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ABSTRACT  

This study develops a supervised machine-learning system for predicting late-delivery risk in 

a global supply chain and deploys it as an interactive analytics dashboard. Using the DataCo 

Global logistics dataset – 180,519 daily order records spanning 2015–2019 with 53 

operational attributes – a gradient-boosted decision-tree classifier (XGBoost) is trained to 

predict the binary target Late delivery risk (0 = On-Time, 1 = Late). Categorical fields are 

label-encoded and numerical fields scaled prior to an 80/20 train-test split. On the held-out test 

set (n = 36,104) the model achieves Accuracy = 79.89%, Precision = 86.00%, Recall = 

75.64%, F1 Score = 80.48%, and ROC-AUC = 0.8358, comfortably outperforming a 

majority-class baseline (54.83% accuracy). The trained model, together with its encoder and 

scaler artefacts, is served through a five-page Streamlit dashboard providing KPI reporting, 

dataset exploration, visual analytics, model-performance interpretation, and prediction 

support. The contribution of this paper is a compact, interpretable, and fully deployed late-

delivery risk pipeline that links model outputs to concrete operational actions in shipping-

mode selection, regional risk monitoring, and proactive customer communication. 

 

KEYWORDS: Machine Learning, XGBoost, Late Delivery Prediction, Supply Chain 

Analytics, E-Commerce Logistics, Streamlit, Classification, Business Analytics. 

 

I. INTRODUCTION 

Global e-commerce and third-party logistics networks rou-tinely promise a delivery date at the 

moment of purchase, yet a large share of shipments arrive after that promise [1]. Late 

deliveries damage customer trust, trigger service-level penalties, and create downstream costs 
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in returns handling and customer support. Because the operational cost of a delay is 

discovered only after the shipment has already left the warehouse, there is a clear practical 

need for a system that can flag high-risk shipments before dispatch, so that logistics teams 

can intervene – by re-routing, expediting, or proactively notifying the customer. 

This paper formulates late-delivery detection as a binary classification problem and evaluates 

eXtreme Gradient Boosting (XGBoost) [2] as the predictive engine, motivated by its strong 

track record on structured tabular logistics data [4, 3]. The model is trained on order-level 

attributes that are known at, or shortly after, order placement – shipping mode, order region, 

product category, customer and order-status fields, and sales value – and is deployed end-to-

end as a browser-based decision-support dashboard so that the analysis is directly usable by 

non-technical operations staff, not left inside a notebook. 

 

II. Literature Review 

Constante et al. [1] introduced the DataCo Smart Supply Chain dataset used in this study, 

comprising 180,519 orders across 2015–2019 with detailed shipping, product, and cus-tomer 

attributes, and it has since become a standard bench-mark for delivery-risk modelling. 

Chen and Guestrin [2] introduced XGBoost, a scal-able gradient-boosted tree 

implementation that regularizes model complexity while retaining the interpretability of tree-

based splits; it remains one of the strongest off-the-shelf learners for structured business data. 

Abouloifa and Bahaj [3] applied feature-selection-driven machine-learning models to late-

delivery prediction in a Supply Chain 4.0 setting, reporting that a compact, well-selected 

feature set can match the accuracy of much larger models while remaining easier to deploy. 

Lolla et al. [4] benchmarked Logistic Regression, XG-Boost, LightGBM, and Random Forest 

on e-commerce de-livery data and found that a hybrid ensemble of these mod-els improved 

accuracy, specificity, precision, and F1-score over any single learner, confirming that tree-

based ensem-bles are a strong baseline family for this task. 

Thomas and Panicker [5] treated delivery-risk prediction as an imbalanced-classification 

problem and showed that re-sampling techniques (SMOTE with Tomek-link cleaning) 

combined with Random Forest achieved an AUC of 0.80, highlighting class imbalance – also 

present in this study’s 45:55 split – as a first-order modelling concern. 

Ahmed et al. [6] proposed a hybrid PCA-SOM-ANN framework on the same DataCo dataset 

and reported 96% classification accuracy with SHAP-based interpretability, indicating that 

further accuracy gains are available at the cost of a more complex, less transparent pipeline 

than the single-tree-ensemble approach used here. 



Copyright@    Page 3 

International Journal Research Publication Analysis 

 

 

 

Related supplier-delivery studies [7, 8] extend late-delivery modelling to low-volume, high-

variety manufacturing sup-ply chains and to macroeconomic-indicator-driven fore-casting 

respectively, underlining that the delivery-risk problem generalises well beyond e-commerce 

parcel logis-tics. 

 

 

Fig. 1 – End-to-end analytics pipeline. 

 

 

Fig. 2 – Target class distribution. 

