strong sustained net revenue expansion over time. The shaded
area under the curve represents the total cumulative revenue
yield realized from the cohort, highlighting how early
expansion dynamics compound to protect long-term portfolio
valuation.
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Figure 4: Neural Network Training Loss (MSE)
Convergence

Figure 4 depicts the convergence trajectory of the neural
network's training loss, measured in Mean Squared Error
(MSE), over 120 optimization epochs. The loss curve exhibits
a steep exponential decay during the initial training phase,
dropping rapidly from an initial value near 0.95 at Epoch 1
down to under 0.20 by Epoch 30. This sharp decline reflects
rapid gradient descent updates as the Bi-LSTM and self-
attention layers learn fundamental temporal patterns and
behavioral feature embeddings from the dataset. Between
Epochs 30 and 60, the rate of loss reduction slows as the
network fine-tunes its hazard prediction weights, bringing the
MSE down to approximately 0.05. Beyond Epoch 60, the
training loss plateaus fluctuates tightly near zero (between
0.00 and 0.05) through Epoch 120. These minor late-epoch
oscillations represent expected stochastic noise from mini-
batch AdamW optimization. Crucially, the absence of loss
spikes or upward divergence confirms high training stability,
effective regularization (via dropout, weight decay, and layer

normalization), and smooth model convergence without
numerical instability.
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Figure 5: Spatial Grid of Feature Hazard Weight
Coefficients

Figure 5 visualizes the estimated hazard impact coefficients

(B) for key model variables, clearly separating protective
retention drivers from acute churn risk factors around a neutral
zero baseline. Features plotted on the negative (left) side in
green act as protective factors that reduce customer churn risk.
Seat Utilization (SeatUtil) demonstrates the strongest
protective effect with a coefficient of —1.42, followed by API
Call Velocity (APIDelta) at —0.98and Annual Contract Value
(ACV) at —0.75. This demonstrates that deeper product
adoption, technical system integration, and higher contract
value significantly lower account hazard rates over time.
Conversely, variables on the positive (right) side in red
represent risk factors that elevate churn probability. Support
Ticket volume (Tickets) reflects operational friction and
customer dissatisfaction, driving a positive hazard impact of
+1.15. Payment Delinquency (PayDeling) exhibits the
highest overall positive coefficient at +1.84, confirming that
financial delinquency serves as the single strongest immediate
red flag for imminent account churn.
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Figure 6: Residual Prediction Error Distribution

Figure 6 illustrates the density distribution of residual
prediction errors (measured in thousands of dollars, k) for the
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proposed model, overlaid with a fitted normal distribution
curve. The empirical error distribution exhibits a highly
symmetric, bell-shaped profile centered precisely at zero ($0k
mean residual error). This zero-centered symmetry confirms
that the hybrid framework produces unbiased estimations,
showing no systematic tendency toward overestimating or
underestimating Customer Lifetime Value across the account
portfolio. The tight concentration of residuals—with most
prediction errors falling within a narrow range between —$1k
and +$1k—highlights low variance and strong model
reliability. Furthermore, the close alignment between the
histogram and the Gaussian reference curve demonstrates
well-behaved, homoscedastic residual behavior, confirming
that the network has effectively captured the non-linear
dynamics and temporal patterns within the data without
leaving residual structural bias.
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Figure 7: Cohort Survival Curves Across Enterprise vs
SMB Tiers

Figure 7 illustrates the Kaplan-Meier-style survival curves
S(t) comparing customer retention trajectories between
Enterprise and SMB subscription tiers over a 36-month
timeline. The graph reveals a pronounced structural
divergence in account longevity between the two segments.
The Enterprise cohort (blue line) exhibits exceptional long-
term stability, decaying gradually to maintain a survival
probability of approximately 0.70 (70%) at Month 36. In
contrast, the SMB cohort (red line) experiences a steep,
continuous step-down decay, falling below the 0.50 survival
threshold near Month 22 and ending at roughly 0.34 (34%) by
Month 36. This widening performance gap highlights the
strong organizational integration and high switching costs
associated with enterprise accounts, whereas SMB contracts
suffer from sustained churn vulnerability throughout their
lifecycle.
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Figure 8: Cash Flow Discounting Profile

Figure 8 illustrates the discrete stepwise decay of the financial
discount factor across a five-year tenure horizon (Y; through
Ys) under a baseline annual discount rate of r = 10%. The
profile models the time value of money applied to future
subscription revenues in the Customer Lifetime Value (CLV)
framework, converting nominal future cash flows into present
value terms via the standard compounding formula DF, =
1/(1 4+ r)t~1. Cash flows in Year 1 (¥;) carry no time-value
penalty, contributing 100% of their face value (1.00) to
portfolio valuation.

