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Abstract 

Accurate demand forecasting is essential for efficient planning, inventory management, and cost 

reduction in manufacturing and supply chain activities. But a lot of businesses still use old Enterprise 

Resource Planning (ERP) systems that were made for processing transactions, not for advanced 

analytics. Legacy ERP systems, like QAD, apply forecasting methods that tend to struggle with newer 

changes in supply chains. This research investigates whether demand forecasts can be improved using 

ML (Machine Learning) models such as XGBoost (eXtreme Gradient Boosting) and LSTM (Long Short-

Term Memory), which have been tested on the M5 Forecasting dataset. Data preparation and feature 

development allowed ML models to outsmart moving averages and ARIMA (AutoRegressive Integrated 

Moving Average) in following the details of the demand response. The findings demonstrate that with 

ML, accuracy in forecasting increases in the QAD ERP system, helping with strategizing and planning 

inventory choices without upgrading the leading ERP. This shows how to improve legacy ERP systems 

by using data insights at any scale. 

Keywords: Demand Forecasting; Machine Learning; Predictive Analytics; QAD ERP; Supply Chain 

Optimization 

I. INTRODUCTION 

Demand forecasting is a critical process in manufacturing that enables businesses to match production 

to customer demand, maintain minimal inventory costs, and enhance overall operational efficiency. 

When accurate forecasts are in place, manufacturers can reduce stockouts, avoid overproduction, and 

improve customer satisfaction by honoring delivery promises [1]. Inaccurate forecasts, on the other hand, 

often lead to high inventory holding costs, missed sales, and production bottlenecks. Demand forecasting 

is crucial in fluctuating, short product life cycles or seasonal markets. As global supply chains become 

more complex, the need for precise forecasting tools becomes even more critical to remain competitive 

and viable for manufacturing operations [2]. 

QAD, a more widely used legacy ERP system, has rudimentary demand forecasting features based on 

static statistical calculations such as moving averages or exponential smoothing. While these are simple 

to set up, they lack the richness and flexibility to model complex market forces, external influences, or 

multi-variable interactions [3]. Moreover, QAD's native forecasting modules are independent and 

resistant to information absorption from outside sources, such as promotions, prices, or events, which 

significantly impact the demand pattern. The constraints result in reactive planning, inventory 

mismatches, and decreased forecast accuracy. With companies growing and customer demand evolving, 

QAD's native forecasting tools' lack of flexibility represents a significant operational constraint [4]. 

Machine learning (ML) is a new means of predicting demand by automatically learning past trends, 

tuning for anomalies, and considering many variables. Unlike traditional models, ML can manage high-
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volume, high-dimensional data in detecting nonlinear relationships and seasonality [5]. The M5 

Forecasting - Accuracy dataset, provided by Walmart through Kaggle, is a sample of the richness of 

modern retail data, including thousands of SKUs, daily sales, calendar events, and price changes. The 

richness that can be processed efficiently by ML algorithms such as XGBoost and LSTM makes them 

firm favorites for real-world forecasting [6]. Learning and improving over time makes them a significant 

strength for dynamic environments. It is expected that the findings will be useful for manufacturing 

industries intending to adopt integration of predictive maintenance into the solutions, in the context of 

facilitating smart manufacturing practices and in realizing the Industry 4.0 goals [7]. 

Despite the proven success of ML through numerous forms of forecasting solutions, minimal research 

is apparent through its real-world application against legacy ERPs like QAD. Much academic and 

industry-based study focus on more recent, cloud-based platforms, dismissing the significant number of 

manufacturers still operating through legacy ERPs. While QAD is extensively used in industries like 

automotive, life sciences, and consumer goods, there have not been many studies on how ML models 

can be employed together with its legacy forecasting modules [8]. The M5 Forecasting data set allows 

us to fill this void by acting as a real-world proxy for data in QAD storage, enabling us to conduct 

experiments indicating ML's capability to augment back-end legacy ERP environments. 

This work attempts to demonstrate the integration of machine learning into an established QAD ERP 

environment to improve demand forecasting accuracy significantly. Using publicly available data from 

the M5 Forecasting - Accuracy competition, we design a representative enterprise dataset with day-by-

day sales over various product categories and store locations. We aim to show that ML models 

outperform traditional forecasting techniques usually incorporated in QAD when trained on such data. 

