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Abstract—The rapid adoption of Enterprise Resource
Planning (ERP) systems has highlighted critical data
availability and quality challenges, particularly for pre-
dictive modeling and analytics. This research presents a
comprehensive framework for synthetic data generation
in ERP environments using advanced generative models,
including GANs, CGANs, VAEs, Beta-VAEs, and Normal-
izing Flows. The framework encompasses data processing
across Sales, Purchase, and Human Resource modules,
implementing specialized loss functions for maintaining
business rules and inter-module relationships. Experi-
mental results demonstrate exceptional performance of
the VAE architecture in Purchase and Human Resource
modules with accuracy scores of 99.3 percent and 95.2
percent, respectively. In comparison, CGANs achieve 95.1
percent accuracy in Sales module synthesis.

Index Terms—Enterprise Resource Planning, Synthetic
Data Generation, Generative Models, Quality Assessment

I. INTRODUCTION

Enterprise Resource Planning (ERP) systems are fun-
damental to modern business operations, yet predictive
model development faces significant challenges due to
data scarcity in historical adoption records and Critical
Success Factor ratings [1]. This limitation compromises
implementation effectiveness across sectors. Addition-
ally, enterprise data privacy concerns and regulatory
compliance requirements create barriers to accessing
quality training data for predictive modeling.

Autoencoders have demonstrated effectiveness in cap-
turing complex data relationships [2], showing signifi-
cant potential for ERP data synthesis. Research in multi-
color space adaptation [3] and structured body shape
modeling [4] highlights the importance of preserving
multi-dimensional attributes. Furthermore, studies on
user profiles influencing social media popularity [5]
emphasize the value of contextual integration for predic-
tive performance. This research utilizes these insights to
develop a framework addressing ERP dataset complexity
through structured modeling, feature adaptation, and
metadata integration.

Conventional data augmentation fails to capture com-
plex ERP system dependencies and temporal patterns.

Despite Generative AI advancements showing promise
for synthetic data creation [6], [7], current implemen-
tations lack frameworks addressing enterprise-specific
constraints and inter-module relationships. This research
gap is particularly evident in ERP environments, where
maintaining logical consistency across interconnected
modules remains challenging [1].

This research addresses ERP data limitations through
a novel multimodel comparative approach grounded in
financial forecasting, performance evaluation systems,
and process mining advancements. The study delivers
three key contributions: a methodology for synthetic
data generation across interrelated ERP modules, multi-
dimensional quality assessment metrics preserving busi-
ness rules, and evidence-based guidelines for model
selection based on module characteristics. These contri-
butions enhance predictive modeling capabilities while
maintaining data privacy and regulatory compliance in
enterprise environments.

II. RELATED WORKS

Generative models address ERP data scarcity effec-
tively. VAEs excel in representation learning, while
GANs maintain statistical integrity. However, cur-
rent frameworks inadequately address enterprise-specific
constraints and inter-module dependencies critical for
maintaining consistent relationships across ERP com-
ponents [8].

Quality assessment is crucial for validating synthetic
ERP data [9]. Each module presents unique require-
ments: HR demands the preservation of organizational
hierarchies, Sales requires accurate transaction patterns,
and Purchasing depends on consistent inventory con-
straints [10]. While recent methods combine statistical
fidelity with domain-specific indicators [11], ensuring
module-level integrity and cross-module consistency re-
mains challenging [12]. Standardized metrics are needed
to assess synthetic data while protecting business pro-
cesses [13].

III. PROPOSED METHOD

The methodology integrates data processing, model
implementation, and evaluation (Fig. 1).
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Fig. 1. Illustration of the proposed approach.

A. Data Processing

Maharana et al. [14] establish that data pre-processing
constitutes up to 80% of classification processes, fun-
damentally enhancing model performance. The imple-
mented pipeline utilizes SAP Datasphere sample content
across ERP modules, representing actual enterprise data
from real-world business operations. Processing oper-
ations include non-essential column removal, datetime
standardization, and referential integrity preservation via
table merging, as detailed in Table I. Stratified sampling
maintains distribution balance with approximately 5,000
samples per module while preserving critical business
patterns across transaction metrics. Median imputation
addresses numerical fields, while interquartile range-
based outlier removal achieves 85% data retention with
maintained statistical significance.

