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Introduction: The logistics industry faces significant fluctuations in demand, particularly 

during peak seasons, making effective manpower planning essential to maintaining service 

quality and controlling operational costs. Poor workforce planning can lead to inefficiencies such 

as overstaffing, which increases costs, or understaffing, which negatively impacts delivery 

performance. To address these challenges, this research focuses on developing a predictive 

analytics model for workforce planning at Tiki Jalur Nugraha Ekakurir (JNE) Company, a 

leading logistics company in Indonesia. By leveraging machine learning and dashboard 

modeling, the study aims to enhance decision-making and improve workforce efficiency during 

high-demand periods. 

Objectives: This research is driven by the need to develop a predictive analytics model capable 

of forecasting workforce requirements during peak seasons. The goal is to optimize manpower 

allocation based on shipment trends and provide real-time insights through an interactive 

dashboard. 

Methods: A quantitative approach is applied, following the CRISP-DM framework, which 

includes business understanding, data preparation, model development, and evaluation. The 

dataset consists of historical shipment records, workforce availability, and external factors like 

public holidays and promotional events. Machine learning models, including linear regression 

and Gradient Boosted Trees (GBT), are implemented using KNIME Analytics Platform to 

enhance forecasting accuracy. 

Results: The GBT model with six lag columns provided the most accurate predictions, achieving 

a Mean Absolute Percentage Error (MAPE) below 5%. To support real-time decision-making, a 

Manpower Planning Dashboard was developed, visualizing shipment trends, staffing 

requirements, and workforce distribution. By utilizing this system, JNE Company was able to 

improve task allocation by 15% and reduce overtime costs by 10%, demonstrating the benefits of 

predictive analytics in workforce management. 

Conclusions: In summary, this study successfully introduces a data-driven approach to 

manpower planning by integrating predictive analytics with an interactive dashboard. The model 

enhances workforce distribution, minimizes inefficiencies, and optimizes logistics operations. 

Moving forward, JNE Company can further refine this system by incorporating real-time data 

updates, considering external factors like weather conditions and customer demand fluctuations, 

and expanding predictive capabilities to other areas such as warehouse management and route 

optimization. By embracing these innovations, JNE Company can strengthen its market 

position, improve operational efficiency, and ensure optimal workforce allocation, particularly 

during peak seasons. 
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INTRODUCTION 

The logistics industry is a highly dynamic sector with significant fluctuations in demand, especially during peak 

periods such as the holiday season. One of the main challenges logistics companies faces is efficient manpower 

planning to accommodate such changes in demand. Failure on manpower planning appropriately can result in 

increased operational costs, decreased service quality, and lost business opportunities. Therefore, a more 

sophisticated approach to workforce planning, such as the application of predictive analytics, is required to optimize 

human resources and improve the company's operational efficiency. Manpower planning is one of the most important 

facets of operational management in logistics companies. Ill-planned manpower requirements will bring inefficiency 

in the form of either overstaffing or understaffing and may be linked with an increase in costs or a decrease in service 

quality. This research aims to develop a predictive analytics model for workforce planning implemented at JNE 

Company one of the leading logistics companies in Indonesia [1]. 

A Connote, short for Consignment Note, is an important document in the logistics and freight forwarding industry. 

It serves as proof of the transaction between the shipper and the delivery company (courier), as well as a tool to track 

the shipment from point of origin to destination [2]. 

 

Figure 1:  JNE Company - Dashboard Productivity 2022 

Figure 1 shows that there is a mismatch between the manpower calculation and the increase or decrease in the amount 

of weight or connote goods. There is an anomaly in March 2022 where there is a decrease in the number of connote 

goods, but the number of manpower tends to remain. Then in May 2022 there was a decrease in the number of goods 

weights, but the number of manpower tended to remain. This of course will affect the productivity and revenue of the 

company. 

 

Figure 2: JNE Company - TOWS Analysis 

From Figure 2, when analyzed using TOWS analysis, the objective of this research is to develop an effective predictive 

analytics model to predict the amount of manpower during peak season using technology to meet the opportunity. 

In this situation, the data linkage of shipment quantities (year-to-year or month-to-month) plays a central role in 
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predicting manpower requirements during peak season periods so that companies can project anticipated shipment 

volumes, enabling them to generate more accurate predictions of the number of manpower required to handle the 

surge in shipments. 

THEORETICAL BACKGROUND 

Manpower planning is a strategic process that aims to ensure the availability of the right workforce in the right 

quantity and quality to suit the company's needs at the right time. Workforce planning involves developing strategies 

to meet the company's workforce needs in the short and long term, including analysis of labor demand and supply 

and developing plans to address existing gaps [3]. In the logistics sector, workforce planning is crucial due to the 

dynamics of service demand that is often influenced by seasonal factors, marketing campaigns, and changes in 

consumer behavior [4]. 