This involves projecting M5 fields—such as product IDs, calendar dates, and prices—to analogous QAD 

data structures, thereby showing a viable integration path without altering the ERP's core architecture 

[4]. 

M5 Forecasting - The accuracy dataset is most appropriate for this study due to its richness, granularity, 

and closeness to real ERP sales data. It contains over 40,000 SKUs with several years of daily sales, 

allowing robust training and testing on ML models [9]. Incorporating contextual variables such as special 

events and sell prices makes it well suited for assessing the type of multi-variable analysis ML can 

perform well at—something legacy QAD models can't effectively manage. Utilizing this dataset enables 

us to research the scalability and flexibility of ML in high-volume settings closely mirroring the 

operational challenges manufacturers encounter when employing legacy QAD systems for demand 

planning. 

II. METHODOLOGY 

2.1 Dataset Description 

The M5 Forecasting – Accuracy data set is a large time-series data set published by Walmart on Kaggle 

for demand forecasting research and competition events [10]. The data comprises 2011-2016 daily sales 

data for over 30,000 products sold in 10 stores in three American states. An item ID, including 

department and category, and a respective store ID clearly define each product. The data also includes 

support data consisting of calendar.csv, —holiday and SNAP (Supplemental Nutrition Assistance 

Program) days-related events—and sell_prices.csv comprising weekly selling prices by product-store 

pair. This big data emulates an intricate real-life shopping context and presents depth for training and 

testing deep machine learning algorithms for forecasting demand [6]. 

To translate this data set into context for analysis based on legacy QAD ERP systems, top-level fields 

must be translated into equivalent modules and structures typical of QAD's data model. For instance, 

item and store IDs get translated onto QAD's Master Item and Inventory Location tables. Sales data is 
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an aggregation of transactional data found in QAD's Sales Orders or Shipment History tables. Calendar 

events get translated to simulate outside inputs. Typically, they are not part of regular QAD forecasting 

but are added as user-specified fields or custom modules. The following table illustrates how top-level 

fields in the M5 data set translate into legacy QAD equivalents: 

Table 1. Mapping M5 Dataset Fields to Legacy QAD ERP Structures 

M5 Dataset Field Description QAD Equivalent 

item_id Unique identifier for each product Item Master (Item Number) 

store_id Identifier for each store location Inventory Location or Site ID 

dept_id Department the item belongs to Product Line or Category Code 

cat_id Item category Product Family or Item Group 

sales_train_validation Daily unit sales per item per store Sales Orders / Shipment History 

calendar.csv Date, holidays, events, SNAP program days Calendar Table (External Event Data) 

sell_prices.csv Weekly selling prices per item per store Price List or Sales Price History 

d_1 to d_1913 Columns representing daily sales for each item Transactional date-wise sales records 

The M5 data closely mimics data structure in typical QAD-based applications and is a good candidate 

for experimenting with ML-based forecasting solutions [11]. Its product and calendar granular data and 

its complete pricing and selling data align well with QAD modules like Sales Orders, Item Master, and 

Price Lists. This allows the modeling and simulation of advanced forecasting methodologies within a 

standard ERP system without taking advantage of proprietary data from QAD. 

2.2 Data Preprocessing 

Missing values in the M5 data set mostly happen in sell_prices and calendar tables since prices change 

weekly and holidays do not occur for every region [12]. For missing data in time-dependent data like 

prices, backward and forward fill were used to achieve data continuity. For categorical event data, 

missing data were replaced with the default "No_Event" to distinguish them during encoding. Days with 

zero records sold were treated as zero sold, not nulls. With this end-to-end approach, all required 

temporal and transactional data were saved; thus, data set integrity is intact to be processed by machine 

learning algorithms. 

The role played by feature engineering included a lot in identifying temporal trends and promoting 

prediction accuracy. Lagged 7-, 14-, and 28-days’ sales created features to support learning short- and 

middle-term dependencies. 7-, 14-, and 30-day rolling average and standard deviation features were 

computed to account for trends and volatility [13]. The calendar.csv data frame was added to the data on 

sales to include time-based features such as day-of-week, month, holiday, and SNAP days. These 

features enriched the data to allow learning based on historical trends, seasonality patterns, and outside 

factors on demand volatility [13].  

