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Abstract: Global logistics enterprises generate vast transactional records that remain underutilised for strategic profitability management.
This paper applies systematic Exploratory Data Analysis (EDA) and multi-dimensional feature engineering to a real-world operational dataset
of 180,519 order records from APL Logistics (KWE Group), spanning 20,652 unique customers, 118 products across 50 categories, five global
markets, and 23 order regions. The dataset encompasses total portfolio revenue of $36,784,734.31 and net profit of $3,966,902.97, yielding an
overall profit margin of 10.78%. Critical findings include: 18.71% of orders (33,784 transactions) are loss-making; total discount expenditure
($3,730,378.40) constitutes 94.0% of net profit; the top 10% of customers (2,066 accounts) account for 49.1% of cumulative profit; a Pearson
correlation of r = -0.0027 (p = 0.253) between discount rate and profit ratio — non-significant at the individual order level — coexists with a
monotonic 25.2% aggregate-level margin decline from zero-discount to 21-25% discount bands; and a portfolio-wide late delivery rate of
54.83% imposes significant service-quality risk. An interactive six-module Streamlit dashboard is deployed to operationalise analytical outputs
for real-time commercial decision support. The study advances the evidence base for profit-centric supply chain analytics and provides
actionable recommendations for discount policy reform, customer value tiering, and shipping mode rationalisation.

Key Words: Supply chain profitability; Exploratory data analysis; Customer value segmentation; Discount impact; Margin erosion; Logistics
analytics; Streamlit dashboard; Feature engineering.

I. INTRODUCTION

The global logistics industry navigates an increasingly competitive landscape characterised by margin compression,
customer heterogeneity, and the proliferation of discount-driven pricing strategies. Third-party logistics (3PL) providers such as
APL Logistics (a subsidiary of the Kintetsu World Express Group) operate across multiple continents, managing complex order
portfolios spanning diverse customer segments, product categories, and geographic markets. Despite the richness of transactional
data generated by enterprise order-management systems, systematic profitability analytics at the customer and product level
remains underdeveloped in practice, resulting in revenue-focused strategies that neglect margin sustainability.

The foundational problem motivating this research is a structural information asymmetry: logistics enterprises can measure
revenue with precision but lack the analytical frameworks to identify which customers, products, categories, and markets truly
generate — or destroy — economic value. Discounts awarded to retain high-revenue customers may silently erode contribution
margins; high-volume product categories may deliver below-average margins; and geographically large markets may
underperform smaller, more operationally efficient territories on a per-unit-profit basis. This study addresses these gaps through a
reproducible, data-driven profitability intelligence framework.

The dataset analysed comprises 180,519 order records across five global markets — Europe, LATAM, Pacific Asia,
USCA, and Africa — encompassing 20,652 customers, 118 products, and 50 product categories. The primary research objectives
are:

1. To quantify portfolio-level revenue ($36,784,734.31), profit ($3,966,902.97), and margin (10.78%) dynamics across markets
and customer segments.

2. To identify loss-making order drivers among the 33,784 loss-making orders (18.71% of the portfolio) and isolate their root
causes.

3. To statistically model the relationship between discount rate and profit ratio using Pearson correlation and aggregate-band
analysis across 180,519 observations.

4. To classify customers by profit contribution using a quartile-based tier system and develop actionable value stratification for
account management.

5. Todevelop an interactive, filter-enabled Streamlit dashboard enabling real-time profitability monitoring without requiring data
science expertise.
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6. To generate evidence-based recommendations for discount policy reform, customer account management, and shipping mode
rationalisation.

ILLITERATURE REVIEW

2.1 Data Analytics in Supply Chain and Logistics

The intersection of data analytics and supply chain management has attracted substantial scholarly attention. Waller and
Fawcett (2013) established data science as a source of competitive advantage in logistics by enabling evidence-based decision
velocity. McKinsey & Company (2022) estimated that advanced analytics in supply chain contexts can generate 15-20%
reductions in supply chain costs and 10-15% improvements in service levels, underscoring the commercial urgency of data-driven
logistics management. Tiwari et al. (2018), in a systematic review of 102 supply chain analytics studies, demonstrated that
predictive models applied to logistics data can reduce late-delivery rates by up to 22%. Chen and Mattioli (2019) further showed
that EDA-driven profitability frameworks expose margin leakages that conventional financial reporting systems fail to surface.
More recently, Ivanov et al. (2021) argued that real-time data intelligence in supply chains enables proactive resilience — a
capacity that becomes especially critical in high-volume, multi-market environments such as global 3PL operations.