As the account tenure extends, the step-down trajectory
demonstrates compound discounting in action. The discount
factor drops to approximately 0.91 in Year 2 (Y,), 0.83 in Year
3 (Y3), 0.75in Year 4 (Y,), and reaches roughly 0.68 by Year
5 (Y5). This systematic reduction highlights why long-term
account expansion, despite its operational value, yields
diminishing marginal contributions to net present value over
extended time horizons. Ultimately, this discounting structure
provides the financial mechanism underlying the sensitivity
analysis in Table 9, illustrating how higher discount regimes
(r > 10%) progressively compress the overall valuation of
far-future enterprise contract renewals.

LTV/CAC Ratio
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Figure 9: LTV/CAC Ratio Dynamics vs. Customer
Tenure

Figure 9 illustrates the trajectory of the Lifetime Value to
Customer Acquisition Cost (LTV/CAC) ratio as a function of
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account tenure over a 36-month horizon. Starting at 0.0 at
initial account acquisition, the ratio grows continuously as
cumulative subscription revenue accumulates against fixed
upfront acquisition costs. The cohort achieves CAC payback
(LTV /CAC = 1.0) between Months 7 and 8, reaching a ratio
of ~2.1 by Month 12. Crucially, the trajectory crosses the
industry benchmark threshold of 3.0x LTV/CAC—
represented by the horizontal dashed reference line—at
approximately Month 16, establishing the tenure required for
an account cohort to reach gold-standard SaaS unit economics.
Beyond Month 16, the curve demonstrates strong profitability
expansion, reaching 4.2 x CAC by Month 24 and plateauing
near 5.1 x by Month 36. The concave shape of the curve
reflects rapid early capital recovery driven by initial seat
expansion and high early retention, followed by a gradual
tapering in growth rate. This late-tenure flattening occurs
naturally as cash flow discounting, natural retention decay,
and expansion maturity stabilize long-term account yield,
confirming that customer relationships generate their highest
marginal economic value within the first two years.

Figure 9 illustrates the trajectory of the Lifetime Value to
Customer Acquisition Cost (LTV/CAC) ratio as a function of
account tenure over a 36-month horizon. Starting at 0.0 at
initial account acquisition, the ratio grows continuously as
cumulative subscription revenue accumulates against fixed
upfront acquisition costs. The cohort achieves CAC payback
(LTV /CAC = 1.0) between Months 7 and 8, reaching a ratio
of ~2.1 by Month 12. Crucially, the trajectory crosses the
industry benchmark threshold of 3.0x LTV/CAC—
represented by the horizontal dashed reference line—at
approximately Month 16, establishing the tenure required for
an account cohort to reach gold-standard SaaS unit economics.
Beyond Month 16, the curve demonstrates strong profitability
expansion, reaching 4.2 x CAC by Month 24 and plateauing
near 5.1 x by Month 36. The concave shape of the curve
reflects rapid early capital recovery driven by initial seat
expansion and high early retention, followed by a gradual
tapering in growth rate. This late-tenure flattening occurs
naturally as cash flow discounting, natural retention decay,
and expansion maturity stabilize long-term account yield,
confirming that customer relationships generate their highest
marginal economic value within the first two years.
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Figure 10: Model Error Confidence Bounds (95%
Interval)

Figure 10 illustrates the predicted Customer Lifetime Value
(CLV) trajectory in thousands of dollars ($k) along with its
associated 95% error confidence bounds over a 24-month
tenure horizon. The solid blue line represents the expected
mean CLV projection, which exhibits a steady, linear growth
pattern from $0k at onboarding to approximately $48k by
Month 24. The shaded blue region delineates the 95%
confidence interval, illustrating how predictive uncertainty
evolves over the account lifecycle. At Month 0, the confidence
interval is virtually zero because initial contract terms and
baseline telemetry provide near-certain starting values. As
tenure extends, the interval gradually widens in a characteristic
"fan-out” pattern, reflecting the compounding variance
inherent in long-term forecasting—such as unexpected
account expansions, seat contractions, or late-stage churn
events. Despite this expected dispersion over time, the error
bounds remain well-constrained (spanning roughly $42k to
$55k at Month 24), confirming that the model maintains tight
variance control and provides reliable, bounded estimates for
long-term financial planning and risk management.

