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overall
Agenda

AI & Machine Learning in Demand Forecasting: 
Setting the Context

4 Building a Machine Learning Forecast 
(Hands-On)

Python Foundations for Machine Learning 
(Hands-On)

3

Neural Networks for Demand Forecasting2

1

5 AI and the planner…
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AI & Machine Learning (ML)
in Demand Forecasting

Setting the Context

1
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AI improves forecasting performance 
when it is embedded within a 
disciplined S&OP / IBP process, 
not when treated as a standalone 
solution

IBF ViewIBF View
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AI in a Forecasting Environment can…

enhance forecasts through improvements in pattern 
detection, scalability, and automation

incorporate more data sources (internal and external 
signals)

enable faster scenario analysis and exception 
identification  

increase planners’ focus on decision-making by 
substituting for manual data work

IBF ViewIBF View
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AI in a Forecasting Environment should not…

be a “black box replacement” for forecasting processes 

eliminate the need for domain expertise, collaboration, 
and governance 

support poor data, poor processes, or lack of 
organizational alignment 

be positioned as “fully autonomous planning” in most 
real-world environments today 

IBF ViewIBF View
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Is Machine Learning AI?
https://cloud.google.com/learn/artificial-intelligence-vs-machine-learning#what-is-machine-learning

Machine Learning as a 
component of AI

1 of 3
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Machine Learning as a component of AI

https://virtualizatio
nteam.com/artificia

l-intelligence-
ai/artificial-

intelligence-model-
types.html

Machine Learning as a 
component of AI

2 of 3
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https://ischool.syracuse.edu/types-of-ai/

Machine Learning as a 
component of AI

3 of 3
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4 key types of analytics
per https://online.hbs.edu/blog/post/types-of-data-analysis

• Descriptive

• Diagnostic

• Predictive

• Prescriptive
What should we do 
next

What happened

What might happen in 
the future

Why did it happen
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Descriptive Analytics
Examples of methods to learn what happened

SummaryExamplesMethod

group similar observationsK-Means
Wards Hierarchical

Cluster Analysis

summarize data into key, 
underlying factors

Principal Components AnalysisDimension Reduction 

find patterns (coinciding events)Apriori
FP-growth

Association Rules

find patterns (outliers)k-Nearest Neighbors
Distance to Centroid

Anomaly Detection
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Diagnostic Analytics
Examples of methods to learn why something happened

SummaryExamplesMethod

Explain demand by culling  
relevant drivers from a pool of 
many

Lasso
ElasticNet
Stepwise Regression

Regression with 
variable selection

Explain demand (or event) based 
on compound  rules derived from 
causal factors

C&RT
Random Forests

Decision Trees

In the context of a predictive 
model, explain what drove result

Leave-one-feature-out (LOFO)
Shapley Additive Explanations

Feature Importance 
& Explainability

Define “normal” in order to identify 
unusual patterns

one-class SVM
Isolation Forest

Anomaly detection
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Predictive Analytics
Examples of methods to learn what might happen in the future

SummaryExamplesMethod

Predict future demand or event occurrence 
with causal factors

Linear regression 
Logistic regression

Regression Analysis

Predict future demand (or event) based on 
compound  rules derived from causal factors

C&RT
Random Forest

Decision Trees

Predict future demand based on its historical 
pattern

Decomposition
Holt-Winters
ARIMA

Time Series Methods

Predict future demand by recognizing 
complex patterns of demand and causal 
factors

Feed-forward NetworkNeural Networks
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Prescriptive Analytics
Examples of methods to learn what we should do next

SummaryExamplesMethod

Find the best solution from all possible 
choices, given a goal and constraints

Linear Programming
Dynamic Programming

Optimization 
Algorithms

Learns by trial and error with rewards 
and penalties

Q-Learning
SARSA

Reinforcement 
Learning

Randomly sample inputs to estimate 
possible outcomes of a problem 
(model)

Monte Carlo simulationSimulation 
Methods

determine whether one thing actually 
causes another; predict the impact of 
an action on an outcome.

