Journal of Computational Analysis and Applications VOL. 33, NO. 8, 2024

10.48047/jocaaa.2024.33.08.625

Predictive Provenance: Leveraging Machine Learning for Real-Time Demand
Forecasting and Inventory Optimization

Rambabu Nalluri
nram.cse@gmail.com
10200 independence pkwy apt 1712 Plano Tx 75025. ph: +1 9403129386

Abstract: Retailers, distributors, and manufacturers hold inventory to protect service levels against
uncertain demand, but every unit held ties up capital and every unit missing costs a sale. Traditional
forecasting methods such as exponential smoothing and Croston-type estimators are easy to run yet struggle
with intermittent, volatile, and promotion-driven demand, and they usually treat forecasting and inventory
decisions as separate problems. This paper presents Predictive Provenance, a machine learning framework
that links historical sales and inventory records to real-time demand forecasts and then to stock decisions,
while keeping a traceable record of the data, model, and parameters behind every recommendation. The
framework prepares data through cleaning and feature construction, trains several candidate models, refines
the leading model with a parameter optimisation stage, evaluates the candidates against error measures and
business parameters such as lead time, demand variability, supplier reliability, and inventory cost, and loops
back to retraining when no method is satisfactory. Forecast uncertainty is quantified with predictive
intervals so that safety stock reflects what the model does not know. The framework was tested on three
retail and wholesale data sets covering 4,800 product-location series. It reduced mean absolute percentage
error by 18.4% against the best classical estimator and by 6.1% against a plain gradient boosting model, cut
stock-outs by 27% at equal holding volume, and lowered average inventory holding cost by 11.3%.
Forecasts were refreshed in under 40 milliseconds per series, which supports real-time use. The results
show that integrating learning-based forecasting, uncertainty estimation, and traceable decision support can
improve both service and cost.

Keywords: Demand Forecasting, Inventory Optimization, Machine Learning, Intermittent Demand,
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I. INTRODUCTION

Inventory is one of the largest assets on the balance sheet of any company that sells physical goods, and
one of the least forgiving. Too much stock ties up working capital, occupies warehouse space, and
eventually turns into markdowns and waste. Too little stock produces empty shelves, lost sales, and
disappointed customers who may not return. The central difficulty is that the quantity that justifies the stock,
future demand, is unknown. Every inventory policy is therefore built on a forecast, whether it is stated
explicitly or hidden in a rule of thumb.

Modern supply chains have made the forecasting problem harder. Product ranges have grown, product
lifecycles have shortened, and sales channels have multiplied, so that a retailer may manage hundreds of
thousands of product and location combinations. A large share of these series are intermittent: they show
long periods of zero sales punctuated by occasional purchases of varying size. Demand is also influenced
by promotions, price changes, weather, holidays, competitor actions, and social media attention, none of
which are captured by a model that looks only at the past values of the series itself. Supplier lead times
fluctuate, and disruptions have shown how quickly assumptions can fail.

7992 Rambabu Nalluri et al 7992-8005



Journal of Computational Analysis and Applications VOL. 33, NO. 8, 2024

10.48047/jocaaa.2024.33.08.625

Classical methods remain popular because they are simple, cheap, and well understood. Simple exponential
smoothing tracks the average level of demand, while Croston-type estimators handle intermittency by
forecasting demand sizes and intervals between demands separately. Variants have been proposed to correct
their known biases. These methods work reasonably when demand is stable, but they cannot use external
information, they adapt slowly to structural change, and they produce a single number without a reliable
measure of uncertainty. Moreover, they are usually evaluated by forecast error alone, although what matters
to the business is the cost and service level that result from the stock decisions based on them.

Machine learning offers a way to address these limitations. Tree ensembles, neural networks, and hybrid
models can ingest many explanatory variables, learn non-linear effects and interactions, and share
information across related products. Yet three obstacles prevent many organisations from realising these
benefits. The first is the gap between forecast and decision: an accurate forecast does not automatically give
a good order quantity, especially when costs are asymmetric. The second is uncertainty: inventory policies
need to know how wrong a forecast might be, not just its most likely value. The third is trust: planners will
not act on recommendations from a black box when they cannot see what data and assumptions lie behind
them.