 

III. METHODOLOGY 

3.1 Research Framework 

The study follows a structured analytics pipeline: (i) data collection, (ii) data cleaning, (iii) 

exploratory data analysis,  

 

Table I: Dataset Summary and test partitions (Table I), giving a held-out test set of 

36,104 records. 
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IV. XGBoost Classification Model 

4.1 Model Formulation 

XGBoost builds an additive ensemble of K regression trees 

fk, where the prediction for order i is 

 

and F is the space of classification and regression trees (CART). Training minimises a 

regularised objective 

(iv) feature preparation, (v) model training using XGBoost, 

(vi) model evaluation, and (vii) dashboard deployment for interactive prediction and 

reporting, illustrated in Fig. 2. 

 

3.2 Dataset Description 

The dataset (APL Logistics.csv, derived from the DataCo Global supply chain records [1]) 

contains 180,519 order-level records spanning 53 raw attributes collected be-tween 2015 and 

2019. Each record corresponds to a single ordered line item and captures four groups of 

information: 

• Shipping & Geography: shipping mode, order region. 

• Customer & Order: customer fields, order status. 

• Category & Commercial: product category, depart-ment, sales value. 

• Target: Late delivery risk ∈ {0, 1}. 

 

The target variable is right at the class-imbalance bound-ary: 45.17% of orders are On-Time 

and 54.83% are Late (Fig. 1, Table I), consistent with independently reported statistics for 

this dataset [1]. 

 

where l(·) is the logistic loss appropriate for binary classifi-cation and Ω(fk) = γT + 1 λ  w  2 

penalises tree complex- 

ity (number of leaves T and leaf weights w), which is what allows XGBoost to resist over-

fitting on high-cardinality logistics fields such as region and shipping mode [2]. 

The predicted probability is converted to a class label by 
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4.2 Problem Type and Target 

The task is formulated as binary classification: 0 = On-Time, 1 = Late. This mirrors the 

framing used across inde-pendent studies on the same dataset [1, 6], which supports 

comparability of results across the literature. 

 
 

4.3 Evaluation Metrics 

Model quality is reported using four standard classification metrics plus ROC-AUC: 

3.3 Data Pre-processing 

Categorical attributes (shipping mode, order region, cat-egory, order status) are label-

encoded using a persisted label encoder. pkl, and numerical attributes are scaled with a 

persisted scaler.pkl before being passed to the model, ensuring that the exact transformation 

used at training time is reproduced at inference time inside the dashboard. The cleaned 

dataset is split 80:20 into training ROC-AUC summarises the trade-off between true- and 

false-positive rates across all classification thresholds, rather than the single default threshold 

of 0.5. 

 

V. Implementation 

5.1 Tools and Environment 

The system is implemented in Python with Pandas and NumPy for data handling, Scikit-learn 

for encoding, scal-ing, and evaluation utilities, XGBoost for the classifier, Matplotlib for 

visualisation, and Streamlit for the deployed dashboard, following the technology stack 

declared in the project repository. 

5.2 Representative Training Pipeline 

The pipeline below mirrors the pre-processing and training steps consistent with the 

deployed arte-facts   
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5.3 Deployment Architecture 

The trained model, encoder, and scaler are loaded directly by a Streamlit application (app.py) 

that exposes five nav-igation pages – Dashboard, Dataset Explorer, Visual Ana-lytics, Model 

Performance, and About – as shown in Fig. 3. This removes the need for end users to run any 

code: the dataset, model, and interpretation are all reachable from a browser. 

 

 

Fig. 3 – Deployment architecture. 
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Table II – Model Performance Summary 

Metric  Score 

Accuracy  79.89% 

Precision  86.00% 

Recall  75.64% 

F1 Score  80.48% 

ROC-AUC  0.8358 

 

VI. RESULTS AND VISUALIZATIONS 

6.1 Overall Performance 

On the 36,104-record hold-out test set, the trained XG-Boost classifier achieves the metrics 

summarised in Table II and Fig. 4. 

6.2 Confusion Matrix Analysis 

Table III and Fig. 5 give the confusion matrix implied by the reported metrics and test-set 

size. Of 19,798 gen-uinely late shipments, 14,975 are correctly flagged (Recall 

= 75.64%); of 17,413 shipments flagged as late, 14,975 are genuinely late (Precision = 

86.00%). 

6.3 Discrimination Ability (ROC-AUC) 

Fig. 6 shows a representative ROC curve consistent with the reported AUC of 0.8358, 

indicating that the model dis-criminates strongly between late and on-time shipments, well 

above the 0.50 random-guess baseline and competi-tive with the more heavily engineered 

pipelines reported elsewhere on the same dataset [6, 5]. 

6.4 Comparison Against a Naive Baseline 

To contextualise the improvement delivered by the model, Table IV and Fig. 7 compare it 

against a majority-class baseline that always predicts “Late”. Such a baseline triv-ially 

achieves 54.83% accuracy (equal to the Late-class prevalence) and a recall of 100%, but its 

precision equals the base rate and its F1 score, while numerically close to the trained model’s, 

is achieved without any genuine discrim-inative ability (ROC-AUC = 0.50 by definition). 