Instrumental Variables
Causal Trees/Causal Forests
T-Learner, S-Learner, X-Learner

Causal Inference 
& Uplift Models
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How do neural networks and large language models relate to AI?
Search: Finding a solution to a problem, like a 
navigator app or figuring the next move in a game

Knowledge: Representing information and drawing 
inferences from it

Uncertainty: Dealing with uncertain events using 
probability

Optimization: Finding the best way to solve a problem

Learning: Improving performance based on access to 
data and experience

Neural Network: A program structure inspired by the 
human brain to perform tasks

Language: Processing natural language used by 
humanshttps://www.edx.org/cs50



16

16

Neural networks in forecasting workflows
• Many workflows for short-term forecasting rely on univariate time-series 

models

• When longer-term forecasts are required, cause-and-effect models may 
generate more reliable forecasts

• When relationships between causal variables (predictors) and the result 
(demand forecast) are nonlinear or subject to interactive rules, neural 
networks can provide additional insights

• Neural networks are especially useful for “hard to forecast” products 
that are of significant value to the company
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Should all products be 
forecasted in the same way?

“Products differ widely, some have long, 
stable demand histories, while others are 
new, volatile, or exhibit intermittent 
patterns…

Segmenting a product portfolio for 
demand forecasting is essential because 
it enables businesses to tailor their 
predictions to the unique characteristics 
of each product group.”
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Large Language Models (LLM’s) 
are not forecasting engines, they 
play a supporting role

IBF ViewIBF View
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LLM’s in a forecasting workflow can…

Translate data into business insights and narratives

Assist with forecast review explanations and reporting 

Support collaboration across teams (e.g., summarizing 
inputs, risks, assumptions)

Enable faster interaction with data (natural language 
queries, copilots) 

Help to structure scenario discussions and decision 
frameworks 

IBF ViewIBF View
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LLM’s in a forecasting workflow should not…

be used as primary statistical forecasting models 

replace time-series, causal, or ML-based forecasting 
approaches 

IBF ViewIBF View
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Statistics vs. Machine Learning
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Machine LearningStatistics
Supervised LearningPrediction

Unsupervised LearningDescription

Features, InputsIndependent Variables (x)

Target or Training ValueDependent Variable (y)

OutputPredicted (Fitted) Dependent Variable (ŷ)

BiasConstant

ErrorsResiduals

Some say that many of machine learning’s techniques are simply “borrowed” from statistics…

Quantitative Analysis
Vocabulary for Statistics vs. Machine Learning

(predictors)
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Cause & Effect Forecasting I
Linear Regression

2
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Quantitative Analysis
Background: 1 of 3Distributions

Univariate, Scalar or Continuous Variable

Errata: distributed copy was slightly off in boundaries for +/- and IQR

https://www.biologyforlife.com/skew.html
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Quantitative Analysis
Background: 2 of 3Correlation

a measure of linear coincidence
Correlation
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Quantitative Analysis
Background: 3 of 3Regression Refresher

0
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25000

30000

0.0 10.0 20.0 30.0 40.0 50.0

e

a  {

b

You’ll forecast by the equation, 
Y = a + bx

In this example, 
Y = 8000 + 400X

Simple Regression Analysis is a statistical 
technique to measure the relationship 

between what you would like to forecast 
(Y) and a measure that affects it (X)

Errata: distributed X coefficient 40, rather than 400
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What it is/how it works

Linear Regression
Estimate an equation to predict Y from one or more X’s

modified from 
https://stackoverflow.com/questions/47344850/scatterplot3d-regression-plane-with-residuals

x1

x2

In this example, 
Y = a + b1X1 + b2X2 + e
In this example, 
Y = a + b1X1 + b2X2 + e
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PREDICTING 
LEVELS       vs.        EVENTS