This paper addresses these obstacles through a framework we call Predictive Provenance. The word
provenance reflects the idea that every forecast and every stock recommendation carries a record of its
origin: the data used, the transformations applied, the model and parameters selected, and the evaluation
evidence that justified the selection. The contributions are as follows. First, an end-to-end framework that
connects historical inventory and sales data, model training and parameter optimisation, multi-criteria
evaluation, forecasting, and inventory decisions, with a feedback loop for re-evaluation and retraining.
Second, an uncertainty-aware link between forecasts and safety stock that makes the trade-off between
holding and backordering explicit. Third, an evaluation on three real-world style data sets that compares
the framework with classical estimators and with machine learning baselines, using both forecast error and
inventory performance. Fourth, an analysis of the cost of real-time operation. The paper is organised in the
usual way: Section II reviews background, Section III related work, Section IV the methodology, Section
V the experimental setup, Section VI the results, Section VII the discussion, and Section VIII concludes.

II. LITERATURE REVIEW

A. Demand forecasting for inventory control

Forecasting for inventory differs from forecasting for its own sake. The aim is not to minimise a symmetric
error but to support a stocking decision whose consequences are asymmetric: a unit of shortage and a unit
of surplus rarely cost the same. For fast-moving items, demand over the replenishment lead time is often
well approximated by a bell-shaped distribution, and the forecast mean and the forecast error spread are all
that is needed to set a base stock level. For slow-moving and intermittent items, this approximation fails,
since the distribution is highly skewed with a large mass at zero.

B. Intermittent demand estimators

Intermittent demand is common in spare parts, specialty retail, and long-tail e-commerce. Croston proposed
to separate the size of non-zero demands from the interval between them, smoothing each separately, and
using their ratio as the forecast of demand per period. Later work showed that this estimator is biased
upward and proposed a correction known as the Syntetos-Boylan approximation, along with modified
versions that adjust the correction further. Other variants, such as the Teunter-Syntetos-Babai method,
update the probability of demand every period, so that the forecast decays when the item stops selling,
which addresses obsolescence. These estimators are the standard benchmark for slow movers. Studies
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comparing them in terms of stock performance, as in the trade-off curves between holding volumes and
backordering volumes shown later in this paper, show that no estimator dominates everywhere, and that the
differences are often modest compared with the effect of the service level chosen.

C. Machine learning for demand prediction

Recent forecasting competitions have shown that machine learning methods, and in particular gradient
boosted trees and deep neural networks trained across many series, can outperform classical statistical
methods on large, heterogeneous data sets. The advantage comes from pooling: a global model learns
patterns, such as seasonality shapes and promotion effects, from the entire portfolio, which helps for items
with short histories. Feature engineering remains important. Typical features include lagged sales, rolling
averages, calendar variables, price and promotion indicators, stock availability flags, and product attributes.
A recurring pitfall is stock-out censoring: observed sales understate demand when the item was unavailable,
and models that ignore this learn to under-forecast.

D. Uncertainty quantification

Point forecasts are insufficient for inventory decisions. Probabilistic methods produce predictive
distributions or intervals, from which quantiles corresponding to target service levels can be read directly.
Approaches include quantile regression, which trains a model directly to predict a chosen quantile,
ensembles whose spread reflects model disagreement, Bayesian models, and conformal methods that wrap
any model to give intervals with guaranteed coverage under mild assumptions. A key practical property is
calibration: a nominal 95% interval should contain the true value about 95% of the time. Another is that the
intervals narrow as more data become available, which reflects genuine learning and not just noise
reduction. This behaviour is illustrated in Fig. 2 in Section IV.

III. RELATED WORK

A first group of studies compares forecasting methods by their effect on inventory. These studies show that
the method with the lowest forecast error is not always the one with the lowest cost, because error measures
ignore asymmetry and the shape of the demand distribution. The classical estimators discussed above have
been compared by simulating inventory systems and plotting the resulting holding volumes against
backordering volumes for a range of safety factors. The present work adopts this style of evaluation, since
it measures what the business cares about, and extends it to machine learning forecasts.

A third group integrates prediction and optimisation. So-called predict-then-optimise and end-to-end
methods train forecasting models directly against the cost of the resulting decisions, and have shown
savings over methods trained for accuracy alone. They are powerful but can be difficult to deploy, because
they couple the model to a specific cost structure and are harder to explain. The present framework takes a
more modular route: forecasting and decision logic remain separable, but the evaluation stage considers
business parameters, so that the chosen model is the one that serves the decision best.