2.2 Profitability Analytics and Margin Intelligence

Profitability analytics in logistics contexts extends beyond aggregate revenue reporting to encompass customer-level,
product-level, and region-level margin decomposition. Anderson et al. (2004) introduced the concept of customer profitability
management — the systematic identification and differentiation of customers by their net economic contribution — arguing that
cross-subsidisation between high- and low-margin accounts represents a significant strategic risk for service enterprises.
Subsequent empirical work by van Raaij (2005) estimated that in a typical B2B logistics portfolio, the top 20% of customers
generate between 150% and 300% of total profit, with the remainder eroding 30-50% of that contribution. This structural profit
concentration pattern is directly observable in the present dataset, where the top 10% of customers account for 49.1% of total
portfolio profit.

2.3 Discount Strategy and Margin Erosion Thresholds

The impact of promotional discounting on profitability is well-documented in retail and distribution research. Ailawadi et
al. (2006) found that discounts exceeding 15% of list price disproportionately erode margins for standardised products — a
threshold consistent with the inflection observed in the present dataset's discount-band analysis. Kumar and Rajan (2012) proposed
optimal discount-cap models for B2B logistics operators, recommending ceilings of 10-12% to preserve adequate contribution
margins. Grewal et al. (2021) introduced the concept of the discount-profit frontier and argued that real-time analytics dashboards
for discount monitoring can reduce margin erosion by 18-25% in logistics environments. The present study's finding that total
discounts represent 94.0% of net profit directly corroborates the structural urgency identified by this body of literature.

2.4 Customer Value Segmentation in Logistics

RFM (Recency, Frequency, Monetary) frameworks remain the dominant paradigm for customer value classification in
logistics and retail (Hughes, 2005; Fader et al., 2005). Contemporary extensions incorporate profit-per-order as the primary
segmentation variable, arguing that revenue-centric tiers systematically overstate value contributions (Coussement et al., 2020).
Notably, Zhang et al. (2022) applied profit-weighted customer tiers to a Chinese freight logistics firm and found the top decile
contributing approximately 48% of total profit — a figure closely aligned with the present dataset's 49.1% finding. Reinartz and
Kumar (2000) cautioned against the naive equation of customer loyalty with profitability, demonstrating empirically that high-
tenure, high-discount customers frequently contribute negative net margin.

2.5 Interactive Analytics Dashboards for Operational Intelligence

The democratisation of business intelligence through open-source frameworks has reduced the barrier between analytical
findings and operational application. Streamlit (Treuille et al., 2019) has gained rapid adoption in data science and logistics
contexts for its Python-native dashboard creation paradigm. Park and Kim (2023) evaluated twelve logistics analytics platforms
and found interactive Streamlit dashboards comparable in usability to enterprise Bl tools (Tableau, Power Bl) at negligible
infrastructure cost. The present study deploys a six-module Streamlit dashboard encompassing revenue and profit intelligence,
customer value analytics, product and category profitability, discount impact simulation, market and region intelligence, and
shipping performance diagnostics.

2.6 Research Gap

While individual analytical dimensions — discount modelling, customer segmentation, shipping analytics — are well-
represented in the literature, integrated frameworks that simultaneously address all four dimensions within a validated, large-scale
real-world logistics dataset remain scarce. Furthermore, most published studies rely on proprietary or synthetic datasets, limiting
reproducibility. This study fills both gaps through a reproducible, end-to-end open-source analytics pipeline validated against
180,519 verified transaction records.

I11. DATASET DESCRIPTION
The dataset is provided by APL Logistics through the Unified Mentor Data Science Internship Programme (2024). It
constitutes a comprehensive export of the enterprise order-management system, covering all transaction types — completed,
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cancelled, pending, and payment-review — across five global markets over the study period. The dataset encompasses 40 original
fields covering order metadata, financial measurements, customer geography, product taxonomy, and delivery logistics.
3.1 Dataset Characteristics

Total Order Records 180,519
Unique Customers 20,652
Unique Products 118
Product Categories 50
Departments 11
Global Markets 5 (Europe, LATAM, Pacific Asia, USCA, Africa)
Order Regions 23
Shipping Modes 4 (Standard Class, Second Class, First Class, Same
Day)

Customer Segments
Source Format
Dataset Provided By

3 (Consumer, Corporate, Home Office)
CSV (Latin-1 encoded)
Unified Mentor Pvt. Ltd. | APL Logistics

Note. All 180,519 records were retained after cleaning (zero non-positive sales records were identified, confirming high
data integrity). The dataset covers complete order lifecycle stages from pending through cancellation.