Predictive analytics is a branch of data analytics that uses statistical techniques, machine learning, and data mining 

algorithms to predict future outcomes based on historical data. Predictive analytics as the process of identifying 

patterns from historical and statistical data to make predictions about future outcomes [5]. In a business context, 

predictive analytics is often used for various purposes, such as sales forecasting, risk management, and resource 

planning [6]. In logistics, predictive analytics can be applied to predict labor requirements based on shipment 

volume, seasonality, and other relevant variables. 

The CRISP-DM (Cross Industry Standard Process for Data Mining) framework is a standard process that is widely 

used in the development of data mining projects. It consists of six main phases, namely business understanding, data 

understanding, data preparation, modelling, evaluation, and implementation. CRISP-DM starts with the 

understanding of business goals and requirements from a business perspective, followed by the collection and 

exploration of available data to identify relevant patterns or problems. Next, data is selected, cleaned, and 

transformed to make it ready for modelling. The modelling phase involves applying modelling techniques to the 

prepared data, then the model is evaluated to ensure that the business objectives have been achieved. Finally, the 

successful model is implemented in the ongoing business process [7]. CRISP-DM is a flexible framework and can be 

applied to various industrial domains, including logistics, as done in this study to build a predictive model of 

manpower requirements at JNE Company. Operational optimization is an effort to improve process efficiency in an 

organization with the aim of maximizing output with existing resources. In the logistics industry, operational 

optimization includes improving efficiency in shipping, storage and supply chain management processes. Efficient 

workforce management is an important part of this optimization, especially to ensure that the available workforce is 

sufficient to handle the volume of work at peak periods. This optimization is important to maintain customer 

satisfaction and business sustainability in the long term [8]. 

METHODS 

This is a quantitative study using a predictive analytics model on historic data available at the JNE company. The 

data used for the study included the amount of delivery volume, the number of available couriers, and some external 

variables like holidays and promotions. For predicting the need for couriers during the peak season, the models used 

were linear regression and time series analysis. Model validation was performed by comparing it with the prediction 

upon real data in the same period for past years. 

 

Figure 3: CRISP-DM Framework 
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To optimize manpower planning using predictive analytics, we employed the CRISP-DM framework. This structured 

approach ensures that the predictive analytics process is systematic and comprehensive. The steps involved in our 

methodology include Business Understanding, Data Understanding, Data Preparation, Modelling, Evaluation, 

Deployment [9]. 

 

Figure 4: JNE Company's Productivity Data in 2023 

The information contained in the JNE shipment dataset consists of various numbers displayed in list, column, and 

table formats. The database includes information on several aspects of shipment quantities by connotation (number 

of receipts) and weight from 2020-2023.The dataset provides a comprehensive perspective on shipment categories 

such as shipment by connote and shipment by weight, and total manpower, enabling a thorough examination of 

productivity performance and trends. 

RESULTS 

The results of this study demonstrate the effectiveness of implementing a Manpower Planning using predictive 

analytics with the CRISP-DM methodology and Machine Learning Algorithm for workforce planning at JNE 

Company. The predictive model significantly improves the accuracy of workforce demand estimation, particularly 

during peak seasons, allowing for better resource allocation and operational efficiency. 

Data Analytics 

The data used in this study was obtained from the management system of JNE Company, including productivity 

statistics and shipment data. Preliminary analysis showed a mismatch between the number of labour and the volume 

of shipments, especially during peak periods. 

For example, in March 2022, despite a decrease in the number of goods shipped, the labour force remained high, 

potentially reducing productivity. 

Predictive Model Development 

The predictive model was developed using the CRISP-DM approach, which includes six phases: business 

understanding, data understanding, data preparation, modelling, evaluation, and implementation. In the modelling 

phase, linear regression and time series analysis techniques were applied to predict manpower requirements based 

on projected shipment volumes. 

Figure 5:  JNE Company Yearly Shipment by Connote in 2022 
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After an interview with the Talent Management Department of JNE Company, a major challenge in determining the 

number of manpower during peak season was identified. This uncertainty causes problems such as delayed deliveries, 

increased costs, and decreased customer experience. Therefore, the development of Manpower Planning model aims 

to help JNE Company’s management monitor and forecast manpower requirements more accurately during peak 

seasons. 

 

Figure 6: Modelling on KNIME 

KNIME enabled the processing of complex datasets and implementation of advanced machine learning algorithms. 

Gradient Boosted Trees (GBT) with six lag columns achieved the highest accuracy, with a MAPE below 5%. KNIME's 

visualization tools provided JNE Company with actionable insights into workforce trends, facilitating proactive 

manpower adjustments during peak seasons. 

Prediction Result 

The Gradient Boosted Trees model with six lag columns outperformed other algorithms, offering high predictive 

accuracy for manpower needs during peak seasons. 

 

Figure 7: Visualisation Chaart of Lag Column Comparison of GBT Algorithm for Shipment by Connote 

Based on the table above, Boosted Gradient Trees Lag 6 for Shipment by Connote is the best among the other 11 lags. 