Linear  R eg ressio n
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By the way…
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Predictive Model Performance
Mean Average Percent Error (MAPE)

How to Evaluate Results

For intermittent demand (many Actuals=0), consider Mean 
Absolute Error, a.k.a. Mean Absolute Deviation (MAD)=

∑ |஺ିி|

ே
; 

see https://robjhyndman.com/papers/foresight.pdf



30

30

How to apply itHow to apply it

DetailsStep#

…for what you wish to forecast (dependent variable or target) and the 
predictors (independent variables or features) that you think are associated

Assemble data…1

• “training” and “test” data
• Be wary how a model fits vs. how it forecasts (MAPE, MAE)
• Historic random variation can be mistaken for “the real thing”
• Hence, a predictive model should be tested on data that did not create it

Separate “ex post” 
holdouts

2

And see what it did with those ex post holdouts!Fit the model with 
“training” and “test”

3

… with training and test data combined so your data is as current as possibleRe-fit …4

Given future estimates of predictorsForecast (extrapolate)5

Forecasting Process
is the same whether your model is linear regression or a neural network
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Cause & Effect Forecasting II
Neural Network

2
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(Artificial) Neural Network 
Defined

A neural network is a computational model
inspired by the human brain, 

consisting of interconnected processing units 
that work together to recognize patterns 

and map inputs to outputs

Citation (adapted from):
Haykin (2009); Russell & Norvig (2021); Goodfellow et al. (2016)
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Neural Network
Comparison with Brain

Neural NetworkBrain

Neurons number from few to hundreds or 
thousands

100,000,000,000 neurons

Pattern recognitionPattern recognition

Vast amount of data (or signals)Vast amount of perceptions

Learns relatively slowlyLearns relatively quickly

Parallel processing of multiple inputs is aggregated 
through arithmetic combinations between nodes

Parallel processing of multiple inputs is 
aggregated through synapses between 

cells
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https://youtu.be/jmdPOaTpZWA?si=jy-rbNJUhWe-JA10 per Horton JC, Adams DL. The cortical column: a structure without a function. Philos
Trans R Soc Lond B Biol Sci. 2005 Apr 29;360(1456):837-62. doi: 10.1098/rstb.2005.1623. PMID: 15937015; PMCID: PMC1569491. 



35

35

A Single Neuron
Can compute a linear combination  that looks like linear regression…

X2

w1

w2

w3

w1X

w2X

w3X

Pi

Start with a linear weighted sum, where the 
weights are just like regression’s ...

Or  w1X1 + w2X2 + w3X3

X1

X3
adapted from 
https://blog.dailydoseofds.com/p/an-intuitive-guide-to-non-linearity-9bb

“constant”
, a or m

e.g., for 3 inputs,
w1X1 + w2X2 + w3X3 + b
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Add an Activation Function
to impart non-linearity…

w1

w2

Pi

https://blog.dailydoseofds.com/p/an-intuitive-guide-to-non-linearity-9bb

e.g., for 3 inputs,
max(w1X1 + w2X2 + w3X3 + b, 0)
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Neural Net: Initialize
make a guess about the weights, which—in turn—makes a guess about the output (Y)

X1

Y^ X2

X3

h3
f()

h2
f()

h1
f()

Reference:  
https://becominghuman.ai/basics-of-

neural-network-bef2ba97d2cf

^

w1.1

w1.2

w1.3

w2.1

w3.1

w2.2

w3.2

w2.3

w3.3

REMEMBER:
Each hidden node 

hi = f(wiXi + bi)

v1

v2

v3

Y = f(vihi + bO)

b1

b2

b3
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Backward Propagation
Recognize the extent of the error, to allow adjustment of a weight

X1

Y^ X2

X3

h3
f()

h2
f()

h1
f()