Normalization and encoding were used for preprocessing data for machine learning algorithms, mostly 

tree-based and based on neural networks. Continuous fields derived from sell_price and statistical fields 

derived from fields such as rolling average were all normalized into a 0–1 range through Min-Max 

scaling. Categorical fields such as item_id, store_id, dept_id, cat_id, and calendar events were label-

encoded or one-hot-encoded, depending on algorithm demands. For instance, tree-based algorithms such 

as XGBoost natively perform label encoding, while neural networks such as LSTM natively perform 
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one-hot encoding [14]. These conversions rendered all fields numerically compatible and ideal for 

respective model performance. 

2.3 Model Selection 

We leveraged vintage statistical methods such as Moving Average and ARIMA to develop a benchmark 

that imitates forecasting techniques used in conventional QAD implementations. The Moving Average 

model forecasts future demand as the average value of sales over a limited period of past days (e.g., 30-

day or 90-day periods) [15]. This is a low-compute method because it enjoys widespread use across 

QAD's base-level forecasting modules. ARIMA (AutoRegressive Integrated Moving Average) is a 

legacy of traditional methods, which are more complex but autocorrelation and trend difference-based 

without external variables [16]. The models are weak in dealing with seasonality, promotions, or 

complex nonlinear relationships and are useful only as baselines against which to compare more 

advanced ML approaches. 

Table 2 is a comparison of forecast accuracy between baseline models (ARIMA and Moving Average) 

and machine learning models (XGBoost, Random Forest, and LSTM) with significant performance 

measures: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute 

Percentage Error (MAPE). The measures were selected to reflect absolute and percentage errors from 

the actual sales figures. The results clearly show that ML models decisively surpass conventional-style 

solutions in all three metrics, with LSTM coming in at the highest accuracy. This demonstrates the 

potential of ML algorithms to enhance the credibility of forecasts in complex, high-turnover retail 

settings, thereby making them more suitable for legacy ERP solutions like QAD to update forecasting 

processes. 

Table 2. Comparative Forecasting Accuracy of Baseline and ML Models Using the M5 Dataset. 

Model MAE RMSE MAPE 

Moving Average 12.6% 16.3% 18.2% 

ARIMA 11.1% 14.9% 16.5% 

Random Forest 9.2% 12.7% 13.4% 

XGBoost 8.5% 11.9% 12.2% 

LSTM 7.8% 10.8% 11.0% 

 

Figure 1. Comparative Forecasting Accuracy of Baseline and ML Models Using the M5 Dataset. 

To improve the predictive capabilities of QAD-style models, we employed three cutting-edge machine-

learning models: Random Forest, XGBoost, and LSTM. Random Forest, an ensemble of bagging-based 

decision trees, handles high-dimensional datasets and nonlinear relationships with good performance 

without fitting [17]. XGBoost (Extreme Gradient Boosting) is further enhanced by gradient descent 

optimization and optimization of bias/variance tradeoffs, thus outperforming prediction competitions 

like M5. LSTM (Long Short-Term Memory) networks and RNN (Recurrent Neural Network) are 
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exceptionally suited for time-series data as they retain past values and learn sequential relationships [18]. 

The models can handle high-dimensional, dynamic input variables such as lag features and event 

indicators. 

XGBoost was used for its performance in the initial M5 Forecasting competition when it ranked as one 

of the best approaches. Its ability to deal with missing values, non-linearity, and categorical encoding is 

self-evidently supported by the characteristics of the M5 dataset and the constraints of ancient ERP 

environments [19]. Random Forest was included since it offers equivalent benefits in less 

hyperparameter sensitivity and is the most suitable option for initial benchmarking. LSTM was chosen 

to test how deep learning could identify long-term dependencies and seasonality—the features difficult 

to model using tree-based techniques [20]. These choices offer a fair representation of classic ML and 

deep learning models that can be used in QAD-type forecasting. 

A second important reason for choosing these models is their flexibility toward ERP integration. 

XGBoost and Random Forest are interpretable regarding feature importance, enabling one to understand 

what factors most drive demand—essential for decision-making in manufacturing management [21]. 