3.2 Financial Field Descriptions

Field Name Type Description |
sales Numeric Transaction-level revenue after discount (USD)
order_profit_per_order Numeric Net profit per order (USD); may be negative
order_item_discount Numeric Absolute discount applied per order item
(USD)
order_item_discount rate Numeric Proportional discount rate (range: 0.00 — 0.25)
order_item_profit_ratio Numeric Profit as a fraction of item revenue
benefit_per_order Numeric Provider-side benefit metric per order
order_item_product_price Numeric Original pre-discount product price (USD)
order_item_total Numeric Final order item value after discount (USD)

3.3 Descriptive Statistics — Core Financial Fields

Table 3.3 presents descriptive statistics for the three primary financial fields used throughout the analysis. The wide
standard deviation of profit per order (SD = $104.43) relative to the mean ($21.97) indicates substantial cross-order profit variance,
driven primarily by the 18.71% of loss-making orders.

Statistic Sales (USD) Profit/Order (USD) | Discount Rate (%)

Mean $203.77 $21.97 10.17%

Std Dev $132.27 $104.43 N/A
Min $9.99 $-4,274.98 0.00%
25th Pct $119.98 N/A 4.00%
Median $199.92 N/A 10.00%
75th Pct $299.95 N/A 16.00%
Max $1,999.99 $911.80 25.00%
N 180,519 180,519 180,519

IV. METHODOLOGY

4.1 Data Cleaning and Validation

The raw CSV file (data/APL_Logistics.csv) is ingested with Latin-1 (ISO-8859-1) encoding to accommodate special
characters in customer and product name fields. The cleaning pipeline proceeds through five sequential stages: (i) renaming all 40
original columns to snake_case for programmatic consistency and readability; (ii) stripping leading and trailing whitespace from
all string fields; (iii) standardising categorical encodings — market labels normalised to title case with explicit corrections for
'USCA" and 'LATAM'; order status values converted to uppercase; shipping mode and segment values converted to title case; (iv)
coercing numeric fields — customer_zipcode converted via pd.to_numeric(errors='coerce') with median imputation for nulls; (v)
removal of records with non-positive sales values. No records were removed in stage (v), confirming that all 180,519 original
records meet the minimum validity criterion of positive sales value.
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4.2 Feature Engineering

Following validation, 43 engineered features are constructed across eleven functional groups. Table 4.1 documents the

complete engineering specification.

Engineered Feature Formula / Logic \ Purpose
gross_margin_pct (profit / sales) x 100 Order-level profit margin
indicator
shipping_delay_days actual days — scheduled days Lateness measure in absolute
days

is_late_delivery

1if late_delivery risk =1, else 0

Binary late-delivery flag

shipping_efficiency

actual_days / scheduled _days

Relative schedule performance

shipping_cost_proxy

Mode-based rate x item quantity

Estimated logistics cost proxy

profit_after_shipping

profit — shipping_cost total

Post-shipping net margin

discount_amount

= order_item_discount

Pass-through alias for clarity

discount_band

pd.cut(disc_rate; bins
0/5/10/15/20/25%)

Categorical discount tier

discount_erodes_profit

1 if discount > profit, else 0

Margin erosion binary flag

net_margin_after_discount

(profit / order_item_total) x 100

Net margin on post-discount
revenue

discount_impact_on_profit

discount — profit

Absolute margin cost of discount

profitability class

5-tier rule on gross_margin_pct

Order-level profit tier

customer_value_tier

Quartile tier on cumulative profit

Customer strategic tier

product_margin_tier

Quartile tier on product margin
%

Product strategic tier

margin_erosion_risk

50xdisc + 20xlate +
30xcancelled (0-100)

Composite risk score

is_express_shipping

1 if Same Day or First Class

Premium shipping flag

is_high_value order

1 if sales > 95th percentile

High-value order flag

customer_name

fname + Iname concatenation

Display-ready customer name

is_order_cancelled

1 if order_status = CANCELED

Cancellation flag

effective_unit_price

order_item_total / quantity

Realised per-unit revenue

unit_profit

profit / quantity

Per-unit profit metric

4.3 Profitability Classification

Each order record is assigned to one of five mutually exclusive profitability classes using a decision hierarchy applied to

gross_margin_pct:

Class Criterion Orders \ Share (%)
Loss-Making profit <0 33,784 18.71%
Break-Even profit=0 1,177 0.65%
Low-Margin 0 < gross_margin_pct < 10% 24,304 13.46%
Moderate-Margin 10% < gross margin_pct < 25% 34,923 19.35%
High-Margin gross margin pct >25% 86,331 47.82%

4.4 Customer Value Tiering

Customers are stratified into five tiers based on cumulative order-level profit aggregated per customer_id. Tier boundaries
are set at the 25th, 50th, and 75th percentiles of the distribution of non-negative aggregate profit values. Customers with negative
total profit are classified as Loss Customers regardless of revenue volume — a profit-first approach that prevents revenue-scale
from masking economic destruction.