Reference:  
https://becominghuman.ai/basics-of-

neural-network-bef2ba97d2cf

^

w1.1

w1.2

w1.3

w2.1

w3.1

w2.2

w3.2

w2.3

w3.3

REMEMBER:
Each hidden node 

hi = f(wiXi + bi)

v1

v2

v3

Y = f(vihi + bO)

b1

b2

b3
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Feed-Forward
given weights, compute the output (Y)

X1

Y^ X2

X3

h3
f()

h2
f()

h1
f()

Reference:  
https://becominghuman.ai/basics-of-

neural-network-bef2ba97d2cf

^

w1.1

w1.2

w1.3

w2.1

w3.1

w2.2

w3.2

w2.3

w3.3

REMEMBER:
Each hidden node 

hi = f(wiXi + bi)

v1

v2

v3

Y = f(vihi + bO)

b1

b2

b3
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May we please have a
Volunteer?
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?

b =Starting position

X1 = Direction

X2 = Force

X3 = Loft

What just happened?
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Neural Net:  Nuts and Bolts
• Partial derivatives essentially tell you how changing the error can be 

attributed to the weights 

• Cost function—like linear regression’s minimizing the sum of squared 
errors—is how those errors should be interpreted for optimization

• Learning rate is how big an adjustment you allow when a weight changes

• Activation function is how you process output that would otherwise be 
linear (e.g., to separate classification tasks)

Reference:  https://becominghuman.ai/basics-of-neural-network-bef2ba97d2cf

What it is/how it works
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Neural Network’s Advantage Over Regression
is Nonlinearity of Activation Function

within its hidden layers
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Nonlinear Activation Functions
Examples

AdvantagesNon-linear function

• Many ReLU nodes will combine to approximate a curvilinear surface with 
multiple inflection points

• Works well in deep networks

ReLu

• Output centered around 0
• Middle essentially linear, with extremes dampened

Tanh

• Output between 0 and 1, yielding a probability for event prediction
• Historically important in early neural networks

Sigmoid
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What is “ReLU”?
(Rectified Linear Unit)

• An activation function which 
returns a linear result only 
when it is positive

• We can think of this “positive 
only” result as a signal that is 
“turned on” only when certain 
conditions are true

• Those conditions are the 
combinations of X’s which—
when the current weights and 
bias are applied—yield a 
positive result
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ReLU example 
1 input, 1 hidden layer, 1 output

Y^ 
X 1.5h1 − 2h2 + 1h3  + 0.5

ReLU(
1x + 2

)

ReLU(
1x + 0

)

ReLU(
1x -2

)

h1

h2

h3

or

w1=1

w2=1

w3=1

bias=2

bias=0

bias=-2

v1=1.5

v2=-2

v3=1

bias=0.5
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ReLU Example 

Output = 1.5h1  − 2h2  + 1h3  + 0.5
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ReLU Example 

Each ReLU node contributes:
“After my cutoff point, I change the slope of 
the function”

Assembly of network result:
1.Start with a baseline (the constant +0.5) 
2.Add slope changes at different points 
3.Build a curve by stitching together straight 
segments 

NOTE: the more segments, the smoother 
and more curve-like the result
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X1

Y^ X2

X3

wi
Xi

wi
Xi

wi
Xi

What it is/how it works

Conventional Depiction
3-input network with 1 hidden layer of 3 nodes
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X

Y^ X

X
wi
Xi

wi
Xi

wi
Xi

wi
Pi

wi
Pi

wi
Pi

What it is/how it works

Conventional Depiction
3-input network with 2 hidden layers of 3 nodes each
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Excel:  Data setup for Tiberius
(You can paste in your own!)

