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INtroduction

Supply chains today are being buffeted by change. Consumers are
demanding the best product selection at competitive prices, along with
rapid delivery and customizability options.

All while the world Taces uncertainties brought albout by
climate change, trade tensions, resource scarcity, polarized politics,
cyberattacks, COVID, conflict in Europe, the resulting fuel and food
crisis, inflation, and fears of recession.

— Historical Actuals - — Statistical Forecast =~ ---

Month 2

Forecast with COVID correc tion

VID impact

COVID impact

Forecasting, the lifeblood of an organization, has the
critical role of being able to predict the future, mitigate
risks, and capitalize on emerging opportunities.
However, this process is being heavily impacted by
the acceleration of these and other demand drivers.

Businesses that currently exist in this
fluctuating, complex, and ambiguous environment are
increasingly being forced to break from traditional
enterprise systems and controls—slow and siloed
operations and legacy technology—to digitize their
operations or allow a pervasive loss of value to
continue throughout the company.

This whitepaper will examine how next-
generation technologies such as machine learning (ML)
and artificial intelligence (Al) can significantly increase
the accuracy of a business' forecast, ensuring it
survives and thrives instead of being left behind.
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The customer is always right
Changes in consumer behavior

Feedvisor's annual Amazon Customer Behavior Report polls over 2,000
Amazon shoppers. Its 2019 report Tound that 85% consumers between
18-32 buy products online, with around 37% making a purchase either
daily or almost daily. The shift in demand continues
to evolve significantly,

The 2022 report advises that over 57% of
consumers say that they do more online shopping
now than prior to the pandemic. 28% of consumers
indicated that budget was the most important
factor in purchasing decisions yet 55% of Amazon
shoppers reported that they frequently buy
the first product listed after search results. 25%
said that convenience is the most important
Tactor.
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The biggest shift towards E-commerce retailing occur-
red in 2020. Physical retallers opened and closed their
doors with spikes and lulls in COVID infection rates,
consumers turned into omnichannel shoppers looking
for competitive pricing and convenient delivery options.
This made forecasting using historical data, or lagging
indicators of demand, to predict and react to speed of
market changes hugely problematic.

For many businesses using traditional forecasting
methods, the result was missed opportunities, higher
capital costs, excess inventory, waste and a greater risk
of obsolescence or perished products—a considerable
risk in the rapidly moving consumer packaged goods
(CPG) industry. Additionally, the pandemic has also
enhanced consumer awareness of the relationship
between wellness, healthcare and wellbeing and the
health of the planet. Millennials currently dominate as
the consumer demographic for leading brands around
the world. Along with Gen-Z consumers, Millennials are
eco-conscious consumers who are willing to pay more
for sustainable products, Generation Z is the most willing
at 73%, compared to Millennials at 68%.

There is an expectation for brands to become
ambassadors for their consumers and the world at large,
acting in a transparent way that can withstand scrutiny.
This in turn puts pressure on companies in the chemical
and manufacturing industry to reduce their plastic
output, decarbonize and invest in R&D to find clean
alternatives to products.

Supply chain excellence and customer centricity
can provide businesses across industries with a
distinct advantage, differentiating them from global

competition. By improving
forecasts using next-
generation technologies
such as Al and ML, various
scenarios can be modeled
and assumptions captured
and measured. This allows
businesses to better serve
customers and consumers whilst also optimizing supply
chain costs, improving visibility and consolidating
operations. Consequently, organizations can concentrate
more on opportunities with a common view of market
potential based on leading indicators of demand. This is
an emergent and encouraging operational reality that
matches the new world of consumer expectation.

Along with Gen-Z consumers,
Millennials are eco-conscious
consumers who ar&g'willing to pay
more Tor sustaiiable products
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Switch to leading indicators

02 Demand Management Value Journey

Average
Forecast
Accuracy

75— 85%
65 -75%
Current ML Fest with
Consensus available drivers

Consensus Forecast
with lots of manual
interventions and
1000s of hours spent
in forecasting

Achieve good
results with
e Pure ML/Al driver-
based forecast
e No planner intervention
e Available driver
data

Full & Digital
Demand Mgmt

Full potential possible

Organizations taking a traditional stance to their
forecasting face a modern quandary. Traditional
forecasting models predominantly use time series
techniques based on historical sales data. But rapidly
fluctuating demand means that companies need to
shift their focus from solely predicting future forecast
levels in mid- and long-term planning horizons, to more
accurate short-term planning. There is a treasure
trove of data in the market, yet limited processing
power and fundamental limitations in using historical
data to predict supply chain conditions at any specific
moment, fails to make sense of it all.