B. Data Preparation

In accordance with established ERP data preparation
frameworks [9], we carry out data transformation and
cleaning through the following steps.

1) Feature Engineering: Module-specific transforma-
tions derive critical business metrics across HR (salary
ratios, departmental statistics), Purchase (financial mar-
gins, delivery indicators), and Sales (revenue growth
factors) modules, preserving complex relationships and
business logic while maintaining data validity.

2) Data Transformation: The transformation ap-
proach employs variable-appropriate encoding tech-
niques: one-hot encoding for low-cardinality variables
(status codes, departments), label encoding for high-
cardinality fields (products, customers), and binary en-
coding for boolean flags. Numerical features undergo
MinMaxScaler normalization to [0,1] range, while miss-
ing values are addressed through median imputation
(numeric fields) and mode imputation (categorical vari-
ables). Datetime features are decomposed into compo-
nent parts, creating a normalized feature space that pre-
serves statistical relationships while facilitating cross-
module model training.

TABLE I
ERP MODULE TABLES AND COLUMNS STRUCTURE.

Sales Module
Business Partners PartnerId, PartnerRole,

CompanyName, EmailAddress,
PhoneNumber, WebAddress,
AddressId, LegalForm, Currency

Sales Orders SalesOrderId, PartnerId, SalesOrg,
FiscalYearVariant, FiscalYearPeriod,
GrossAmount, NetAmount, TaxAm-
ount, LifecycleStatus, BillingStatus,
DeliveryStatus

Sales Order Items SalesOrderId, SalesOrderItem,
ProductId, Currency, GrossAmount,
NetAmount, TaxAmount, Quantity,
QuantityUnit, DeliveryDate,
ItemAtpStatus

Purchase Module
Customer CustomerId, CustomerTypeId, Coun-

try, Language
Financial Transactions TransactionId, AccountId, Account-

TypeId, CustomerId, ProductId, Pro-
ductCategoryId, ProfitCenterId, Ver-
sion, Date, Value

Products ProductId, TypeCode, ProductCate-
goryId, Language, SupplierPartnerId,
TaxTariffCode, QuantityUnit,
WeightMeasure, WeightUnit,
Currency, Price, Width, Depth,
Height, DimensionUnit

HR Module
Employee Personal EmployeeId, FirstName, LastName,

FullName, Gender, MaritalStatus,
Ethnicity, YearOfBirth, LocationId

Employee Position EmployeeId, JobId, NewToPosition,
PayGradeId, FullTime,
CompanyCode, BusinessArea

Employee Performance EmployeeId, Performance,
ImpactOfLoss, FutureLeader

Departments DepartmentId, Language
Department Texts DepartmentId, Language, Short-

Description, MediumDescription,
LongDescription

Divisions DivisionId, Language
Division Texts DivisionId, Language, ShortDescrip-

tion, MediumDescription, LongDe-
scription

Jobs JobId, JobClassificationId, Language
Job Classification JobClassificationId, Language
Job Texts JobId, Language, ShortDescription,

MediumDescription, LongDescrip-
tion

C. Generative Models Implementation

1) Generative Adversarial Network (GAN): Building
on prior research [15], [16], the GAN architecture syn-
thesizes ERP data using generator G projecting noise
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pz ∼ N (0, 1) and discriminator D. The objective func-
tion (1) combines adversarial loss with feature matching
Lfeature (2) for module correlations and business con-
straints Lbusiness (3) for domain compliance.

min
G

max
D

V (D,G) = Ex∼perp
[logD(x)]+

Ez∼pz
[log(1−D(G(z)))]+

λfLfeature + λbLbusiness

(1)

Lfeature =

M∑
m=1

Nm∑
i=1

∥fm
i (x)− fm

i (G(z))∥22 (2)

Lbusiness =

R∑
r=1

ωr∥ϕr(G(z))− yr∥22 (3)

2) Conditional GAN (CGAN): CGAN enhances syn-
thesis by leveraging conditional adversarial training
[17], [18]. The objective function (4) models the real
distribution pdata, noise vectors z, and conditioning vari-
ables c. Additionally, it integrates Lmodule (5) to capture
characteristic patterns via weights ωm and Lconstraint

(6) to enforce domain rules through functions ϕr across
modules.

min
G

max
D

V (D,G) = Ex∼pdata
[logD(x|c)]+

Ez∼pz
[log(1−D(G(z|c)))]+

λmLmodule + λcLconstraint

(4)