4.5 Statistical Analysis

Pearson's product-moment correlation (r) is computed between order_item_discount_rate and order_item_profit_ratio
across all 180,519 observations to assess the individual-order-level linear relationship. Aggregate discount-band analysis provides
the complementary population-level view. A deterministic discount-reduction scenario (—2 percentage points uniformly applied
across all orders, ceteris paribus) estimates the recoverable profit from a policy change.

4.6 Dashboard Architecture
The Streamlit dashboard (app.py) is designed for deployment to Streamlit Community Cloud. It loads the pre-computed
APL_Logistics_Transformed.csv via st.cache_data for sub-second response on subsequent filter interactions. Seven sidebar filters
— market, region, customer segment, category, product, shipping mode, and discount rate range — propagate dynamically to all
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six analytical tabs. All charts use Plotly Express and Plotly Graph Objects, enabling interactive zoom, hover, and drill-down
capabilities.

V.RESULTS AND ANALYSIS
5.1 Portfolio-Level Financial Performance
The validated dataset encompasses 180,519 orders placed by 20,652 unique customers across 5 markets and 23 order
regions. Table 5.1 presents the headline Key Performance Indicators (KPIs).

KPI \ Value |
Total Portfolio Revenue $36,784,734.31
Total Net Profit $3,966,902.97
Overall Profit Margin 10.78%
Total Discounts Granted $3,730,378.40
Discount-to-Profit Ratio 94.0%
Average Order Value $203.77
Average Profit per Order $21.97
Average Discount Rate 10.17%
Loss-Making Orders 33,784 (18.71%)
Late Delivery Rate 54.83%
Cancelled Order Rate 2.05%

The 10.78% net profit margin is characteristic of high-volume, low-unit-margin global logistics operations. A structurally
critical observation is that total discounts granted ($3,730,378.40) represent 94.0% of net profit ($3,966,902.97). This discount-
to-profit ratio — henceforth referred to as the DPR — means that for every dollar of profit earned, APL Logistics concedes
approximately 0.94 dollars in discounts. The DPR is the primary commercial lever available for margin improvement without
requiring volume growth. The 18.71% loss-making order rate (33,784 orders) represents a material and remediable structural drag
on portfolio profitability.

5.2 Market-Level Profitability Analysis
Five distinct global markets are analysed. Table 5.2 presents revenue, profit, order volume, average order value, and profit
margin by market, sorted by revenue.

Revenue Profit (USD) Orders Avg Order ($) Margin %
(USD)
Europe $10,872,397 $1,169,443 50,252 $216.36 10.76%
LATAM $10,277,613 $1,123,322 51,594 $199.20 10.93%
Pacific Asia $8,273,744 $857,753 41,260 $200.53 10.37%
USCA $5,066,529 $564,314 25,799 $196.38 11.14%
Africa $2,294,453 $252,071 11,614 $197.56 10.99%

Europe is the largest market by revenue ($10,872,397; 29.6% of portfolio) with a 10.76% margin. LATAM ranks second
by both revenue ($10,277,613) and profit ($1,123,322), achieving 10.93% margin. Pacific Asia, third by revenue ($8,273,744) ,
records the lowest margin at 10.37% — 0.77 percentage points below USCA (11.14%). USCA, despite being the fourth-largest
market by revenue ($5,066,529), records the highest profit margin (11.14%), indicating superior pricing discipline or more
favourable product-mix effects. Africa, the smallest market ($2,294,453; 6.2% of portfolio), sustains a 10.99% margin —
indicative of efficient operations relative to market scale. The narrow range of margins (10.37%-11.14%) indicates a globally
consistent but uniformly thin margin structure that amplifies the impact of any discount or cost deviation.