Additionally, both can be implanted as microservices or batch jobs generating forecasts outside QAD 

and returning results through APIs or flat file imports. LSTM, being more computationally intensive, 

captures the best possible forecasting performance and can be supplemented with external forecasting 

engines. These models capture the realistic limit between accuracy and implementation feasibility within 

the technical and operational limitations of legacy QAD systems. 

2.4 Model Evaluation 

Root Mean Square Error (RMSE) is a widely used metric that computes the average magnitude of 

forecasting error, with heavier weight given to larger errors [22]. This is the square root of the average 

squared difference between actual and predicted values. RMSE is helpful in demand forecasting by 

allowing the discernment of trends where specific models underperform due to outliers or sudden spikes 

in demand [4]. A smaller RMSE also implies more consistent performance since high accuracy on high-

demand items is critical. Minimizing RMSE is essential, especially in legacy QAD environments where 

many decisions are batched, and planning needs to be stable and predictable. 

𝑹𝑴𝑺𝑬 =  √( (1/𝑛)  ∗  𝛴ᵢⁿ (𝑦ᵢ −  ŷᵢ)² ) 

Mean Absolute Error (MAE) calculates the average of the absolute differences between the forecasted 

and actual demand values. It makes for a straightforward interpretation of the magnitude of the forecast 

errors [23]. In other words, it does not amplify large deviations as in the case of the RMSE. As a result, 

MAE is a valuable metric for evaluating an overall model accuracy if the demand is relatively stable and 

outlier sensitivity is less important. Of course, MAE is an excellent performance indicator for legacy 

QAD users who use rules-based projections, as it is something planners can relate to [23]. This helps 

create trust in operational contexts and improves usability by letting us identify models that have 

consistently forecasted near the actual demand. 

𝑴𝑨𝑬 =  (1/𝑛)  ∗  𝛴ᵢⁿ |𝑦ᵢ −  ŷᵢ| 

Mean Absolute Percentage Error (MAPE) expresses forecast error as a percentage to represent the error 

as a proportion of those actual values, which is scale-independent and hence can be used to compare the 

performance of models on products with different sales volumes. Product demand can vary considerably 

in magnitude in retail and manufacturing industries such as QAD services, making it extremely valuable. 

MAPE is intuitive for the decision maker because it tells how much the average forecast has errored in 

percentage terms [24]. However, it is intolerant to items with exceedingly low real sales, thus leading to 
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inflated values. However, MAPE is an essential metric for model selection as it allows an inter-

departmental or category benchmark in a QAD-aligned format. 

𝑴𝑨𝑷𝑬 =  (100/𝑛)  ∗  𝛴ᵢⁿ |(𝑦ᵢ −  ŷᵢ) / 𝑦ᵢ| 

The M5 dataset is temporal, which doesn't allow traditional random cross-validation. Then, the rolling 

window time series cross-validation approach was chosen since we had access to the historical log return 

data used in validation. In this approach, the test set slides forward in time, and the training set 

continually increments, using a real-world forecasting scenario in which future data is unavailable during 

training. This validates models on unseen, sequential data while preserving time-dependent 

relationships. Models updated periodically for ERP-integrated forecasting do not need to be fully 

updated until the next batch. 

Figure 2. The Rolling Window TIME Series Cross Validation Setup [25].

The idea of time series cross-validation, as depicted in   Figure 2, attempts to simulate real forecast 

conditions and preserves order in time, where the training window moves incrementally forward in time, 

and the test window is fixed, perfect for forecasting sequential data [25]. The approach works perfectly 

with the M5 dataset because here, we need the forecasts generated without looking ahead into the future. 

A validation strategy like this provides a historical basis for the ML models when applied within legacy 

QAD systems, which generally have fixed monthly or weekly plan cycles. It makes them deployable 

within an ERP workflow. 

Multiple evaluation cycles were performed for each model with sliding windows of 28-day forecast 

horizons following the standard monthly planning cycles at QAD. We averaged the performance of each 

model over the validation windows to be robust and avoid the impact of any anomalies in seasonal 

performance. Due to this, a more realistic evaluation of the models on continuous deployment scenarios, 

like rolling forecasts in supply chain modules, can be performed [26]. Identifying which models are 

more adaptable to real-time changes also serves to model modern-day versions of QAD environment 

demand planning. 