Aspirational Value Goals
2x — 3x People Productivity
5 — 15% Inventory Reduction

Scenario Planning
Spreadsheets

— Promotional lifts

— Budget optimization

85 - 90%

Collaboration

Power point, Email

— Unstructured data
— Structured data

New product planning
Spreadsheets

— Like Item

— Rampup, Cannib

Actionable insights
Emails, Spreadsheets

with additional — Exceptions
- — Root Cause
capabilities
INT/EXT Drivers

TPM, Websites, Spreadsheets
— Trade/Mkt Initiatives
— Weather/Competitor

Data considerations are fast-evolving. Market know-
ledge through consumer demographics, traditional sales
histories and macroeconomic indicators such as Gross
Domestic Product (GDP) and interest rates are the
foundation of a forecast, but now you can add to this the
proliferation of real-time smart data from automation
and edge technologies such as the Internet of Things
(IoT) and leading indlicators flooding in from social media,
review sites, competitor domains, and news pages.
Depending on the industry and business, factors
such as local weather, events around the stores, road
conditions, and more, at a zip code level, affect footfall
and traffic add yet more contextual elements to data.

Dispensing with time series forecasting and
embracing intelligent forecasting through Al, ML and
cloud computing provides a powerful advantage. These
next-generation technologies can take leading indicator
data and create a view of the forecast that is free
of human bias or manipulation. All while constantly
learning what leading indicator data best predicts
change for a more accurate forecast, right down to the
granular detall, such as location, item and time.
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Learn the steps of Al/ML

forecasting

To make any meaningful inferences from this wealth of
information, data has to be converted into knowledge
to better understand demand drivers and customer
behavior. However, this activity needs to be performed
in a timely manner to enable a business to capitalize on
the insights inherent within. So, what are the steps of
Al/ML forecasting?

The first step for an Al/ML Forecasting solution
is the process of data identification, collection and
harmonization. This is where source sales, attributes,
event activities, holidays, weather, internet scraping
and any other required pieces of data are collected and
prepared for use. Cleansing and harmonization involves
the tasks of identifying and fixing incorrect values,
locating and replacing missing elements, and applying the
data into the most appropriate hierarchy groupings and
data streams,

The second step is data analysis and feature
engineering. This stage involves exploratory data ana-
lysis where the distribution of data is measured and
correlations and interactions are researched.

Segmentation is performed here to create
slices of data and then interpret the volume, volatility
and intermittency and their relationship to elements
like product life cycle and seasonality. This is the stage
of feature engineering. Creating, testing, improving and
discarding features, groupings and clusters of data. Finally
the driver evaluation and selection is made based on
data transformation results and domain knowledge.

The third step is model iterations. Here the algorithmic
methods to be used in the forecasting process are
determined and maintained. There are three types of
forecast automation: Statistical, Machine Learning and
Deep Learning. These approaches, and the models that
they use need to be measured for the most appropriate
results. This assessment should be performed on
different slices of data and at various levels in those
slices in order to determine the best model, segment
and level combinations.

The final step is model training, validation
and tournamenting. Here, parameter tuning should be
performed and the models trained with-backtesting,
sliding and expanding time window analysis for cross
validation. Error metrics are defined and tournaments
are played in order to find the top performing algorithm
'recipes’. Finally, this step involves the fine-tuning of
future predictions by setting and applying guardrails
to manage any business/data-driven constraints,




Al-Powered Demand Forecasting Future-ready thinking with &?'s Digital Brain

Learn the types of Al/ML
forecast automation

As noted in the previous section, the three types of Al/
ML forecast generation are statistical, machine learning
and deep learning. Statistical usually refers to the
‘classical’ time series methods such as moving average
and exponential smoothing that use historical sales
data to generate a forecast. Newer generalized additive
models (GAM) such as Prophet use historical sales
and holidays as source data and although they have
more in common with classical time series they can be
considered the first step towards the second forecast
generation method: ML forecasting.