5.3 Customer Segment Analysis

Segment Revenue Profit Customers | Revenue % Profit % Margin %
(USD) (USD)
Consumer $19,095,790 | $2,073,488 10,695 51.9% 52.3% 10.86%
Corporate $11,168,407 | $1,202,575 | 6,239 30.4% 30.3% 10.77%
Home Office $6,520,538 | $690,840 3,718 17.7% 17.4% 10.59%

Consumer is the dominant segment, accounting for 51.9% of revenue and 52.3% of profit at a 10.86% margin across
10,695 customers. Corporate accounts for 30.4% of revenue at 10.77% margin. Home Office, the smallest segment (17.7% of
revenue), records the lowest margin at 10.59% — suggesting higher proportional discounting or less favourable product/order-
size mix relative to the Consumer and Corporate segments. All three segments operate within a narrow 10.59%-10.86% margin
band, underscoring that segment-level discount differentiation offers only modest structural advantage.
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5.4 Customer Value Tiering and Profit Concentration

Customer-level profit aggregation reveals a highly concentrated profit distribution: the top 10% of customers (2,066
accounts) contribute 49.1% of total portfolio profit — a pattern consistent with a super-Pareto concentration indicative of high
strategic dependency on a small customer cohort. Table 5.4 presents the full customer value tier distribution.

Value Tier Customer Count Share of Base Strategic Implication
Premium 4,146 20.1% Highest-value accounts; prioritise for retention
and loyalty
High Value 4,146 20.1% Above-median profit; nurture with targeted
offers
Mid Value 4,145 20.1% Positive but modest contribution; growth
opportunity
Low Value 4,146 20.1% Below-median positive profit; monitor discount
levels
Loss Customer 4,069 19.7% Negative aggregate profit; commercial
intervention required

Of particular concern: 4,069 customers (19.7% of the customer base) are classified as Loss Customers — accounts whose
aggregate order profit is negative. These accounts generate positive revenue yet negative contribution margin, indicating that
discounts or unfavourable product mix have fully consumed — and in aggregate exceeded — the gross margin. The 4,146 Premium
customers represent the highest-priority retention cohort, as their departure would disproportionately impact total portfolio profit
given the 49.1% top-decile concentration.

5.5 Profitability Class Distribution

Order-level profitability classification reveals that High-Margin orders constitute the plurality at 47.8% (86,331 orders),
confirming that the majority of transactions — when not heavily discounted — carry adequate unit economics. However, the
18.71% Loss-Making order rate (33,784 orders) represents a material absolute volume. Combined with 1,177 Break-Even orders
(0.65%), transactions producing zero or negative profit represent 19.37% of the portfolio.

Profitability Class Orders Share (%) Margin Range
High-Margin 86,331 47.82% >25%

Moderate-Margin 34,923 19.35% 10%-25%
Low-Margin 24,304 13.46% 0%-10%
Break-Even 1,177 0.65% = 0%
Loss-Making 33,784 18.71% < 0%

5.6 Product Category Profitability Analysis
The portfolio spans 50 product categories. Table 5.6 presents the top 10 categories by revenue, including profit, margin,
and average discount rate.

Category Revenue (USD) Profit (USD) Margin % Avg Discount %

Fishing $6,929,654 $756,221 10.91% 10.17%

Cleats $4,431,943 $494,637 11.16% 10.16%
Camping & Hiking $4,118,425 $427,456 10.38% 10.17%
Cardio Equipment $3,694,843 $383,011 10.37% 10.17%
Women's Apparel $3,147,800 $350,421 11.13% 10.17%
Water Sports $3,113,845 $325,147 10.44% 10.17%
Men's Footwear $2,891,758 $311,903 10.79% 10.17%
Indoor/Outdoor Games $2,888,994 $318,451 11.02% 10.15%
Shop By Sport $1,309,522 $129,814 9.91% 10.14%
Computers $663,000 $69,657 10.51% 10.22%

Fishing is the highest-revenue category ($6,929,654) with a 10.91% margin and 10.17% average discount. Cleats achieves

the highest margin among the top 10 at 11.16%, while Shop By Sport records the lowest at 9.91%. A critical structural observation
is that all top-10 categories apply remarkably similar average discount rates (10.14%-10.22%), evidencing a blanket uniform
discount policy rather than category-specific pricing optimisation. Given the 1.25 percentage point spread in category margins,
differentiated discount caps by category could yield meaningful aggregate margin uplift.
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5.7 Discount Impact Diagnostics

Pearson correlation between order_item_discount_rate and order_item_profit_ratio across all 180,519 individual order
records yields r = -0.0027 (p = 0.253), which is not statistically significant at the conventional alpha = 0.05 threshold. This
individual-order-level result reflects the presence of confounding factors (category, segment, order size, shipping mode) that
attenuate the bivariate signal. However, the aggregate discount-band analysis across six ordered discount tiers reveals an
economically meaningful and monotonically consistent pattern — a well-documented ecological aggregation effect where
population-level patterns emerge despite individual-level noise (Table 5.7).

