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Why data preprocessing matters?

Preprocessing is the bridge between heterogeneous observations and trustworthy forecasting models.

Raw data Preprocessing Forecasting-ready data

• Different sources
• Different units
• Missing entries
• Overlapping reports

• Cleaning
• Validation
• Canonicalisation
• Imputation
• Feature creation

• Clear target variables
• Inputs ready for ML 

models



CRM supply-chain data challenges

Before forecasting, we must understand what each record represents and whether it can be compared, 
combined or used as a model input.

Heterogeneous sources

Mining, refining, trade, capacity and demand datasets
Different companies, countries and reporting formats

Product ambiguity

mixed products, intermediate forms, downstream categories
Broad labels may include more specific products

Different units and scales

tonnes, kg, monetary values, percentages, quotas
Product mass vs equivalent quantities

Irregular coverage

missing years, discontinued projects, sparse country/product series
Structural gaps across the value chain

Different granularity

country-level statistics, company records, site-level observations

Different reporting levels can overlap

Reporting artefacts

duplicates, parent aggregates, inconsistent labels

Risk of double counting if rows are summed directly



General preprocessing workflow

Each stage produces outputs that can be inspected before moving to the next step.

Raw data

files, databases

Clean + validate

units, duplicates, 

anomalies

Canonicalise

one comparable signal per 

analytical level

Impute

complete gaps with 

uncertainty

Feature Engineering

lags, rolling averages, 

growth rates

ML-ready dataset

targets, features, 

metadata

DESIGN PRINCIPLE

Separate the steps that define the main signal from the 
features.



Cleaning and validation

Validation is not only a data-quality check. It defines how each record should be used in the ML-ready dataset.

Validation Cleaning

1
Completeness

missing cells, empty streams, sparse periods

2
Consistency

units, country names, product labels

3 Physical plausibility

negative quantities, impossible conversions

4
Duplication

same record repeated or overlapping streams

5 Temporal behaviour

abrupt jumps, discontinued operations

6 Reporting artefacts

aggregate rows mixed with sub-rows

✓ Standardise

country, company, product and data-type labels

✓ Convert / harmonise

comparable units and physical quantities

✓ Keep as target

reliable physical production or output signal

✓ Keep as feature

capacity, quota, activity or metadata

✓ Flag

low-confidence, imputed or double-counting risk

✓ Exclude/ Outlier detection

unusable records or outlier records 

Every record receives a modelling role: target feature metadata flag / exclude



Canonicalisation and avoiding double counting

Before aggregation, we define what one final row should represent and how overlapping records should be handled.

Definition
Canonicalisation converts heterogeneous raw records into one consistent analytical 
representation.

Why it matters

• comparability across sources 
• reduced double counting 
• one signal per target level 
• traceable source information

Techniques we use

• label normalisation 
• unit harmonisation 
• entity resolution 
• hierarchy-aware record 

• rule-based deduplication 
• controlled aggregation 
• source prioritisation 
• provenance tracking



Canonicalisation and avoiding double counting

A simple decision logic for conflicting or overlapping records

Step Rule Purpose

1 Define the target grain e.g., entity-year, country-year, product-year

2 Identify overlaps records that may describe the same activity

3 Rank evidence source reliability, granularity

4 Create the canonical signal single value used as the main target or feature

5 Retain the rest metadata, auxiliary indicators, risk flags

Αvoid double counting by reconciling layers before aggregation.



Missing-data handling

The missing data are handled with imputation, a technique that fills empty cells.

Rules we follow

• never overwrite observed values

• do not treat missing as zero automatically

• store imputation method and uncertainty

• separate observed, imputed and low-confidence values



Standard Imputation options and their limits.

Mean / median

Simple numerical baseline for random gaps.

Most frequent / constant

Useful for categorical fields or explicit placeholders.

Forward / backward fill

Works for short temporal gaps in stable series.

Interpolation

Uses neighbouring observations in dense time series.

KNN imputation

Uses similar observations based on feature distance.

Iterative / MICE

Models each variable using the others in repeated 

rounds.

These methods are useful baselines, but they mainly rely on local time patterns or tabular 

similarity.

Overview of classical imputation methods



Missing-data handling

The first decision is whether a gap means missing information or true zero activity.

True zero

The activity did not happen.

Keep as 0

Missing observation

The activity may exist but was not 
reported.

Impute or keep missing with flag

Future / planned value

The value is not historical.

Keep separate from training as a 
feature

Simple imputers can fill gaps but may miss structured dependencies.



Missing-data handling

Choose how to handle it.