Avg LTV ($K)

Ent A EntB Mid-Market SMB

Figure 11: Bar Chart: Average LTV by Enterprise Sub-
Tier

Figure 11 compares average Customer Lifetime Value (LTV)
in thousands of dollars (k) across customer segments,
providing a granular breakdown of the enterprise category into
Enterprise A (Ent A) and Enterprise B (Ent B) sub-tiers. The
distribution demonstrates a steep, monotonic decline in
average lifetime value as account scale decreases across the
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customer base. Strategic Enterprise accounts (Ent A) achieve
the highest financial yield, averaging approximately $185k in
lifetime value per account, followed by Standard Enterprise
clients (Ent B) at roughly $142k. Mid-Market accounts
produce a moderate average LTV of $82k, while SMB
accounts generate the lowest yield at approximately $34k per
customer. This sub-tier breakdown underscores the heavy top-
end concentration of lifetime revenue within enterprise
cohorts. It confirms that tiering enterprise clients into distinct
sub-segments provides actionable granularity for commercial
strategy, proving that capital allocation, dedicated success
resources, and high-touch expansion programs focused on Ent
A and Ent B accounts deliver disproportionately higher
economic returns.
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Figure 12: Line Graph: Customer Retention Trajectory

Figure 12 depicts the overall customer retention trajectory
across the combined account portfolio over a 24-month
observation period. Starting at 100% upon initial account
onboarding (Month 0), the retention curve experiences its most
rapid decline during the first year, dropping to 85% at Month
6 and 72% at Month 12. This early slope reflects the
heightened churn hazard associated with initial platform setup,
user adoption challenges, and early evaluation cycles. As the
cohort matures beyond the first year, the decay rate gradually
decelerates, with retention reaching 63% at Month 18 and
stabilizing near 57% by Month 24. The flattening convex
trajectory illustrates standard account survival dynamics: early
churn eliminates disengaged or low-fit accounts, leaving a
progressively sticker, higher-utilization customer core. This
long-tenure account stabilization is vital for portfolio
economics, as surviving accounts account for many long-term
contract expansions and recurring lifetime value.

SMB

60%

10%

Enterprise Mid-Market

Figure 13: Pie Chart: Account Segment Proportion

Figure 13 illustrates the proportional distribution of account
volume across customer segments, highlighting a classic SaaS
volume-versus-value pyramid structure. Small and Medium-
Sized Businesses (SMBs) represent the vast majority of total
accounts at 60%, followed by Mid-Market accounts at 30%,
with Enterprise clients comprising the remaining 10%. This
inverse distribution underscores the operational trade-off
between customer volume and revenue density: while the
SMB segment provides a broad baseline for customer
acquisition and product testing, the Enterprise tier—despite
making up only a tenth of total account volume—drives a
disproportionately large share of aggregate recurring revenue,
long-term retention stability, and total portfolio valuation.

B Enterprise
Mid/SMB

Figure 14: Donut Chart: MRR Contribution Share

Figure 14 illustrates the Monthly Recurring Revenue (MRR)
contribution share between Enterprise accounts and the
combined Mid-Market/SMB segment. The donut chart
demonstrates a stark revenue concentration, with the
Enterprise tier (red segment) generating roughly two-thirds
(62.5%—-64.5%) of total portfolio MRR, while the combined
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Mid-Market and SMB tier (orange segment) accounts for the
remaining third (35.5%-37.5%). When evaluated alongside
the account volume distribution in Figure 13—where
Enterprise accounts represent a mere 10% of total customers—
this visualization highlights a classic Pareto principle in SaaS
financial dynamics. The strong contrast between account
count and revenue yield proves that overall portfolio valuation
and recurring cash flow stability are heavily anchored in high-
density enterprise contracts, reinforcing the strategic
importance of focusing retention, success resources, and
expansion efforts on enterprise clients.
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Figure 15: Scatter Plot: Recency vs. Frequency Matrix

Figure 15 displays the account distribution across a Recency
vs. Frequency behavioral matrix, evaluating customer
engagement patterns by mapping days since last platform
activity (Recency) against total interaction counts
(Frequency). The broad dispersion of data points across the
coordinate space underscores that recency and frequency
capture distinct, complementary dimensions of customer
usage rather than collinear signals. Accounts concentrated in
the top-left quadrant (low recency, high frequency) represent
core, highly active users with strong platform adoption and
minimal churn risk. In contrast, accounts falling into the
bottom-right quadrant (high recency, low frequency) reflect
severe disengagement, combining low overall utility with
extended inactivity to signal high churn hazard. Additionally,
accounts in the top-right quadrant—which pair high historical
frequency with recent inactivity—highlight previously hyper-
active accounts that have suddenly stalled, providing critical
behavioral red flags for early-warning survival networks.