“bias” column must be populated with value of 1 for every 
observation

Target (dependent variable) must be in rightmost column

No missing values are permitted (for now)
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Excel files at forecastMethods.com
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Excel-based example

Tiberius original code by Phil Brierley, PhD
…Then vs. Now (www.philbrierley.com )  ……Then vs. Now (www.philbrierley.com )  …



54

54

Demo:  Neural Network
https://forecastMethods.com , downloads:
• neuralNet_cfTiberius.xlsm
• HowToRun_neuralNet_cfTiberius.pptx

Examples
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https://forecastmethods.com/ , click “neuralNet_cfTiberius.xlsm”

Excel-based example

Try it!Try it!
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A Working Introduction to Python

3
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Python is not a required tool for 
forecasting, but it is increasingly 
common across advanced analytics 
teams, especially where forecasting 
is evolving beyond traditional tools

IBF ViewIBF View
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Why Python is widely used 
for forecasting and analytics

Strong libraries for forecasting and ML 

Flexibility to integrate data engineering, modeling, and 
deployment 

Large global community and continuous innovation 

Ability to handle both structured and unstructured data 

Compatibility with modern data stacks and cloud 
environments 

IBF ViewIBF View
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How Python is like Excel
PythonExcelConcept

pandas DataFrameSpreadsheetData table

Python operationsFormulasCalculations

matplotlib and seaborn libraries ChartsGraphs

Python script (or program)Macros (VBA)Scripting

LibrariesAdd-insPrepared modules

BUT Python is a way to give step-by-step instructions to a computer, using powerful pre-built 
tools, to do data work faster and more reliably than Excel
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Libraries are ready-made tools
(so you don’t have to create everything from scratch)

PurposeExample

working with tables (cleaning, filtering, aggregating)pandas

fast math (used under the hood)numpy

chartsmatplotlib / seaborn

statistical modelsstatsmodels

machine learningscikit-learn

time-series forecastingProphet

NOTE: libraries are installed at a command-line interface
See https://pip.pypa.io/en/latest/getting-started/
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Exercises in Python _basics folder
TopicsProgram

Blank for your experimentation0_YesYouCanTypeCode

Printing; addition; variable assignments; creating and applying 
simple functions

1_Functions

Documenting code; variable types (string, integer,etc.)2_ Comments_and_types

Arithmetic; comparison; if-then logic3_Operators_and_Logic

Lists, tuples, and dictionaries; repeating code for an element of 
each

4_Collections_and_Loops

Using libraries; reading external data5_Libraries_and_DataInput
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A more thorough place to start…
in python, free Harvard course through edX platform

https://www.edx.org/learn/python/harvard-university-cs50-s-introduction-to-programming-with-python
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Demo:  Introduction to Python Programming
https://forecastmethods.com/ , choose 
“Jupyter Python Notebooks for IBF Workshop”, folder “_basics”

Examples
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Before you begin at home…
• Installing Python: 

https://www.python.org/downloads/

• Installing Jupyter: https://jupyter.org/install

• Installing libraries: See 
https://pip.pypa.io/en/latest/getting-started/

• If you need graphviz for network plots: 
https://graphviz.org/download/
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Neural Networks in Python

4
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Foundation of today’s scripts
at https://forecastmethods.com/

D'Ascoli, Steven. Artificial Intelligence and 
Deep Learning with Python Every Line of 

Code Explained,
For Readers New to AI and Python
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Key data setup for CSV files in these Python forecasting scripts

Each row *must* be labeled with a variable that, when 
sorted, causes observations to be ordered by time

Targets (dependent variables) must be blank for future 
time periods

Features (independent variables) must be populated for 
future time periods
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Demo:  Neural Networks in Python
https://forecastmethods.com/ , choose 
“Jupyter Python Notebooks for IBF Workshop”
Step1_ReadData_and_EDA
Step2_Data_Prep
Step3_BuildNeuralNet

Examples
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LLM’s in the Forecasting Workflow

5
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Note: Use of Online LLM’s

• Proprietary data should not be exposed, such as by entry or uploading, into an online tool 
unless company management has authorized such exposure, having made provisions to 
assure confidentiality of data and their analyses

• Even if de-identified, non-proprietary data are to be entered online, company policies may 
prohibit use of online tools, even if the IT department has not blocked access to them