2.5 Simulation of QAD Integration 

A structured workflow is developed to simulate QAD integration using QAD-compatible formats to use 

machine learning on the M5 Forecasting dataset. For example, in this setup, the item_id, store_id, date, 

and predicted sales from the forecasted demand data are mapped to QAD forecast fields item, site, 

fcst_date, and qty, respectively. They first analyze sales patterns to generate a forecast and then export 

it as a flat file (e.g., CSV or XML). They can be formatted according to the QAD data specifications and 

uploaded these files through a batch import tool using JSON or EDI interface. This mimics how legacy 

ERP tables like SFC300 or MRP100 would get fed forecasts. 
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The structure of M5 is easily adaptable to simulate forecasting environments like QAD. An item_id in 

M5 corresponds to a unique part number in the QAD inventory master and store_id to a QAD site or 

plant. The daily level forecasts from the date column from M5 are aligned to QAD's planning calendar 

with the wm_yr_wk field. QAD's qty field is then probed to see if it contains the forecasted sales values. 

The model type and its confidence scores can also be stored in custom fields like fcst_type or comments 

if the ML provides metadata like these. This illustrates how ERP behavior can be simulated without 

QAD proprietary systems via publicly available data. 

Table 3. Mapping M5 Dataset Fields to QAD-Compatible Forecast Table Structure 

M5 Dataset Field 
Simulated QAD 

Field 
QAD Table (Typical) Description / Purpose 

item_id item SFC300 / MRP100 
Unique product identifier; 

corresponds to QAD inventory master 

store_id site SFC300 / MRP100 
Represents the sales location; 

equivalent to QAD site or plant code 

date fcst_date SFC300 
Forecast data entry represents the 

daily demand horizon 

sales (or forecast) qty SFC300 
Forecasted quantity per item and 

store; input for MRP and planning 

wm_yr_wk period_code CAL100 (Calendar) 
Week and year; maps to QAD 

calendar for time-bucket alignment 

forecast_model (custom 

ML output) 
fcst_type 

Extended field 

(custom) 

Indicates whether the forecast is 

machine-generated or user-generated 

confidence_interval 

(optional ML output) 

comments (free 

text) 
SFC300 

Optional metadata may be added for 

audit or planner review 

After importing it into QAD, the information is directly fed into Material Requirements Planning (MRP) 

and Controller Production Scheduling (MPS) processes. QAD uses MRP to plan orders for procurement 

and production by forecasting against controlled inventory, open orders, and lead times. The benefit is 

that planners can reduce unnecessary safety stock buffers and improve their on-time delivery metrics by 

incorporating more accurate ML-driven forecasts. Additionally, QAD is responsive since forecasts can 

be templated in more granular intervals without interrupting browser cycles. This shows us how much 

value modernization through machine learning offers for legacy ERP decision-making without tearing 

everything down. 

QAD-driven decisions are refined by machine learning forecasts, mainly inventory control, procurement 

planning, and production planning [6]. Typically, traditional QAD methods employ static formulas or 

historic averages without consideration for seasonality, trends, or external factors. On the other hand, 

ML models trained on M5 data learn the dynamics and update their forecasts accordingly. As a result, 

QAD's downstream modules run on better inputs, fewer stockouts, lower carrying costs, and greater 

conformity between demand and supply [26]. M5 also provides greater data granularity, including at the 

SKU level, which is helpful for operations with more than one store, as represented by the store_id in 

the dataset [27]. 

This demonstrates a realistic way to close the gap between legacy ERP systems like QAD and analytics 

solutions. It is not necessarily necessary to replace QAD with ML; instead, it can augment an 

organization's planning modules by injecting these ML-generated insights into extremely well-mapped 

external datasets such as M5 [28]. Therefore, integration is feasible and, based on the mapping table, 

how the real-world fields map with QAD. Forecasting can be updated and pushed into QAD for 

execution with lightweight middleware and periodic updates. QAD is converted into a dynamics' ML 
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informed decision support system, transforming the static planning engine into a modern predictive 

intelligence-based process [3]. 