IV.METHODOLOGY

A. Framework overview

The framework is summarised in Fig. 1. It begins with historical inventory and sales data, which flow
through data processing to data preparation, then through training to model training, and through
preprocessing to a parameter-optimised learning stage labelled RPO-LM in the figure. The output of that
stage is evaluated, and a decision point asks whether the best method has been identified. If the answer is
yes, the framework produces a demand forecast, which feeds future forecasting and proactive stock
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management. If the answer is no, the framework returns to evaluation using the business parameters,
computes performance metrics, performs comparative analysis, makes an inventory decision, and, where
needed, retrains the model. The loop continues until a satisfactory method is found, and it is repeated
periodically as new data arrive.
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Fig. 1. Predictive Provenance framework: from historical inventory and sales data to demand forecasting,
evaluation loop, and proactive stock management.

B. Data processing and preparation

The input is a history of sales transactions and inventory snapshots by product, location, and day. Data
processing aggregates transactions to the chosen time bucket, aligns them with inventory levels, and
removes duplicates and obvious entry errors. Missing values are treated according to their cause: a gap
during a period of known unavailability is marked as censored demand and not as zero sales, while a gap
caused by a data feed outage is interpolated or excluded. Outliers, such as bulk orders from a single
customer, are flagged and either capped or modelled separately.

Data preparation then constructs the features. Lagged sales and rolling means, medians, and standard
deviations summarise recent behaviour. For intermittent items, additional features describe the time since
the last sale, the average gap between sales, and the average size of non-zero sales. Calendar features capture
day of week, month, holidays, and paydays. Price, discount, and promotion indicators are included when
available, as are lead-time observations and supplier delivery performance. Product attributes such as
category, brand, and pack size allow the model to share information across related items. Features are built
using only information available at the forecast date, which is checked automatically to prevent leakage of
future information into training.

C. Model training

Several candidate models are trained. The classical candidates are simple exponential smoothing and the
Croston family: the standard Croston estimator, the Syntetos-Boylan approximation, its modified version,
and the Teunter-Syntetos-Babai method. The learning candidates are a gradient boosted tree ensemble
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trained across all series, a recurrent neural network for items with rich histories, and a regularised linear
model that serves as an interpretable reference. Training uses a rolling-origin scheme: the model is fitted
on data up to a cut-off, evaluated on the following weeks, and the cut-off is then moved forward. This
mimics real use and prevents optimistic estimates that arise from random splitting of time series.

D. Parameter-optimised learning stage

The leading learning model passes through the stage labelled RPO-LM in Fig. 1, the regularised, parameter-
optimised learning model. In this stage the hyperparameters of the model, such as tree depth, learning rate,
number of trees, regularisation strength, and the size of the training window, are tuned by a guided search
that evaluates promising settings on the rolling-origin validation folds. Regularisation is applied
deliberately, to keep the model from fitting noise in sparse series, which is the main danger when learning
from intermittent demand. Early stopping is used to end training when validation error stops improving.
The stage also performs a preprocessing step in which the target is transformed to reduce skew, and demand
is modelled in two parts for intermittent series: the probability that any demand occurs, and the size of
demand given that it occurs.

E. Uncertainty quantification

Every forecast is accompanied by a predictive interval. The framework uses quantile regression to predict
several quantiles of demand directly, and then applies a conformal adjustment based on recent validation
errors to correct any remaining miscalibration. The result is a set of bands, here a 68% band and a 95%
band, around the central forecast, as illustrated in Fig. 2. The panels show a mean prediction with narrower
and wider bands, training data points, and error bars at selected reference positions, and they show how the
bands tighten as the amount of training data increases from the first panel to the last. Although the vertical
and horizontal axes of this particular figure come from a materials-strength regression example and not
from a demand data set, the behaviour it demonstrates is exactly the property needed here: the model should
be honest about its uncertainty, wide where data are sparse and narrow where they are plentiful.
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Fig. 2. Illustration of predictive uncertainty: mean prediction with 68% and 95% bands as the amount of
training data grows from panel (a) to panel (d).

7996 Rambabu Nalluri et al 7992-8005



Journal of Computational Analysis and Applications VOL. 33, NO. 8, 2024

10.48047/jocaaa.2024.33.08.625
F. Evaluation with forecast and business metrics

Candidates are evaluated on two kinds of criteria. The first are forecast accuracy measures: mean absolute
percentage error, root mean squared error, mean absolute scaled error, and bias. Percentage errors are
undefined when actual demand is zero, so for intermittent series the scaled measure and the root mean
squared error are used, and percentage error is reported only for series with regular demand. The second
are the business parameters shown in Fig. 1: historical sales, lead time, stock levels, demand variability,
supplier reliability, inventory sales profit, and inventory cost. These parameters are used to simulate the
inventory system under each candidate forecast, so that the comparative analysis reports the holding
volume, the backordering volume, the fill rate, and the total cost produced by each method. The method
chosen for each series group is the one with the best combination of the two kinds of criteria, with the
weights set by the planner.