In other words, if you wish to enter data online into websites 
like https://forecastMethods.com/ or https://chatgpt.com/ , 

please assure that your company approves

Here’s what ChatGPT advises (next slides):
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ChatGPT advises…
(1 of 3)
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ChatGPT advises…
(2 of 3)
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ChatGPT advises…
(3 of 3)
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Accelerating
1 of 5

Accelerating
1 of 5

Accelerating analysis without replacing judgment
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Accelerating
2 of 5

Accelerating
2 of 5

Accelerating analysis without replacing judgment
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Accelerating analysis without replacing judgment
Accelerating

3 of 5
Accelerating

3 of 5
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Accelerating
4 of 5

Accelerating
4 of 5
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Accelerating
5 of 5

Accelerating
5 of 5
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Data cleansing
1 of 7

Data cleansing
1 of 7Data Cleansing
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Data cleansing
2 of 7

Data cleansing
2 of 7
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Data cleansing
3 of 7

Data cleansing
3 of 7
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Data cleansing
4 of 7

Data cleansing
4 of 7



83

83

Data cleansing
5 of 7

Data cleansing
5 of 7
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Data cleansing
6 of 7

Data cleansing
6 of 7
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Data cleansing
7 of 7

Data cleansing
7 of 7
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Knowing what your OS needs for tools
OS Tools

1 of 1
OS Tools

1 of 1
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Refining and explaining code
Coding
1 of 4

Coding
1 of 4

Error message was that 
prediction could not be 

based on a list
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Coding
2 of 4

Coding
2 of 4
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Coding
3 of 4

Coding
3 of 4
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Coding
4 of 4

Coding
4 of 4
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Just in Case You’re Wondering…
WHY NOT JUST REPLACE THE 
DEMAND PLANNER WITH AI?

3
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Is AI a *problem* 
that puts the planner’s job at risk?
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Or is AI a *goal*
of which the planner is the best master?
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Two key Python neural net formulations so far

V1: Textbook script
V2: Textbook script
+ human forecasting 

expertise
V3: Let AI LLM write the script

How about having AI LLM generate a third?
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Key difference 
in 

methodology
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• Minor errors associated with libraries (e.g., usage 
of methods, need to import differently)

• Random seed to be same as competitor (resulted 
in improvement)

Changed

• Neural network library: sklearn
• Neural network tool: MLP Regressor
• Activation function: ReLU
• Optimizer Adam
• Learning rate suggested as 0.001
• More nodes and layers
• Early stopping if no change after 25 epochs
• No dropout layers are possible in MLP Regressor
• No internal cross-validation in training (though it 

is possible to do, with more than one split)
• No final model

• Neural network library: Tensorflow
• Neural network tool: keras
• Activation function: ReLU
• Optimizer Adam
• Learning rate adjusted to 0.01 after trials
• Fewer nodes and layers
• Early stopping if no change after 50 epochs
• Dropout layers to prevent overfitting
• 20% internal cross-validation (one split) in training

• Final model updates training with test, then
generates forecast

Left as-is



99

99

Use your 
knowledge, training 
and experience to 

“Be AI’s boss”

AI, your neural network script needs not only 
dropout layers, but also cross-validation within the 

training data. Please have the script sample 
different learning rates between .01 and .001,then 

choose the one with the best test MAE. 

AI, your neural network script needs not only 
dropout layers, but also cross-validation within the 

training data. Please have the script sample 
different learning rates between .01 and .001,then 

choose the one with the best test MAE. 
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Putting it all together
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AI & Machine Learning in Forecasting

• AI can be viewed not as a replacement for the planner, but 
instead a tool the planner can master

• AI, through LLM’s and ML, can be most effective when 
combined with human expertise and judgment

• A good place to start with ML is high-profit products that are 
difficult to forecast, or any product segment that doesn’t 
perform well with “one size fits all” methods 
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Key takeaways and next steps
for real-world application

DiscussionDiscussion