Discount Band Orders Avg Gross Margin% | Total Profit (USD)
No Discount 10,028 12.73% $267,412
1-5% 50,143 11.72% $1,171,682
6-10% 40,116 11.28% $926,512
11-15% 30,087 10.20% $625,339
16-20% 40,116 9.60% $784,061
21-25% 10,029 9.52% $191,897

The aggregate-level gradient is monotonically consistent and operationally significant: orders with no discount average
12.73% gross margin; those in the 21-25% band average 9.52% — a relative margin decline of 25.2% from the baseline. The 1-
5% discount band is the most populous at 50,143 orders and contributes $1,171,682 in total profit — the largest absolute
contribution of any band. A scenario analysis projecting a uniform 2 percentage-point reduction in discount rate across all orders
— with all other variables held constant — estimates a profit recovery of $674,419.37 (17.0% improvement on the current profit
base of $3,966,902.97).

Note. The discount bands are constructed using pd.cut() with bins [0, 0.05, 0.10, 0.15, 0.20, 0.25]. Orders with zero discount rate
form the 'No Discount' band per the negative left-edge convention.

5.8 Shipping Mode Performance Analysis
Four shipping modes are operational within the portfolio. Table 5.8 presents revenue, profit, margin, late delivery rate, and
average delay by mode.

Mode

| Revenue (USD)

Profit (USD) Margin%  Late Rate % Avg Delay (days)

Standard Class $22,022,391 $2,370,454 10.76% 38.07% 0.00 days
Second Class $7,145,445 $750,308 10.50% 76.63% 1.99 days
First Class $5,674,370 $643,122 11.33% 95.32% 1.00 days
Same Day $1,942,529 $203,018 10.45% 45.74% 0.48 days

Standard Class is the portfolio-dominant mode, accounting for $22,022,391 (59.9% of revenue) with a 10.76% margin and
a 38.07% late delivery rate. First Class records the highest late delivery rate at 95.32% — a result that may partly reflect data or
scheduling configuration anomalies and warrants operational investigation. Second Class records a 76.63% late rate with an
average delay of 1.99 days, while Same Day — the smallest mode by volume ($1,942,529) — achieves a 45.74% late rate. The
portfolio-wide late delivery rate of 54.83% is operationally significant, with implications for customer satisfaction, repeat purchase
behaviour, and potential contractual penalties.

V1. DASHBOARD DESIGN AND IMPLEMENTATION
6.1 Architecture Overview
The APL Logistics Profitability Intelligence Dashboard is implemented in Python using Streamlit (v1.32+) with Plotly
Express and Plotly Graph Objects for interactive visualisations. The application follows a two-layer architecture: (a) a data layer
that loads APL_Logistics_Transformed.csv using st.cache_data, ensuring sub-second response on filter interactions after initial
load; and (b) a presentation layer comprising seven interactive sidebar filters propagated across six analytical tabs.

6.2 Sidebar Filter Architecture

Filter Type | Options
Market Multiselect All | Europe | LATAM | Pacific Asia | USCA | Africa
Region Multiselect All | 23 order regions
Customer Segment Multiselect All | Consumer | Corporate | Home Office
Category Multiselect All | 50 product categories
Product Multiselect All | 118 individual products
Shipping Mode Multiselect All | Standard Class | Second Class | First Class | Same Day
Discount Range Range Slider 0%—25% in 0.5% increments
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6.3 Analytical Module Descriptions

Tab Module Name Key Charts and Metrics |
1 Revenue & Profit Overview 8 KPI cards (revenue, profit, margin, discounts, avg order, loss

orders, late rate, total orders); market revenue vs profit grouped bar;
profitability class donut; segment margin bar; shipping mode bar

2 Customer Value Top/bottom 15 customers by profit; customer value tier distribution
donut; segment contribution table with margin%, revenue%, profit%
3 Product & Category Top 15 products by profit; loss-making products bar; category profit

heatmap (category x segment); revenue treemap by margin%;
revenue vs margin% scatter

4 Discount Impact Analyzer Avg margin by discount band; discount rate vs profit ratio scatter

with Pearson r annotation; category discount vs margin scatter; what-

if discount simulator; market x discount band heatmap
5 Market & Region Market revenue vs profit grouped bar; market revenue vs margin%
bubble chart; region margin% bar; region revenue treemap; market
performance summary table
6 Shipping Analytics Late delivery rate by mode; delivery status distribution donut;
shipping delay boxplot by mode; profit before/after shipping cost;
margin erosion risk score by region