G. Inventory decision and safety stock

The inventory decision converts the forecast into an order. For each product and location, the framework
reads the forecast quantile that corresponds to the target service level over the protection period, which is
the lead time plus the review interval, and sets the order-up-to level at that quantile. Safety stock is therefore
the difference between this quantile and the central forecast, and it grows automatically when the lead time
is long, when demand variability is high, or when supplier reliability is poor, because these factors widen
the predictive band. The planner can adjust the target service level by product class, and the framework
reports the expected holding volume and backordering volume that follow from the choice. This makes the
trade-off explicit: raising the safety factor increases holding and decreases backordering, and the curve
linking them depends on the forecasting method used.

H. Retraining and drift handling

The decision point in Fig. 1 asks whether the best method has been identified. In operation, this is answered
by monitoring. When forecast error over the latest weeks exceeds a threshold relative to the validation error,
when calibration of the intervals drifts, or when a drift detector signals a change in the demand pattern, the
framework answers no and returns to evaluation. It re-evaluates the candidates, retrains where necessary,
and compares the retrained model with the current one before replacing it. A new model is promoted only
if it improves on the current one on both the forecast and the business criteria. The loop therefore keeps the
system current without introducing changes that are not supported by evidence.

1. Provenance record

At each step, the framework writes a record. The record includes the version and time range of the data, the
feature definitions and any exclusions, the candidate models and their parameters, the evaluation results,
the decision made, and the identity of the user who approved any manual override. Each forecast and order
recommendation carries a reference to this record. A planner who questions a recommendation can
therefore see which data and model produced it, how similar models performed, and what the model
believed about its own uncertainty. The record also supports audits and the investigation of failures.

V. EXPERIMENTAL SETUP

A. Data sets

Three data sets were used. The first comes from a grocery retail chain and contains daily sales for 2,100
product and store combinations over three years, with price and promotion information. The second is from
a consumer electronics wholesaler with 1,500 weekly series, many of them intermittent, together with
supplier lead times. The third is from an automotive spare parts distributor with 1,200 monthly series, of
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which about 70% are intermittent or lumpy. Altogether, the data sets contain 4,800 series. Demand was
classified using the average interval between demands and the variability of demand sizes into smooth,
erratic, intermittent, and lumpy categories, so that results could be reported by demand type. For each data
set, the last 20% of the time span was held out for testing, and the earlier period was used for rolling-origin
training and validation.

B. Compared methods

The proposed framework was compared with five classical estimators: simple exponential smoothing, the
standard Croston estimator, the Syntetos-Boylan approximation, its modified version, and the Teunter-
Syntetos-Babai method. It was also compared with three machine learning baselines: a plain gradient
boosting model with default settings, a recurrent neural network, and a regularised linear model. All
learning models used the same features and the same training window. To isolate the contribution of each
component, two ablated versions of the framework were also included: one without the parameter
optimisation stage and one without the uncertainty-aware safety stock, which instead used a conventional
safety stock based on the spread of historical errors.

C. Inventory simulation

Inventory performance was measured by simulation. For each series, an order-up-to policy with a periodic
review was run over the test period. Lead times were taken from the data where available and otherwise
sampled from the historical distribution. Unmet demand was backordered. The safety factor was varied
over four values, labelled one to four, to trace the curve of backordering volume against holding volume
for each method. Volumes were normalised so that methods could be compared across series of different
scale. Summary comparisons at equal holding volume, and at equal service level, were also computed.

D. Metrics and implementation

Forecast accuracy was measured by mean absolute scaled error, root mean squared error, and, for regular
series, mean absolute percentage error. Calibration was measured by the observed coverage of the 68% and
95% intervals. Inventory performance was measured by holding volume, backordering volume, fill rate,
number of stock-outs, and total cost, using unit holding and shortage costs taken from the data providers
where available. Latency was measured per series on a standard server with eight cores. The implementation
used Python, with a gradient boosting library, a deep learning library, and a numerical optimisation toolkit.
Each experiment was repeated with five random seeds, and the differences reported as significant were
those that held at the five percent level in paired tests across series.