The GAM models like Prophet can be adapted
to include additional causal factors beyond holidays
such as the number of promotions in a week, making
them ideal as entry-level driver based ML forecasting
algorithms. Decision trees are where the Al/ML
methods become more sophisticated and capable
of handling multiple data driver inputs such as event
types, price discounts and sizes in addition to the
historical sales, holidays and promotions in a week.
Gradient boosted decision trees use ensemble models
with multiple algorithms working together to create the
final forecast.,

13

The third Al/ML methodology is deep learning which
is where the Al/ML solution is automated to perform
data analysis and feature creation. This kind of solution
is extremely data intensive and time consuming but it
has advantages in reducing the manual effort of
feature engineering. Deep learning solutions can be
initially developed from gradient boosted decision trees
using ‘entity embedding’ which will limit the data being
analyzed. Neural basis expansion analysis is the state of
the art deep learning solution for historical sales data.
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Introducing &?'s Digital Brain

N
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With all the uncertainty, complexity, and volatility described above, next
generation platforms such as &?'s digital brain are helping businesses
engage with the times in a proactive and fearless way.

It does this by augmenting human intelligence with automation. This
integrated, cloud-native platform uses Al and ML to drive collaborative,
data-driven decisions. By bringing together siloed and external market
data, the digital brain allows companies to gain real-time insights,
helping them plan better, make better decisions, and connect the dots
of their organization,
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&?'s Digital Brain capabilities

- An agile evolution: Modeling flexibility

System flexibility and extensibility is a critical
capability when forecasting. Take global manuf-
acturing companies as an example, with their large
and varied product portfolio, sold through retall,
direct sales, online and distribution. Their portfolio
is sensitive to demand drivers such as seasonality,
promotions, pricing, lifecycle dates—the list goes
on. Modern planning solutions shouldn't simply
be prepared for change, they should enable and
facilitate change. The digital brain is an integrated
system made up from capabilities in building blocks
that supplant traditional spreadsheets while
effectively modeling the granularities and variations
of a business.

- Al/ML Forecasting: From no-code machine

learning to deep learning

Manage forecasting maturity growth by seamlessly
moving from classical statistical rules based fore-
casting with best fit formulas, through to no-code
entry-level ML forecasting with &?'s Al.predict
plugin, and onto deep-learning neural network
decision trees. & Al/ML forecasting capability
includes feature engineering, tournamenting-and
ensemble forecasting along with segmentation,
sell out and sell in forecast creation, driver
explainability automated outlier correction,
scenario planning, lifecycle management and inter-
active statistical forecasting.

@ uses standard Python, R and Jupyter note-
books for the platform Al/ML workbench. The
pluggable architecture is designed to host external
algorithms, solvers and models. Interfacing with
external ML Ops pipelines allows externally trained
models to run directly on the & platform and
these models benefit from direct interaction with
data points entities and relationships with the
& graph-cube in memory data store. Imported
models can be run at scale leveraging &?'s Hadoop
Hive PySpark cluster environment.

Future-ready positioning: Real-time insights

To spot risks and opportunities sooner in order to
capitalize on them effectively, real-time visibility
is essential, especially when it comes to sales. Sales
teams with insights into new product, marketing
and promotion initiatives, supply status and
customer and competitor intelligence gain

an upper hand. In traditional organizations,

this information is dispersed across different
departments, collated in multiple, disparate
spreadsheets, at different levels of granularity,
across multiple horizons, laced with internal bias
and fully dependent on manual input and updates.
With a digital brain, real-time visibility is readily
available to sales teams, helping them sell more and
forecast with greater accuracy. Seamlessly collect,
create and manage sales opportunity information,
promotional and marketing activities and merge
them into the consensus plan.

Crowd pleasing: Rapid demand and supply
scenario planning

The digital brain allows businesses to meet falls
and surges in demand with confidence. Intelligent
forecasting goes beyond assisting planners in
creating more accurate probabilistic demand
plans. The deeper understanding of demand
factors and the learning abilities of Al/ML-driven
forecasting enable automation of many demand
plans. The intelligent forecasting solution can
create manufacturing and inventory plans that
reflect the current and expected future market,
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as well as corporate strategies and constraints,
to free up planners to address exceptions and
unpredictable disruptions. Scenario planning
capability allows multiple alternative futures

to be envisioned, compared and considered for
consensus. The automated intelligent forecasts
produce plans optimized to a degree not possible
either manually or with traditional solutions.