Scalability

Speed

Figure 16: Radar Chart: Multi-Metric Model Evaluation

Figure 16 presents a radar chart evaluating the proposed hybrid
deep learning framework across five fundamental operational
dimensions: Accuracy, Robustness, Scalability, Speed, and
Interpretability. The resulting polygon illustrates a well-
rounded architecture that strategically prioritizes predictive
fidelity while maintaining enterprise-grade operational
efficiency. The model achieves its highest performance in
Accuracy (~9.5/10) and Robustness (~9.0/10), reflecting its
28.4% reduction in prediction error over legacy baselines and
its ability to handle noisy, censored SaaS telemetry without
overfitting. Scalability (~7.5/10) and Speed (~7.0/10)
demonstrate strong production readiness, backed by sub-
millisecond inference latency (0.35 ms) and efficient GPU-
accelerated pipeline processing. The relative contraction along
the Interpretability axis (~4.0/10) captures the classic deep
learning trade-off, where complex Bi-LSTM layers and
attention mechanisms introduce inherent network complexity
compared to simple linear models. However, this trade-off is
intentionally mitigated by integrating hazard branching and
attention weights, which extract explicit, interpretable feature
coefficients for executive decision-making  without
compromising top-tier predictive accuracy.
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Figure 17: Bubble Chart: Tier Volatility vs Revenue

Figure 17 presents a bubble chart mapping the relationship
between Churn Volatility and average Revenue ($k) across
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subscription tiers, with bubble area representing total account
volume footprint. The plot reveals a strong inverse relationship
between financial revenue density and customer attrition risk,
illustrating how cash flow predictability scales across tiers.
Enterprise accounts (Ent, red bubble) occupy the optimal high-
revenue, low-volatility quadrant, producing an average
revenue of ~$185k per account alongside minimal churn
volatility (~2.0). Although Enterprise clients represent a small
proportion of overall account volume—reflected by the
compact bubble area—their low attrition variance anchors the
financial stability of the entire portfolio. Mid-Market accounts
(Mid, blue bubble) occupy a neutral midpoint, averaging
~$82k in revenue with moderate volatility (~5.0) and a
medium volume footprint. Conversely, SMB accounts (green
bubble) exhibit the highest churn volatility (~8.0) and the
lowest average revenue (~$35k), despite commanding the
largest account volume. This multi-dimensional mapping
proves that revenue concentration in Enterprise tiers is
reinforced by low-risk variance, whereas managing SMB
cohorts demands automated, scalable intervention workflows
to offset elevated churn volatility.
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Figure 18: Waterfall Chart: Annual Recurring Revenue
Bridge

Figure 18 illustrates an Annual Recurring Revenue (ARR)
waterfall bridge, detailing the period-over-period financial
reconciliation from starting baseline ARR to ending ARR
across key revenue movement drivers. Starting at a baseline
portfolio ARR of approximately $115.8M (Base), the account
base experiences strong gross expansion driven by core seat
expansion (Exp, +$17.0M) and add-on module cross-selling
(Cross, +$9.4M). These combined gross additions of +$26.4M
significantly outpace total revenue drag from account churn
and downgrades (Churn, -$10.0M), resulting in a final ending
ARR of approximately $132.2M (End). This net ARR gain of
+$16.4M represents a strong overall expansion rate of over
14%, confirming net negative churn and healthy Net Revenue
Retention (NRR) dynamics across the account portfolio. By
separating organic expansion drivers from churn losses, the

bridge validates that expansion strategies within existing
enterprise accounts effectively insulate total recurring cash
flow, compounding long-term baseline revenue despite natural
cohort attrition.
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Figure 19: Pareto Chart: Revenue Concentration
Analysis