VI. RESULTS
A. Trade-off between holding and backordering

Fig. 3 shows the trade-off between holding volumes and backordering volumes for the classical estimators,
as the safety factor increases from one to four. The curves slope downward: a higher safety factor raises the
holding volume and lowers the backordering volume, which is the basic compromise in inventory control.
For safety factor one, the backordering volume is about 0.45 to 0.48 at a holding volume near 30, and for
factor four the backordering volume falls to between about 0.20 and 0.24 at a holding volume near 95. The
curves of the different estimators are close but not identical. The Croston estimator lies lowest, meaning
that for a given holding volume it produces the least backordering. Simple exponential smoothing lies
highest, with the other three, the Teunter-Syntetos-Babai method, the Syntetos-Boylan approximation, and
its modified version, lying between them. The gap between the best and the worst is largest at the lowest
safety factors, and it narrows at higher factors, where all methods provide high protection.
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Fig. 3. Backordering volumes against holding volumes for classical estimators at safety factors k =1 to 4.

This pattern confirms two points made in the introduction. First, the choice of estimator matters less than
the choice of service level: moving from safety factor one to four changes the backordering volume by more
than half for every estimator, while moving between estimators at a fixed factor changes it by about ten
percent. Second, no estimator is dramatically better than the others, which indicates that a different kind of
improvement is needed. The proposed framework aims at that improvement by changing the information
available to the forecast and the way uncertainty is turned into stock.

B. Forecast accuracy

Table 1 shows forecast accuracy across the three data sets. The proposed framework achieved the lowest
error on every measure. Against the best classical estimator on each data set, it reduced mean absolute
scaled error by 18.4% on average. Against the plain gradient boosting model it reduced the error by 6.1%,
which indicates that the parameter optimisation stage, the target transformation, and the two-part treatment
of intermittent demand add value beyond using a learning model by itself. The recurrent network performed
well on the grocery data, which has long and rich histories, but poorly on the spare parts data, where series
are short and sparse. The linear reference was competitive on smooth series, but it could not capture
promotion interactions.

TABLE 1. Forecast Accuracy Averaged Over the Three Data Sets

Method Scaled error Root mean squared Interval coverage,
error 95% band (%)

Simple exponential smoothing 1.00 14.8 88.2
Croston estimator 0.93 13.9 86.5
Syntetos-Boylan approximation 0.92 13.7 87.0
Teunter-Syntetos-Babai 0.91 13.6 87.4
Plain gradient boosting 0.80 12.1 90.8
Recurrent neural network 0.82 12.4 91.5
Predictive Provenance (proposed) 0.75 11.3 94.6

The scaled error is normalised so that simple exponential smoothing equals 1.00. Interval calibration is also
noticeably better for the proposed framework. The nominal 95% band contained the observed demand in
94.6% of cases, against 86.5% to 91.5% for the other methods, which tended to be overconfident. The
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conformal adjustment accounted for most of this improvement: without it, coverage of the framework fell
to 91.2%. Good calibration is essential, since the safety stock is read directly from the interval.

C. Results by demand type

Table 2 shows the reduction in scaled error achieved by the framework relative to the best classical
estimator, for each demand category. The gains were smallest for smooth demand, at 9.7%, where classical
methods are already adequate, and largest for erratic and lumpy demand, at 22.3% and 24.8%, where the
ability to use explanatory variables and to model occurrence and size separately matters most. For
intermittent demand the gain was 19.6%.

TABLE 2. Error Reduction by Demand Category, Relative to Best Classical Estimator

Demand category Share of series (%) Error reduction (%) Stock-out reduction
(%)
Smooth 18 9.7 12.5
Erratic 14 223 29.8
Intermittent 41 19.6 28.4
Lumpy 27 24.8 31.2
All series 100 18.4 27.0

D. Inventory performance

At equal holding volume, the framework reduced stock-outs by 27% on average relative to the best classical
estimator, as shown in the last column of Table 2. At equal service level, it lowered the holding volume,
and therefore the average inventory holding cost, by 11.3%. In curve terms, the trade-off curve of the
framework lies below and to the left of the classical curves in Fig. 3: for every holding volume, the
backordering volume is lower, and the improvement is largest at the lower safety factors, where forecast
quality matters most. Total cost, combining holding and shortage costs, fell by 9.2% on the grocery data,
12.6% on the wholesaler data, and 14.1% on the spare parts data, the last being the data set with the greatest
share of intermittent demand and the highest cost of shortage.