"Triple A" power: Alerts, analytics, and
assumptions

Preparation is key. To avoid forecasting blind
spots, the digital brain uses smart alerts to notify
members of sales teams and supporting planners of
changes from the last cycle. This enables dynamic
adjustments to be made to plans and scenario-
based responses—a critical capability in industries
that have to follow stringent compliance and
product regulatory processes (e.g. chemical and
food). The system also uses Al-powered analytics
to create a baseline forecast as a starting point for
the sales team to review. Al-powered solutions can
also provide strong forecast assumptions that help
the sales teams provide their knowledge of why the
forecasts have changed. Visibility into assumptions
helps reduce—even eliminate—second guessing of
forecasts by other functions.
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- Bridging silos: Initiatives, collaboration, planning

and execution

Gap closure is, as its name suggests, the Iiteral act
of closing the gaps between forecasts and the
plan. Where sales teams drive a variety of pricing
and promotion initiatives with customers, risks
and opportunities need to be communicated to
other parts of the organization when support is
required. The digital brain allows cross-functional
collaboration, empowering sales teams to ideate,
collaborate, create, plan and execute initiatives
rapidly and proactively. &?'s platform also allows
real-time collaboration with suppliers and OEMs,
ensuring forecasts, inventory and data can be
seamlessly shared. Manage risk and opportunities to
sense and shape demand.

Honing performance: Post-game analytics

The system should make it easy for sales manage-
ment to evaluate actual performance vs. forecast
vs. original plan and to assess if the individuals
and teams responded to risks and opportunities
fast enough. This will help drive accountability and
continuous improvement in the sales organization
and help create a culture of healthy competition
based on relative leaderboards and benchmarks.

- Easy does it: Intuitive Ul

The digital brain has been designed for intuitive
use with the understanding that the platform
must be used by planners, managers and frontline
members of the team. This stratifies the level of
usability that is needed. Managers can review reports
on performance versus the plan, conduct online
meetings, and collaborate with organizations on gap
closure inftiatives. And salespeople and frontline roles
can view insights and provide input on the move, all
through their mobile devices.

Building blocks: Open standards and open
architecture

aIs built on a single unified data model, Functionally
all data across the platform is accessible to all
components. The Enterprise Knowledge Graph (EKG),
the 'digital brain’ that drives the platform is built
on a patented in-memory optimized Graph Cube
database. As & supports open standards and open
architecture principles, the digital brain’ is supported
by a comprehensive set of open-source stacks
including Apache Hadoop, Nifi, Spark and Kafka.
These open standards stacks ensure compvatibility
with external data sources, alignment with customer
architectures and adaptability to interfaces.

The & platform incorporates a
comprehensive system API layer which ensures
communication and seamless connectivity
between the EKG 'digital brain’ and the open-
source stacks that provide integration, data
staging and cleansing, custom development
and other functions. &'s modular architecture
supports Python and R plug-ins and third party
optimizers and solvers such as Gurobi and
Operaize. Full Python and R environments are
incorporated within the platform allowing direct
programmatic access to the EKG from Al/ML
models built on Tensorflow, Keras or PyTorch.
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Conclusion

The digital brain's powerful automation and analytics capabilities
empower cross-functional departments with insights that reflect
current and anticipated future markets, as well as corporate

strategies and constraints.

The & platform has been designed to go beyond
assisting planners in their efforts to create more
accurate probabilistic demand plans, using
statistical, causal, econometric data tied together
in a knowledge model that allows companies to
leverage quantitative and qualitative data. On
the commercial side, decisions companies have
to make around how to drive initiatives, whether
it's a new product, or about marketing or pricing
are prescribed at an incremental ROl level, With
this kind of data and insight about what is driving
demand, & can drive decisions beyond those
being made on tribal and historical knowledge and
use institutional and market knowledge. & offers
best-in-class forecasting accuracy that empowers

planners with a single source of truth they can

forecast around and at the same time, offering

businesses the agility and resilience to mitigate
the changing landscape of demand volatility.

Volatility is the new normal. Whether it's
weather conditions, pricing, or inventory issues,
supply chain disruptions will emerge, causing
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planners to adjust forecasts to reflect new scenarios.

An organization's historical data is no longer
enough to create an accurate, reliable forecast.
Al/ML technologies are able to bring in volumes of
external data, cleanse, and harmonize it to create
valuable insights that are directly applied to your
forecast.
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