Figure 19 presents a Pareto chart analyzing revenue
concentration across account categories A through E, mapping
individual segment revenue against cumulative revenue
percentage. The distribution demonstrates high revenue
concentration, adhering closely to the classic 80/20Pareto
principle. Category A serves as the single largest driver,
producing 500 revenue units and contributing 57.1% of the
total $875 yield. When combined with Category B (200 units),
the top two segments account for exactly 80.0% of total
portfolio revenue. In contrast, Categories C, D, and E display
a long tail of diminishing returns, contributing 100, 50, and 25
units respectively to comprise the remaining 20.0%. This
concentration analysis underscores that overall financial
stability is heavily anchored in top-tier accounts, confirming
that high-touch customer success resources and retention
programs must prioritize Categories A and B to safeguard
four-fifths of recurring cash flow.
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Figure 20: Tree map: Nested Revenue Allocation
Hierarchy

Figure 20 illustrates the nested revenue allocation hierarchy
across subscription tiers via a tree map visualization,
highlighting the proportional area footprint of recurring
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revenue generated by each customer segment. The Enterprise
tier commands the overwhelming majority of total portfolio
revenue allocation at 62%, occupying the primary left block.
Mid-Market represents the second-largest share at 30%, while
the SMB tier accounts for a minor 8% footprint in the bottom-
right segment. When evaluated alongside account volume
metrics—where SMBs comprise 60% of total customer
count—this spatial hierarchy visually reinforces the profound
revenue concentration inherent in B2B SaaS models. The
nested allocation breakdown confirms that portfolio cash flow
and long-term Customer Lifetime Value are heavily anchored
in enterprise relationships, providing empirical support for
aligning customer success resources, account management,
and retention programs directly with tier-level capital
contributions.

Expanded

Churned
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Figure 21: Sankey Diagram: Customer Journey State
Transitions

Figure 21 maps the sequential customer journey state
transitions within the subscription lifecycle framework,
tracking account progression from top-of-funnel acquisition to
long-term revenue outcomes. The flow begins with
prospective Leads converting into Trial evaluation accounts
before achieving paid Active status. Once active, account
trajectories bifurcate into two core pathways: Expanded
accounts—representing successful seat growth, add-on
adoption, and net revenue expansion—and Churned accounts,
representing contract cancellation and attrition. This state-
transition architecture provides the Markovian underlying
structure for the survival model, illustrating how behavioral
signals during active tenure dictate whether an account
transitions toward compound lifetime value or premature exit.
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Figure 22: Funnel Chart: SaaS Onboarding Conversion

Figure 22 details conversion decay across key milestones of
the SaaS onboarding funnel, tracking cohort progression from
initial prospect signups through to first-year account retention
(Retained Y1). Starting from a baseline index of 100% at
Signup, the cohort experiences an initial 35% drop during
platform setup, leaving 65% of accounts reaching Activated
status through core feature utilization. The steepest conversion
drop-off occurs during paid subscription conversion, where
only 22% of initial signups transition into a Paid Sub (a
~33.8% conversion yield from activated accounts). However,
once accounts cross the paid paywall, retention stability
improves significantly: 15% of the original signup cohort
survives to Retained Y1, confirming that over two-thirds
(68.2%) of converted paying clients successfully complete
their first full year. This onboarding filtration pattern directly
explains the elevated churn hazard observed during early
account tenure and confirms why early activation telemetry
serves as a vital predictive input for long-term CLV
estimation.
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Figure 23: Heatmap Matrix: Feature Correlation Grid

Figure 23 displays the pairwise Pearson correlation matrix
($\mathbf{R}$) across key behavioral telemetry variables
(Seats, API, Tix) and account outcome (Churn), mapping
feature interdependencies and collinearity dynamics within the
dataset. The heatmap reveals two distinct operational clusters
that mirror the importance weights. Within the Engagement
Cluster (Seats, API), seat utilization and API call velocity
exhibit a strong positive inter-correlation ($r \approx +0.753%),
indicating that platform expansion typically occurs
simultaneously across user-facing seat additions and
programmatic backend integration. Furthermore, both
engagement variables demonstrate moderate-to-strong
negative correlations with churn ($r \approx -0.50$ to $-
0.55%), reinforcing their role as protective operational
drivers.Conversely, within the Friction Cluster (Tix, Churn),
support ticket volume displays a prominent positive
correlation with churn ($r \approx +0.65%), confirming that
elevated customer service friction strongly co-occurs with
account cancellation risk. Support tickets also exhibit a
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negative relationship with engagement metrics ($r \approx -
0.20% to $-0.35%), illustrating how unresolved technical issues
actively degrade overall product usage.
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Figure 24: Box Plot: Contract Value Variance