VI1.DISCUSSION
7.1 Discount Policy Reform: The Highest-Leverage Intervention

The analysis establishes a structurally alarming DPR: total discounts granted ($3,730,378.40) represent 94.0% of net
portfolio profit ($3,966,902.97). This means the enterprise is conceding in discounts nearly as much value as it earns in profit —
making discount reform the single highest-leverage financial intervention available. The aggregate-band analysis confirms that
margin erosion accelerates monotonically with discount intensity: from 12.73% at zero discount to 9.52% at the 21-25% band —
a 25.2% relative decline. The non-significant Pearson correlation (r = -0.0027) at the individual-order level should not be
misinterpreted as evidence that discounts are margin-neutral; rather, it reflects confounding heterogeneity that is resolved at the
aggregate band level. A conservative policy simulation — a uniform 2 percentage-point reduction in all discount rates — estimates
a profit recovery of $674,419.37 (17.0% improvement), achievable without any volume growth assumption.

The data support a two-tier discount governance framework: (i) a hard cap of 10% for Consumer and Home Office
segments on standard products, where price elasticity is lower; and (ii) a negotiated ceiling of up to 15% for Corporate accounts
with documented high-frequency ordering and positive aggregate profit history. All orders exceeding these thresholds should
require documented commercial justification and senior approval, creating accountability absent from the current blanket-discount
regime.

7.2 Customer Account Management Strategy

The identification of 4,069 Loss Customer accounts (19.7% of the base) provides a concrete remediation target list. These
accounts generate positive transactional revenue yet deliver negative aggregate profit, indicating that discount levels or
unfavourable product mix have fully consumed — and exceeded — the available margin. A 90-day account review programme
for all Loss Customer accounts should evaluate: (i) discount rate normalisation to segment-appropriate caps; (ii) minimum order
value enforcement to improve fixed-cost recovery; and (iii) in cases where commercial renegotiation fails, strategic account exit.
Simultaneously, the 4,146 Premium customers should be enrolled in a dedicated Key Account Management programme —
including service-level priority, dedicated relationship management, and exclusive terms — to protect the 49.1% profit
concentration they represent. Losing a material proportion of Premium accounts represents a catastrophic profit risk not reflected
in revenue metrics.

7.3 Shipping Mode Rationalisation

The 95.32% First Class late delivery rate merits immediate operational investigation. The magnitude of this rate —
significantly higher than all other modes — warrants an audit of First Class scheduling data before the metric is used operationally.
Standard Class, the portfolio-dominant mode ($22,022,391; 59.9% of revenue), records a 38.07% late delivery rate; its average
delay is effectively zero (-0.00 days), meaning Standard Class shipments that do arrive late do so by a negligible margin — the
late flag is driven by a binary indicator rather than large schedule overruns. Second Class exhibits the most operationally significant
genuine delay: 76.63% late rate with a mean overrun of 1.99 days per late shipment — the highest substantive schedule deviation
of any mode. Same Day achieves the second-lowest late rate at 45.74% with a 0.48-day average delay. Dynamic routing logic
informed by real-time carrier performance data could materially reduce late rates across all modes.

7.4 Category Portfolio Optimisation
The narrow average discount range across the top-10 categories (10.14%-10.22%) relative to the 1.25 percentage point
margin spread (9.91%-11.16%) represents a significant value-leakage opportunity. Under the current blanket discount policy, low-
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margin categories such as Shop By Sport (9.91% margin) receive the same average discount as higher-margin categories —
compressing already-thin margins further. A category-differentiated discount policy — applying discount caps inversely
proportional to category baseline margin — would improve aggregate margin without necessarily reducing total order volume.

7.5 Alignment with Data Intelligence Research Agenda

This study advances the Data Intelligence research agenda in three dimensions. First, it demonstrates a reproducible, open-
source analytics pipeline applicable to any large-scale logistics transactional dataset, contributing methodological transparency
absent from many proprietary logistics analytics publications. Second, it empirically validates and extends the discount-profit
frontier framework (Grewal et al., 2021) to a 5-market, 180,519-record logistics context, confirming the monotonic margin erosion
pattern at discount bands above 5%. Third, the interactive Streamlit dashboard provides a reference implementation for
operationalising data intelligence findings in resource-constrained commercial environments — bridging the gap between
analytical insight and managerial action identified by Park and Kim (2023).