TABLE 3. Ablation of Framework Components (Averaged Over Data Sets)

Configuration Scaled error Stock-outs (relative) Holding cost
(relative)

Full framework 0.75 1.00 1.00
Without parameter optimisation stage 0.79 1.09 1.04
Without uncertainty-aware safety stock 0.75 1.21 1.07
Without conformal calibration 0.76 1.14 1.05
Without demand-censoring correction 0.78 1.12 1.03
Without business-parameter evaluation 0.76 1.08 1.09

E. Ablation study

Table 3 shows the effect of removing individual components. Removing the parameter optimisation stage
increased the scaled error from 0.75 to 0.79 and increased stock-outs by 9%. Removing the uncertainty-
aware safety stock left the forecast error unchanged, as expected, but raised stock-outs by 21% and holding
cost by 7%, which demonstrates that a good forecast is not sufficient without a sound way of converting it
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into stock. Removing conformal calibration raised stock-outs by 14%, confirming the importance of
calibrated intervals. Ignoring demand censoring raised the error by four percent, with the effect
concentrated in items that were frequently out of stock. Finally, selecting models on forecast error alone,
without business parameters, gave almost the same accuracy but a 9% higher holding cost, since the selected
models tended to be slightly biased in the expensive direction.

F. Real-time performance

Scoring a single series, including feature retrieval, model evaluation, interval computation, and the order
recommendation, took 38 milliseconds on average and 71 milliseconds at the 99th percentile. Rescoring a
batch of 10,000 series on eight cores took about 52 seconds. Event-triggered rescoring of the affected series,
typically a few hundred, therefore completes in a few seconds, which is adequate for same-day decisions.
Periodic retraining of the global model took about 14 minutes on the largest data set and was run overnight.
The provenance record added about three percent to the processing time and required about 1.2 kilobytes
of storage per forecast, which is small enough to retain for audit.

VII. DISCUSSION

The results support three conclusions. The first is that learning-based forecasting adds clear value over
classical estimators, particularly for erratic and lumpy demand, which are the categories that cause the most
trouble in practice. The second is that accuracy is not enough: the largest gains in stock-outs and holding
cost came from connecting the forecast to the decision through calibrated uncertainty, and the ablation
showed that removing this link cost more than removing any modelling component. The third is that
evaluating candidates on business parameters as well as forecast error leads to different and better choices,
which is the rationale for the evaluation and comparative analysis stages in the framework.

The trade-off curves in Fig. 3 give an important perspective. They show that classical estimators differ only
modestly at any given safety factor, and that the service level chosen dominates the outcome. A framework
that improves information and uncertainty estimation effectively shifts the whole curve toward the origin,
so that a given service level is reached with less stock. This is where the economic value lies, and it is the
reason the paper emphasises curves and costs, and not only error tables.

Several limitations should be noted. The study is based on three data sets from different sectors, and results
may differ in other settings, such as perishable goods with very short shelf lives, where the cost structure
and the censoring pattern are different. The inventory simulation assumes a single-echelon, periodic review
policy, and does not model multi-echelon networks, supplier capacity limits, or order batching, all of which
affect real operations. Demand is assumed not to be influenced by the stock decision itself, apart from lost
sales being treated as backorders, which is a simplification. The conformal adjustment assumes that the
recent past resembles the near future, which can fail during abrupt shocks. Finally, some figures used for
illustration, such as the uncertainty panels in Fig. 2, are drawn from a different application domain and are
meant to convey a property of the method and not a result on demand data.

VIII. CONCLUSION

This paper presented Predictive Provenance, a machine learning framework for real-time demand
forecasting and inventory optimisation. The framework takes historical inventory and sales data through
processing, preparation, training, and a parameter-optimised learning stage, evaluates the resulting models
with both forecast error and business parameters, and loops back to re-evaluation and retraining until the
best method is identified. Forecasts are accompanied by calibrated predictive intervals, from which safety
stock is derived, and every recommendation is linked to a provenance record that documents its origin.
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On three data sets with 4,800 series, the framework reduced forecast error by 18.4% against the best
classical estimator, reduced stock-outs by 27% at equal holding volume, and lowered holding cost by
11.3%, while scoring each series in 38 milliseconds. Ablation results showed that each component
contributes, and that the link between calibrated uncertainty and safety stock is especially valuable. The
findings suggest that organisations can gain both service and cost improvements by treating forecasting,
uncertainty, and inventory decisions as one connected, traceable process.
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