Lmodule =
∑
m∈M

ωm∥fm(x)− fm(G(z|c))∥22 (5)

Lconstraint =

R∑
r=1

αr∥ϕr(G(z|c))− yr∥22 (6)

3) Variational Autoencoder (VAE): Drawing from
insurance data synthesis [12], generative approaches
[16], and linked data frameworks [10], the VAE architec-
ture implements module-specific ERP synthesis through
evidence lower bound optimization (7). This balances
reconstruction accuracy and latent regularization via
encoder qϕ(z|x) and decoder pθ(x|z) networks. The loss
function (8) combines reconstruction fidelity with KL
divergence regularization, where λKL controls module-
specific regularization strength.

LV AE(θ, ϕ;x) = Eqϕ(z|x)[log pθ(x|z)]−
λKLDKL(qϕ(z|x)||p(z))

(7)

Ltotal =

M∑
m=1

ωm(Lm
VAE + αm∥fm(x)− fm(pθ(z))∥22)

(8)

4) Beta-VAE: Beta-VAE enhances ERP synthesis by
optimizing reconstruction quality and latent factor disen-
tanglement (9). Parameter β regulates encoder qϕ(z|xm)
and decoder pθ(xm|z) networks. Module-specific pat-
terns incorporate weighted loss functions (10) with

penalties αm, while disentanglement adapts via anneal-
ing (11) based on training progress t, duration T , and
β ranges.

Lβ(θ, ϕ;xm) = Eqϕ(z|xm)[log pθ(xm|z)]−
βDKL(qϕ(z|xm)||p(z))

(9)

Lmodule =
∑
m∈M

ωm(Lm
β + αm∥x̂m − xm∥22) (10)

β(t) = min(βmax, βmin + (βmax − βmin)
t

T
) (11)

5) Normalizing Flows: Based on foundations from
[19] and [20], the Normalizing Flows framework imple-
ments exact likelihood computation for ERP synthesis
through the log-density formula (12). The invertible
transformation f maps between latent variable z and
module data xm with Jacobian Jf , while incorporating
module-specific loss terms Lmodule (13) that enforce
data characteristics through weights ωm, penalties αm,
and feature extractors hm(·) tailored for each module.

log pxm
(xm) = log pz(f(xm)) + log |det Jf (xm)|+∑

m∈M
Lmodule

(12)

Lmodule =
∑
m∈M

ωm(αm∥hm(xm)− hm(f−1(z))∥22)

(13)

D. Evaluation Framework

1) Statistical Metrics: Distributional similarity be-
tween real and synthetic data is assessed through mean
and variance differences, as defined in (14) and (15).
Variables µr and µs represent feature means, σ2

r and σ2
s

denote variances, f indicates specific features, and N
represents the total numeric features evaluated.

Mean Difff =
1

N

N∑
i=1

|µr,f − µs,f | (14)

Var Difff =
1

N

N∑
i=1

|σ2
r,f − σ2

s,f | (15)

2) Distribution Tests: Distribution similarity is eval-
uated using Maximum Mean Discrepancy (MMD) (16).
MMD utilizes a Gaussian kernel function k(xi, xj) with
bandwidth σ determined by median heuristic. Variables
xi and yj represent samples from real and synthetic
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Fig. 2. HR: real (blue), synthetic (red); PCA (top), t-SNE (bottom).

Fig. 3. Purchase: real (blue), synthetic (red); PCA (top), t-SNE
(bottom).
distributions with sizes m and n.

MMD(X,Y ) =
√ 1

m2

m∑
i,j=1

k(xi, xj) +
1

n2

n∑
i,j=1

k(yi, yj)−

2

mn

m∑
i=1

n∑
j=1

k(xi, yj)

(16)
3) Downstream Tasks: Synthetic data utility is eval-

uated through module-specific machine learning tasks
using F1-score (17) and accuracy. Variables TPt, TNt,
FPt, and FNt represent true positives, true negatives,
false positives, and false negatives for task t, with
precision-recall balance factor β = 1.