Figure 24 provides a box plot distribution comparing contract
value variance in thousands of dollars (k) between Enterprise
(Ent) and SMB tiers. The plot highlights substantial structural
differences in central tendency, dispersion, and upper-bound
value potential between the two account segments. Enterprise
accounts display a significantly higher median contract value
of approximately $55k, with an Interquartile Range (IQR)
spanning from $42k (Q,) to $63k (Q5) and upper whiskers
reaching near $89k. This broader dispersion reflects
customized enterprise deal structures, tiered seat expansion
packages, and multi-product bundling. In contrast, SMB
accounts exhibit a lower median contract value of roughly
$29k, with a tighter IQR between $24k and $38k and a
downward outlier near $1k. The pronounced shift in contract
value distributions reinforces earlier findings regarding
revenue density, confirming that enterprise accounts not only
yield higher baseline annual revenue but also provide
significantly higher contract expansion ceilings compared to
standardized SMB plans.
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Figure 25: Violin Plot: User Session Duration Density

Figure 25 illustrates the probability density distribution of
session duration (in minutes) across two distinct user
engagement cohorts: Power Users and Casual users. The violin
plot reveals significant structural divergence in usage depth
and session engagement between the two segments.

Power Users display a substantially higher central tendency,
centered at a median session duration of approximately 125
minutes. The probability density mass for this cohort is
concentrated between 100 and 150 minutes, with upper session
durations extending beyond 200 minutes (whiskers spanning
from ~30 to 215 minutes). Conversely, Casual users exhibit a
much lower median session duration of roughly 60 minutes,
with density heavily clustered between 40 and 75 minutes and
lower bounds dropping to near O minutes.

This non-overlapping density distribution confirms session
duration as a high-fidelity behavioral marker for platform
integration. Prolonged, consistent session lengths among
Power Users signal deep workflow embedding and operational
dependency, serving as a key driver of account expansion and
long-term retention. Conversely, the skewed, shorter session
profile of Casual users indicates superficial interaction,
providing early behavioral telemetry for the Bi-LSTM survival
pipeline to identify accounts requiring targeted engagement
interventions before churn risk escalates.
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Figure 26: Histogram: Billing Cycle Distribution

Figure 26 displays the distribution of billing cycle lengths
across the account portfolio, revealing a pronounced bimodal
structure that highlights two distinct contract settlement
mechanisms within the customer base.

The primary cluster forms a tight peak around 10 to 11 days
(reaching over 140 accounts), representing short-interval,
usage-based invoicing or flex-billing arrangements common
among high-velocity SMB and developer-tier accounts. The
secondary cluster forms a broader distribution centered
squarely around 30 days (peaking at roughly 70 accounts),
capturing standard monthly subscription terms predominantly
utilized by Mid-Market and Enterprise clients. The complete
absence of billing cycles between 16 and 20 days confirms that
accounts operate within two distinct operational cadence
regimes rather than along a continuous timeline. Incorporating
these dual temporal horizons enables the deep learning
survival framework to adjust hazard evaluation frequencies
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dynamically, preventing payment delinquency
misclassifications across differing billing schedules.
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Figure 27: Gantt Chart: Project Lifetime Intervention
Milestones

Figure 27 maps the strategic timeline for lifecycle customer
success interventions across an account's initial 10-month
tenure window using a Gantt chart framework. The sequence
begins with a dedicated Onboarding phase spanning Months 0
through 2, designed to drive early platform activation,
establish core feature usage, and mitigate the steep churn
hazard typical of early tenure. A targeted Check-in phase
follows between Months 3 and 4, serving as a key health
evaluation checkpoint to address emerging support friction
and verify steady utilization metrics before accounts enter
mid-tenure. Finally, an extended Expansion window spans
Months 6 to 10, strategically timed as accounts approach the
LTVICAC parity benchmark (Months 7-8). This prolonged
expansion phase optimizes commercial outcomes—such as
seat additions, cross-selling, and contract upsells—prior to
annual contract renewals. Overall, this phased milestone
blueprint demonstrates how predictive telemetry signals are
operationalized into structured customer success workflows,
systematically guiding accounts from initial setup to long-term
value creation.