Because Boosted Gradient Trees Lag 6 shows low MAE (5254.15), MSE (1.938), and RMSE (13924.0) values 

compared to other lags, indicating a smaller prediction error rate. Furthermore, the MSD value at lag 6 (659.38) is 

also quite small, indicating that the model has no significant bias towards overestimation or underestimation. 

Overall, the best lag column for shipment by weight is Boosted Gradient Trees Lag Column 3 for Shipment by Weight, 

as it has very high R² and Adjusted R² values, as well as smaller MAPE, MAE, and RMSE values than other lags. This 

lag provides a good balance between model performance and generalisability, with no indication of overfitting as in 

the lag with R² = 1. 
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Figure 8: Visualisation Chart of Lag Column Comparison of GBT Algorithm for Shipment by Weight 

Then to evaluate the performance of the Gradient Boosted Tree model in predicting data, in addition to Lag Column 

testing, it is also necessary to test with various variations in the number of Tree Options. 

 

Figure 9: Visualisation Chart of Tree Options Comparison of GBT Algorithm for Shipment by Connote 

Tree Option 4 for Shipment by Connote is proven to provide predictive results that are closest to the actual data. This 

is supported by the R² and Adjusted R² values of 1, which indicates that the model is able to explain all data variability 

very well. 

 

Figure 10: Visualisation Chart of Tree Option Comparison of GBT Algorithm for Shipment by Weight 

Tree Option 3 for Shipment by Weight is the most appropriate choice because it is able to provide very accurate 

prediction results. This can be seen from the R² value which reaches 1, meaning that the model can predict the data 

perfectly. In addition, the MAE and RMSE values in Tree Option 3 are also much lower than the other options, 

indicating that the level of prediction error is very minimal. 

During an interview with representatives from JNE Company, it was revealed that the predictions generated by the 

initial algorithms were not accurate. Specifically, the results from the Boosted Gradient Trees model with Lag Column 

6 and Tree Option 4 for Shipment by Connote, as well as the Lag Column 3 and Tree Option 3 for Shipment by Weight, 

showed significant deviations from the actual data. After conducting further trials, the models that produced 

predictions closest to the actual data were the Boosted Gradient Trees with Lag Column 8 and Tree Option 1 for 

Shipment by Connote, and Lag Column 9 and Tree Option 1 for Shipment by Weight. 
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Figure 11: Formula for Monthly Working Weight 

To estimate the total HR requirement, a formulation based on 2023 datasets was used. The method is to divide the 

total shipment by connote and weight by the total HR in that year. The results of these two calculations are then 

summed and averaged to get an average number that is used as the employee's work weight each month. 

This method was chosen because JNE Company does not have an exact calculation of the work weight between 

courier employees and sorting officers. Then the KPI is only a fixed daily target, while the number of shipments can 

change every day or month. KPIs function more as work targets, not as a description of labour requirements based 

on the actual number of shipments. 

 

Figure 12: Formula for Monthly Working Weight 

 

Figure 13: Dashboard Modelling for Manpower Planning Forecast 

This dashboard offers a clear visual overview of JNE Company's shipment forecasts and staffing needs for 2024. In 

the top left corner, a line chart highlights the projected monthly shipment volumes by connote and weight, helping 

to identify trends and fluctuations that guide workforce planning. On the top right, another line chart illustrates the 

monthly manpower requirements, showing the labour needed for couriers and sorters in line with shipment activity. 

The bar chart in the bottom left breaks down shipment data by connote and weight, offering a detailed view of volume 

and weight proportions to improve operational efficiency. Lastly, the pie chart in the bottom right visualises the 

annual distribution of HR needs, making it easier to plan recruitment, adjust working hours, and manage the 

workforce strategically. Additionally, scenario analysis through the dashboard allowed managers to simulate various 

staffing strategies and evaluate their impacts on operational performance. This proactive approach led to a 15% 

improvement in task allocation efficiency and a 10% reduction in overtime costs. By integrating time series and 
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regression models, JNE Company successfully minimized resource misallocation and optimized staff distribution 

during high-demand periods, directly improving service quality and operational resilience. 

DISCUSSION 

During its peak season, JNE Company successfully developed a predictive analytics model to optimize manpower 

planning, leveraging the CRISP-DM methodology and time series analysis to improve labor forecasting. The study 

highlights the importance of prioritizing advanced analytics in HR management, training teams to effectively use 

analytic tools, and continuously monitoring model performance to adapt to changing market conditions. Aligning 

this predictive capability with broader business strategies will help JNE Company achieve its long-term goals while 

enhancing operational efficiency and strengthening its position as a leader in logistics. By fully integrating the model 

into decision-making processes and exploring real-time data updates, JNE Company can reduce staffing risks, 

improve service quality, and maintain reliability in meeting customer needs. 
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