Observed value

exists

Short internal

gap

Sparse / structural

missingness

Future / planned

value

preserve
interpolate

carefully
relational impute

with graph

keep separate

from training

Imputed values are stored with flags.



Why classical methods are not always enough

CRM supply-chain data often require relational information, not only local interpolation.

Classical methods work best when

time series are dense and regular

neighbouring observations are available

missing values are local

records are mostly independent

CRM data often look different

sparse annual observations

structural missingness

heterogeneous reporting streams

records connected across entities

Need relationships between records

Country Company Product Material Year



Relational imputation with R-GCN

What is a graph?

Node

Edge

• A graph is a simple way to represent connected 

information.
• Graph = Nodes + Edges
• Node = object, record or entity

• Edge = relationship between two nodes
• It helps us model relationships that a flat table does not 

show directly.

What is a graph neural model?

• Uses the graph structure 

• Learns from different relationship 
types 

• Estimates missing values using related 

records



Relational imputation with R-GCN

Country

Company

Product

Material

Time

What the graph represents

records are connected through shared metadata and temporal 

relationships

What R-GCN does
the graph neural network model passes information separately 

through different relationship types along edges and learns which 
matters most

What the output should include

estimated value, imputation flag and uncertainty indication

A general intuition…

Node

Edge



Relational imputation with R-GCN

Concept

• each annual record becomes a graph node

• edges connect records sharing country, company, product, material, year or stream

• the model estimates missing values from related records

• outputs include imputed value and uncertainty

Why this helps

• does not treat rows as independent

• uses temporal and structural context

• better suited when missingness is high or uneven



Why R-GCN helps imputation
If one value is missing, related records can provide context.

Missing value
Company A — Product X — 2021

Useful neighbours
• same company in nearby years
• same product in other companies
• same country in the same year
• related reporting streams

Estimated value + flag + 
uncertainty

Graph-based imputation estimates missing values using related records, not isolated rows.



R-GCN example output

The dataset should remain transparent after imputation.

What is stored:

•  observed value column
•  final value column
•  imputed flag
•  method / source of imputation
•  uncertainty or confidence indicator

Example structure

country year value_obs value_final flag

A 2020 1200 1200 0

A 2021 missing 1350 1



Cross-layer consistency and mass-balance checks

Validation can compare related supply-chain layers before values are used for modelling.

Mining output

upstream material 
availability

Refining output

processed 
material

Manufacturing

downstream 
demand signal

Flags

review, not 
delete

Example check

refining / mining ratio

flag suspicious values

Interpretation

deviations can indicate missing 

rows, wrong units or reporting 

artefacts

Modelling use

keep the value and pass a quality 

flag downstream



Feature engineering

Temporal

• lag values
• rolling means

• growth rates

Supply capacity

• capacity
• quota

• projects under development

Market / flow

• trade flows
• inventory

• sales volume

Quality

• source score
• imputation flag

• risk flag

Feature engineering should preserve interpretability: the model input should still mean something physically.



From preprocessing to ML-ready supply-chain panels

What we start from

Raw CRM records

• heterogeneous sources
• missing values

• overlapping reports
• inconsistent units/products

What preprocessing does

Preprocessing workflow

• validation and cleaning
• Canonicalisation

• imputation with flags
• feature engineering

What we deliver

ML-ready datasets

• clear target signals
• interpretable features

• metadata and quality flags
• ready for forecasting/fusion

The goal is not only to clean data, but to create trustworthy inputs for forecasting.

A good ML-ready dataset preserves physical meaning, data quality and uncertainty.



@MaaSiveTwinEU
@MaaSiveTwin project

FUNDED BY THE EUROPEAN UNION. VIEWS AND OPINIONS 
EXPRESSED ARE HOWEVER THOSE OF THE AUTHOR(S) ONLY AND DO 
NOT NECESSARILY REFLECT THOSE OF THE EUROPEAN UNION OR THE 
EUROPEAN HEALTH AND DIGITAL EXECUTIVE AGENCY (HADEA). 
NEITHER THE EUROPEAN UNION NOR THE GRANTING AUTHORITY 
CAN BE HELD RESPONSIBLE FOR THEM.

This work has received funding from the Swiss State Secretariat for 
Education, Research and Innovation (SERI). Contract No: 24.00047

GRANT AGREEMENT No: 101138334

MANUFACTURING AS A SERVICE AND SUPPLY CHAIN PREDICTIVE TWIN FOR CRITICAL RAW MATERIALS

THANK YOU FOR YOUR 
ATTENTION!


	Slide 1: Workshop   Data Handling and Preprocessing for CRM Supply Chains
	Slide 2: Outline
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22