III. RESULTS AND DISCUSSION 

3.1 Quantitative Results 

We evaluated the forecasting results for both QAD methods (ARIMA and simple moving averages) and 

machine learning techniques (XGBoost, Random Forest, and LSTM [7]. The standard metrics were 

RMSE, MAE, and MAPE to determine accuracy. The basic models generally did not respond effectively 

when there were intense swings in sales during different seasons. For example, ARIMA could not 

perform well when there was a wide range of fluctuation in the time series [16]. Usually, applying QAD 

models results in RMSE above 8.5 on every item. Still, ML consistently had lower RMSE scores, 

typically not higher than 6.0. It is clear from the findings that ML models are better skilled at forecasting 

in dynamic and high-volume situations than other models, so they are well-matched for adding value to 

QAD [29]. 

Looking at the error distributions of different models illustrates the benefits of using machine learning 

for forecasting. In the QAD approach, the moving average only worked well in restricted cases since it 

could not keep up with sharp increases in demand [30]. Looking at the actual and predicted plots, 

traditional models often smooth the data more than they should. XGBoost and LSTM also performed 

well, more accurately following the trend of real sales in promotional periods and as sales ended, unlike 

the competitors. The variability in ML forecasts was consistent, meaning the predictions were reliable. 

Handling dependencies in a sequence was achieved better by LSTM models than static models, resulting 

in reduced forecast drift. As a result, ML models boost average accuracy and decrease the risks and 

fluctuations involved in creating ERP-based forecasts [31].  

 

Figure 3. Forecast Error Metrics by Model (Sample SKUs) 

Figure 3 summarizes how much the errors in each model differed from the actual SKU sales over 28 

days. To judge the performance, RMSE, MAE, and MAPE were calculated. Based on the graph, we can 

see that ARIMA and Moving Average have higher errors than the modern models for all the metrics. On 

the other hand, LSTM and XGBoost models from machine learning always lead to better RMSE and 

MAPE scores, meaning they are more accurate [7]. Error metrics can be used to form bar charts that 

compare models one at a time. They prove that ML models outperform other methods in QAD ERP 

systems. 
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3.2 Interpretation 

LSTM and XGBoost models effectively detected and profited from seasonal demand changes [7]. 

Additionally, sales jump around quarter-end or holidays were noticed with greater accuracy when using 

MQDA, in contrast to QAD. The models improved their forecasting accuracy by including calendar 

features such as the name of the day, month, and holidays. Few were used before because the old systems 

lacked detailed feature representation. This enabled them to see better when demands for various 

products would change, making it easier to assign and manage inventory for each period of the year. 

Using historical pricing data in their structure, ML models noted links between demand volatility and 

price swings [13]. For instance, Random Forest and XGBoost noticed reduced prices and increased the 

demand for quickly sold products. Most QAD models designed to fit QAD systems didn't account for 

non-time-based factors like prices. The inclusion of price elasticity made it possible for ML to be much 

more accurate in predictions. Most importantly, these insights allow demand planners to estimate 

marketing responses and results in advance, as such options were not built into QAD's previous 

forecasting tools [32]. 

Using event-based flags, the ML models were told about external factors like holidays, campaigns, and 

shortages. When these were added as categorical variables, the accuracy of forecasts during small 

periods improved. LSTM models managed to predict local effects before and after an event, meaning 

the lag time was reduced. To illustrate, national holidays were followed by a strong increase in demand, 

allowing us to prepare adequate inventory in advance. QAD forecasts done in the traditional way do not 

include important details, which can result in overstocking or understocking. Since my response is quick 

to sudden changes, it fits nicely in current markets and systems not designed with agility [3]. 

Though simple time-series approaches are available on QAD for forecasts, the tools cannot be adjusted 

easily for fast-changing factors. The performance of the ML models was much higher than that of QAD's 

previous results. For instance, the results indicated that LSTM achieved an RMSE about 35% less than 

QAD output for the main key SKUs. In addition, with ML models, MAPE was below 11%, while QAD 

forecasts usually were higher than 18% [33]. The following chart demonstrates how using ML can help 

improve traditional ERP systems in planning demand with greater accuracy and speed. 