Figure 28: Polar Area Chart: Churn Seasonality Profile

Figure 28 illustrates the quarterly seasonality profile of
customer churn using a polar area chart across quarters Q1
through Q4. The radial layout reveals strong, cyclical attrition
variation driven by enterprise procurement timelines and fiscal
budgeting cycles. Q4 exhibits the maximum seasonal churn
hazard, peaking at a radial value of 30, which aligns with year-
end contract expirations, corporate budget re-evaluations, and
fiscal calendar resets across enterprise clients. Q2
demonstrates a secondary churn spike at a value of 25,
corresponding with mid-year review cycles and semi-annual
contract renewals. Conversely, Q1 represents the most stable
period with the lowest attrition level at 10—benefiting from
fresh annual budget allocations and newly executed enterprise
contracts—while Q3 maintains moderate baseline stability at
15. Incorporating these quarterly cyclical patterns into the
deep learning survival model enables dynamic baseline hazard
adjustments, ensuring the system accurately differentiates
normal seasonal renewal surges from sudden operational
account degradation.
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Figure 29: Chord Diagram: Feature Interaction
Interconnections

Figure 29 illustrates the second-order feature interaction
interconnections across three primary operational drivers—
Expansion, Usage, and Tickets—highlighting how the self-
attention mechanism within the deep learning architecture
captures joint predictive dependencies. The relational
topology reveals distinct coupling strengths between feature
domains, represented by varying edge thicknesses. The
strongest interaction link occurs between Usage and
Expansion (thickest edge), establishing that platform
utilization—comprising session duration, seat utilization, and
API call volume—acts as a fundamental prerequisite and force
multiplier for account upsells and contract expansion. A
moderate interaction connects Tickets and Expansion,
demonstrating that customer support resolution health serves
as a key gatekeeper: operational friction directly conditions
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whether high usage successfully converts into account
expansion or stagnates due to unaddressed technical issues.
Finally, the lighter link between Usage and Tickets captures
baseline operational inquiries arising from active platform
usage. Quantifying these multi-dimensional feature
interactions enables the attention mechanism to dynamically
weight compound behavioral signals, ensuring the Bi-LSTM
model detects nuanced churn and expansion indicators that
single-variable thresholds miss.
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Figure 30: Network Topology: Distributed System
Pipeline

Figure 30 details the distributed system architecture
underpinning the predictive survival framework, mapping the
end-to-end data processing pipeline from raw behavioral
logging to executive decision-making. The directed topology
illustrates a streamlined, five-stage data pipeline designed for
high-throughput stream ingestion and sub-millisecond
inference latency. The pipeline initiates at the Telemetry layer,
where raw customer interaction events—including session
durations, seat utilization, API calls, and support ticket
submissions—are continuously captured across the platform.
These high-volume event streams are routed into Apache
Kafka, serving as a decoupled, fault-tolerant message broker
that handles real-time data queuing and guarantees low-
latency pipeline ingestion. Streaming data from Kafka is fed
directly into the Neural Net inference engine, where the Bi-
LSTM model with self-attention processes temporal
behavioral sequences to generate dynamic churn hazard
scores, retention probabilities, and Customer Lifetime Value
(CLV) projections. Following real-time scoring, prediction
outputs and transformed feature vectors are pushed to the
centralized Data Warehouse for persistent storage, historical
auditing, and longitudinal cohort analysis. Finally, these
structured analytical assets are visualized on the executive
Dashboard, equipping customer success and revenue
operations teams with real-time risk alerts and health scores to
drive automated lifecycle interventions.

5. Discussion

The empirical findings validate our primary thesis: non-linear
deep survival models significantly outperform classical
parametric frameworks (BG/NBD) and linear hazard models
in SaaS CLV estimation. The integration of temporal usage
telemetry enables early detection of structural customer
detachment prior to formal contract expiration dates. From an
operational perspective, incorporating expansion vectors
directly into the survival optimization function addresses a key
limitation of legacy models, which treat customer value as
static or decaying.

6. Conclusion & Future Research Directions

This study demonstrates that hybrid deep survival
architectures provide a highly accurate, robust methodology
for estimating Customer Lifetime Value in subscription-based
Saas business models. By combining non-linear usage feature
extraction with multi-state hazard estimation, our proposed
model achieves superior performance across all evaluation
metrics, reducing RMSE by 28.4% compared to linear Cox
proportional hazard baselines. Future research will focus on
integrating graph neural networks (GNNs) to capture
organizational account networks.
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