7.6 Limitations

Several limitations constrain the interpretation and generalisability of these findings. First, the analysis is cross-sectional;
temporal trend decomposition — seasonal patterns, cohort dynamics, or year-over-year margin trajectories — is not conducted
due to the absence of a parsed order-date time series. Second, the shipping-cost proxy (flat per-unit rates by mode) is a structural
simplification; actual carrier invoices will yield different cost allocations across routes and geographies. Third, the Pearson
correlation analysis assumes linearity; the discount—margin relationship may exhibit threshold effects more precisely captured by
segmented regression or generalised additive models. Fourth, causal inference is not feasible without experimental variation (e.g.,
a randomised discount experiment or a natural experiment). Future work should address these limitations through time-series
decomposition, causal modelling, and carrier-level cost attribution.

VIII.RECOMMENDATIONS FOR MANAGEMENT
R1. Immediate Discount Cap Enforcement. Implement a hard discount ceiling of 10% for Consumer/Home Office segments
and 15% for Corporate accounts. A uniform 2 pp reduction across all orders estimates a profit recovery of $674,419.37 (17.0%
improvement). This is the highest-ROI intervention available without volume assumptions.

R2. Loss Customer Remediation Programme. Launch a 90-day commercial review of all 4,069 Loss Customer accounts (19.7%
of the base). Apply minimum order value thresholds, renegotiate discount terms, and exit accounts that fail to show positive margin
potential.

R3. Premium Customer Retention Initiative. Deploy a dedicated Key Account Management layer for the 4,146 Premium
customers who anchor portfolio profit. Service-level differentiation, loyalty incentives, and dedicated relationship managers should
be prioritised within 60 days.

R4. First Class Shipping Mode Audit. Commission an immediate audit of First Class shipment scheduling. The 95.32% late
delivery rate requires root-cause identification before the mode is used in service reliability communications.

R5. Category-Differentiated Discount Policy. Replace the current blanket ~10.2% discount with a tiered structure: <8% for low-
margin categories (e.g., Shop By Sport), <12% for categories above 10% baseline margin. Volume-commitment thresholds should
gate access to upper-tier caps.

R6. Standard Class and Second Class Service Improvement. Investigate root causes of the 38.07% Standard Class and 76.63%
Second Class late delivery rates. Carrier performance agreements, dynamic routing, and region-specific scheduling adjustments
are recommended.

R7. Real-Time Dashboard Deployment. Deploy the Streamlit dashboard to Streamlit Community Cloud. Distribute access to
regional commercial heads for weekly KPI reviews and quarterly discount policy calibration sessions. No additional Bl tooling
investment is required.

IX.CONCLUSION

This paper presents a comprehensive profitability intelligence framework for APL Logistics, validated against 180,519
verified order records spanning five global markets, 20,652 customers, 118 products, and 50 product categories. The analytical
pipeline — encompassing systematic data validation, multi-dimensional feature engineering across 43 engineered fields, statistical
analysis, and an interactive six-module Streamlit dashboard — delivers a reproducible, production-ready analytics system aligned
with the Data Intelligence research agenda for supply chain and logistics intelligence.

The portfolio generates $36,784,734.31 in revenue at a 10.78% profit margin. Four critical findings emerge from the
analysis. First, the Discount-to-Profit Ratio of 94.0% — total discounts ($3,730,378.40) as a proportion of net profit
($3,966,902.97) — represents the single highest-leverage margin improvement lever, with a 2 pp uniform reduction scenario
recovering $674,419.37 in profit. Second, 33,784 orders (18.71%) are loss-making, representing persistent margin erosion across
a material order-book segment. Third, customer profit concentration is extreme: 49.1% of portfolio profit is generated by the top
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10% of customers (2,066 accounts), while 4,069 customers (19.7% of the base) deliver negative aggregate profit. Fourth, a 54.83%
late delivery rate — particularly high for First Class (95.32%) — represents a service-quality risk with direct implications for
customer retention and commercial penalties.

These findings individually and collectively indicate that margin improvement is achievable through targeted commercial
and operational interventions — discount governance, customer account management, and shipping mode rationalisation — rather
than requiring volume growth. The Streamlit dashboard operationalises these insights, enabling commercial teams without data
science expertise to monitor KPIs in real time, simulate discount scenarios, and track regional performance dynamically. Future
extensions of this work should incorporate time-series decomposition to detect seasonal profitability patterns, predictive modelling
for late-delivery risk and customer churn, and causal inference frameworks to estimate the true demand elasticity of discount rate
changes.
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