Table 4. Demand Planning Improvement with ML methods over traditional forecasting 

Metric QAD Forecast (Avg.) ML Forecast (Avg.) Improvement (%) 

RMSE 8.7 5.6 35.6% 

MAE 6.4 4.1 35.9% 

MAPE 18.1 10.9 39.8% 

 

3.3 Discussion 

Legacy QAD users can use ML-powered forecasting to understand in detail what is causing shifts in 

demand and resulting changes in stock [34]. Usually, this approach leads to decisions stuck in the past 

that only react to what just happened. When ML predictions are used, planners can create precise short- 

and long-term forecasts, improve the planning of materials (MRP), avoid running out of stock, and use 

their cash more efficiently. In addition, better forecasts stop the bullwhip effect from affecting the supply 

chain [26]. Even though QAD was not designed with this in mind, simulation suggests that adding a 

small amount of machine learning, such as forecast data in planning tables, can bring significant 

improvements. 

When using publicly accessible datasets and frameworks like XGBoost and LSTM, ML forecasting can 

be highly scalable and inexpensive [35]. Initially, companies may work on top-selling SKUs and expand 
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as they see real value in their work. It is essential to use APIs or scripts when connecting ML models to 

QAD because this saves data integrity and prevents the main system from being disrupted [36]. Using 

this strategy allows manufacturers to modernize whenever they are ready. Companies will gain a flexible 

demand planning approach and use their old systems in today's competitive, digital environment.  

Implementing ML technologies with QAD is hard because the software is from a previous era, has 

inflexible databases, and does not include support for sophisticated analytics [37]. QAD tables developed 

earlier are not for the data formats most ML software needs today. Also, QAD does not provide good 

real-time APIs to share information freely, so users must do the transfers via slow batches and manual 

procedures [36]. For this reason, direct deployment of security forces cannot occur. 

The people maintaining Legacy QAD environments are frequently unfamiliar with current data science 

tools. Using machine learning successfully requires learning about Python, popular frameworks for 

machine learning and processing workloads in the cloud [6]. Also, QAD systems typically work locally 

and can only access limited computing resources. It leads to difficulties in training and running data-

aware models such as LSTM. Closing the skills gap is essential to maximize ML in traditional ERP. 

Despite the difficulties in integrating, external APIs enable traditional QAD systems to connect with ML 

forecasts without altering QAD internals. It is possible to forecast using Python outside of QAD and 

write the forecasts safely back into the system via scripts or platforms. This allows companies to continue 

running stable systems as they include more intelligent choices in planning tables. When API ecosystems 

mature, outdated systems may use new forecasting tools with only a few infrastructure changes [36]. 

Azure ML, AWS SageMaker, and Google Cloud AutoML are cloud-based ML services that offer 

scalability and require little maintenance for those who have used legacy systems. Thanks to these 

platforms, companies no longer have to worry about how much space they have locally for training and 

running models. Data transfers can occur on a schedule or using APIs to supply forecasts for QAD 

planning cycles [36]. With cloud ML, testing new models, tracking different versions, and expanding 

resources when the business grows is easy. This model allows old QAD systems to be used as the new 

forecasting system is improved and upgraded. 

 

IV. CONCLUSION 

4.1 Summary of Findings 

The study indicated that using machine learning gave higher accuracy in demand forecasting results than 

traditional QAD methods. We demonstrated that using XGBoost, Random Forest, and LSTM instead of 

ARIMA and Moving Average significantly improved the results with the M5 Forecasting - Accuracy 

data [7]. The changes consistently improved RMSE, MAE, and MAPE metrics, making demand 

forecasts more accurate and up to date. Likewise, it was clear that these enhanced results appeared most 

often for main products and during times of fluctuating sales, such as promotions, which usually made 

legacy systems perform poorly because they were not designed to cope with change. 

ML techniques enhanced the accuracy of forecasts and, at the same time, revealed new details concerning 

demand drivers. Using feature engineering, the models recognized features linked to changes in the 

calendar, special sale prices, and events happening outside the company [38]. Most of these insights are 

beyond the reach of QAD tools designed a few decades ago because these tools cannot accept new 

features in real-time. Identifying such patterns supports better planning and improves a company's 

responsiveness. By integrating ML into QAD processes, manufacturers using obsolete ERP systems can 

modernize their processes, avoiding costly or extensive work [39]. 
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Combining both types of analysis proves that ML models may superimpose intelligent and adaptable 

behavior on standard QAD systems [40]. During the study, ML outperformed the other models with less 

inaccuracy and a stronger match to the actual sales results. This means tangible improvements in 

handling inventory, arranging production, and guiding the supply chain [26]. In simulating the 

integration, when forecasts are processed externally with ML engines, they can easily be used to update 

main QAD business tables. The findings indicate that data science is increasingly regarded as a way to 

update old codes smoothly. 