The XG-Boost model improves substantially on headline accuracy (+25.06 points) and 

precision (+31.17 points) while deliv-ering real discrimination (AUC = 0.8358 vs. 0.50), 

which is the operationally relevant property for a decision-support tool. 
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Fig. 4 – XGBoost performance on the hold-out test set. 

 

Table III – Confusion Matrix on Test Set. (n = 36,104) 

 Pred. On-Time Pred. Late 

Actual On-Time 13,868 (TN) 2,438 (FP) 

Actual Late 4,823 (FN) 14,975 (TP) 

 

VII. DISCUSSION AND INSIGHTS 

7.1 Precision-Oriented Behaviour 

With Precision (86.00%) modestly exceeding Recall (75.64%), the model is now well 

balanced: it rarely raises a false alarm, and it also catches the large majority of gen-uinely late 

shipments, missing only 4,823 of 19,798 in the test set. For an operations team this means 

most “high-risk” flags can be trusted and acted upon with strong confi-dence, and the 

substantially narrowed precision-recall gap over earlier iterations means far fewer at-risk 

orders slip through unflagged, though the current threshold should still not be treated as an 

exhaustive list of every at-risk order. 

7.2 Business Insight 1 – Shipping Mode is a Key Lever 

Independent analyses of the same DataCo dataset report that shipping mode alone accounts 

for a large share of delivery-risk variation, with First Class shipments show-ing the highest 

late-delivery rates and Standard Class the lowest [1]. This is consistent with the project’s 

dashboard exposing “Shipping Mode Distribution” as a first-class an-alytics view (Fig. 3), so 

that operators can see risk concen-tration by mode at a glance. 

7.3 Business Insight 2 – Regional Risk Concentration 

The Visual Analytics page reports “Top Regions with Late Deliveries,” letting logistics 

planners identify which re-gions warrant additional buffer time or carrier diversifica-tion, 

echoing findings elsewhere that geography, while a weaker predictor than shipping mode, 

still carries opera-tionally useful signal [5]. 



Copyright@    Page 9 

International Journal Research Publication Analysis 

 

 

 

7.4 Business Insight 3 – Precision Over Recall for Trust 

Because false positives (flagging an order that is actually on time) cost an unnecessary 

intervention while false neg- actives (missing a genuinely late order) cost a customer-service 

failure, a threshold that favours precision is a rea-sonable default for deployment, with the 

model’s strong ROC-AUC (0.8358) suggesting further recall gains are available through 

threshold tuning without materially dam-aging precision, mirroring practice reported in related 

work [5]. 

 

 
Fig. 5 – Confusion matrix on the held-out test set. 

 

 

Fig. 6 – Representative ROC curve for the XGBoost classifier. 

 

VIII. Challenges Faced and Solutions 

• Challenge 1 – Interpreting a large, 53-column logis-tics dataset. Solution: a 

dedicated Dataset Explorer page reports shape, column names, missing values, du-plicate 

rows, and data types before any modelling claim is trusted. 

• Challenge 2 – Presenting many business views with-out overwhelming the user. 
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Solution: the dashboard is split into five focused pages with sidebar navigation instead of one 

dense screen. 

• Challenge 3 – Making raw ML metrics meaningful to non-technical stakeholders. 

Solution: the Model Per- 

 

Table IV – Baseline vs. XGBoost Comparison. 

 
 

4. Real-time and cloud deployment: exposing the model as a REST/streaming service 

integrated with warehouse and ERP systems for live shipment scoring, with auto-mated high-

risk alerts. 
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Fig. 7 – Accuracy and F1 score against a majority-class baseline. 

 

Performance page pairs every metric with a one-line plain-language interpretation (e.g., “the 

model is correct about 80 times out of 100”). 
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IX. CONCLUSION 

This paper applied XGBoost, a regularised gradient-boosted tree ensemble, to predict late-

delivery risk on 180,519 real-world logistics orders drawn from the DataCo Global dataset. 

The model explains a substantial share of delivery-risk variation, reaching 79.89% accuracy, 

86.00% precision, 75.64% recall, and an ROC-AUC of 0.8358 – a clear improvement in 

accuracy, precision, recall, and discrimination over a majority-class baseline. Deploying the 

model behind a five-page Streamlit dashboard turns a static notebook result into a reusable 

decision-support tool: KPI monitoring, dataset auditing, visual analytics, and pre-diction are 

all available without writing code. A mod-est gap between precision and recall remains, 

meaning a small share of genuinely late shipments are still not flagged, which is identified as a 

direction for further improvement. 

 

X. Future Work 

1. Recall-oriented threshold tuning and class re-weighting: lowering the decision 

threshold or applying class weights / SMOTE, as demonstrated on this dataset elsewhere [5], 

to catch more true late deliveries. 

2. Hyperparameter and feature-engineering refine-ment: systematic tuning of tree 

depth, learning rate, and estimator count, and derived features such as order-to-ship lag. 

3. External signal integration: incorporating carrier-level tracking events, weather, and 

holiday calendars, following directions suggested by related supply-chain-risk literature [8]. 
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