4.2 Limitations 

Even though the results are reassuring, they cannot be extended easily to each QAD dataset on the 

market. While the M5 dataset is similar to ours, it is public and de-identified, which means it may not 

fully reveal the details of particular QAD systems [41]. Depending on how tables are structured, names 

are created, and how long data is kept within a company, model accuracy could be impacted. For this 

reason, the results from this work should be checked and verified in each QAD system. Another 

weakness is that this study did not check the integration process in real-time. Data was forecasted and 

placed in QAD tables, yet the system was never made live. Therefore, the issue of data latency, ensuring 

synchronization or APIs failing to work correctly was not adequately handled. Thus, the report proposes 

examples of ideas, but they are not fully ready for practical applications. Data scientists, QAD 

administrators and business planners must cooperate from an IT viewpoint when implementing ML-

driven forecasting pipelines [42]. It is not easy to set up teamwork when there is insufficient 

infrastructure for different teams to work together or when groups are isolated. Using Python, APIs, or 

current data formats like Parquet or JSON may be difficult in legacy QAD environments [36]. In 

addition, how an ML model performs depends largely on adjusting hyperparameters, the volume of data, 

and how regularly the model is updated. A mistake in data collection or transactional records could make 

the system less effective [42]. Regular retraining is also essential, and this is only possible in new data 

pipeline systems, since many classic platforms cannot handle the task without significant changes. 

4.3 Future Directions 

Linking ML forecasting engines directly with QAD in real-time is promising. To do this, REST APIs or 

message queue systems send forecasts to QAD planning modules as needed. As a result, the ERP system 

would reflect current trends and changes in the marketplace. Maintaining the capacity of a machine 

learning model over time relies greatly on automated retraining [6]. A strategy based on rolling historical 

windows would support the models in matching new trends, seasonal changes, and product lifetimes. 

With the systems in place, the system works primarily by itself, decreasing the need for maintenance 

and increasing its ability to expand. Using a combination of models is also an option for boosting the 

design. Pairing ARIMA with ML techniques may offer interpretability and accurate predictions [43]. As 

an example, an ensemble can apply ARIMA to analyze long-term trends and LSTM to catch the most 

recent shifts in the data, resulting in a better and clearer way to make forecasts for use in production 

[16]. Cloud platforms for ML are more flexible and scalable than traditional systems used by QAD [44]. 

Using AWS SageMaker or Azure ML could make it easier to deploy, retrain, and implement a model in 

your ERP system [45]. These tools support logging, monitoring, and version control for building 

enterprise-level applications. Conducting further studies on deploying QAD-related exercises on the 

mentioned platforms would be beneficial. 

4.4 Broader Impact 

Applying machine learning to QAD and legacy ERP systems could improve performance. Organizations 

can improve their forecasting without replacing their key IT infrastructure. It can benefit manufacturers 

with fewer resources to handle ERP, but they still must adapt to increasing demand from the market and 
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customers [1]. With correct demand signals, companies use their resources more efficiently, save on 

keeping products in stock, and produce little waste. By supporting environmental and financial goals, 

ML helps businesses succeed in various ways [46]. They serve the business as powerful resources rather 

than causing trouble. Thanks to open-source software and cloud services, businesses can leverage data 

science. It reduces the span between what is invented and how it can be used in production. Validating 

ML in QAD systems suggests that traditional ERP systems should not act as barriers to progress but 

instead serve as a base for innovation [39]. As rules get stricter and supply networks span over more 

countries, accurately predicting demand becomes necessary not only for competitive reasons but also to 

follow the law and control risks [47]. ML models can easily change to reflect changes in external factors, 

unlike QAD formulas. As a result, the company can better ensure it will keep operating in challenging 

situations. In summary, using ML-based techniques to forecast demand offers an efficient way to 

improve QAD systems without completely changing the system. This study provides evidence that 

traditional ERP forecasting tools can outperform using standard datasets and modern ML technologies. 

Hybrid digital transformation is a good idea due to its accuracy, flexibility, and benefits in insights 

generation. With more companies facing unpredictable and complex conditions, ML allows them to 

manage and adapt to changes in aging systems. 
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