F1t =
(1 + β2) · TPt

(1 + β2) · TPt + β2 · FNt + FPt
(17)

IV. RESULTS AND DISCUSSION

A. Visual Distribution Analysis

Model distribution matching is visualized using PCA
and t-SNE across HR, Purchase, and Sales modules (Fig.
2, 3, 4). PCA captures global variance while t-SNE
reveals local neighborhood preservation. The overlap
between real and synthetic data points provides qualita-
tive assessment of generation quality across architectural
approaches.

B. Statistical Metric Analysis

Table II and Fig. 5 show VAE excels in HR and Pur-
chase modules with lowest MMD scores (HR: 0.0072,
Purchase: 0.1178), mean differences, and optimal vari-
ance preservation. Conversely, CGAN demonstrates su-
perior performance in Sales module (MMD: 0.0987,
variance difference: 0.0118). Results confirm VAE’s

Fig. 4. Sales: real (blue), synthetic (red); PCA (top), t-SNE (bottom).

TABLE II
COMPARISON OF STATISTICAL QUALITY METRICS, INCLUDING
MAXIMUM MEAN DISCREPANCY (MMD), MEAN DIFFERENCE

(MEAN DIFF), AND VARIANCE DIFFERENCE (VAR DIFF).

Model Metric Module
Sales HR Purchase

GAN MMD 0.2859 0.0819 0.3455
Mean Diff 0.1093 0.0764 0.0075
Var Diff 0.0241 0.0570 0.0062

CGAN MMD 0.0987 0.0604 0.4703
Mean Diff 0.0202 0.1453 0.1800
Var Diff 0.0118 0.0539 0.0279

VAE MMD 0.2117 0.0072 0.1178
Mean Diff 0.0040 0.0049 0.0025
Var Diff 0.0272 0.0099 0.0020

Beta-VAE MMD 0.2211 0.0078 0.2634
Mean Diff 0.0092 0.0046 0.0032
Var Diff 0.0282 0.0132 0.0033

Normalizing MMD 0.6573 0.0174 0.1725
Flow Mean Diff 0.3142 0.0429 0.0021

Var Diff 0.0187 0.0155 0.0027

effectiveness for HR/Purchase synthesis while CGAN
specializes in Sales data generation.

C. Feature Preservation Analysis

Table III demonstrates distinct feature preservation
patterns across modules. In HR, Beta-VAE excels in
pattern preservation (KL: 54.53) while VAE performs
best in age distribution (30.81). For Purchase data,
VAE achieves lowest KL values in value (31.17), price
(58.53), and weight (68.72). Sales module highlights
CGAN’s exceptional performance with minimal KL
divergence in gross amount (3.97), net amount (3.89),
and quantity (78.82). VAE and Beta-VAE effectively
preserve numerical attributes in financial data, while
Normalizing Flow maintains consistent moderate scores,
balancing preservation and distribution matching.

D. Downstream Task Performance

Table IV demonstrates varied model capabilities
across nine critical tasks. Beta-VAE excels in HR mod-
ule (F1: 0.873) for performer identification and man-
agement tracking, while CGAN dominates Sales tasks
(F1: 0.960) in order prediction and delivery assessment.
For Purchase module, Normalizing Flow achieves ex-
ceptional consistency (F1: 0.999) in transaction detec-
tion and pricing prediction, with VAE showing strong
performance in high-value transactions (0.999) and bulk
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Fig. 5. Statistical quality metrics distribution across ERP modules showing MMD Scores (left), Mean Differences (middle), and Variance
Differences (right).

TABLE III
KL DIVERGENCE VALUES FOR FEATURE PRESERVATION ANALYSIS ACROSS MODULES (LOWER VALUES INDICATE BETTER RETENTION).

Model HR Module Purchase Module Sales Module
Age Salary Perf Value Price Weight Gross Net Qty

GAN 62.40 287.18 123.25 150.54 310.76 464.86 20.99 19.09 81.32
CGAN 67.20 80.46 120.04 53.90 109.32 223.41 3.97 3.89 78.82
VAE 30.81 14.15 61.96 31.17 58.53 68.72 52.88 160.89 302.79
Beta-VAE 92.62 23.37 54.53 121.73 61.47 70.22 201.22 87.97 300.19
N-Flow 28.51 12.91 128.84 58.34 67.14 68.96 127.33 143.72 123.38

Fig. 6. Cross-module performance heatmap distribution.

purchases (0.895). GAN exhibits moderate overall per-
formance with effectiveness in specific metrics across
modules.

E. Comparative Module Analysis

Cross-module evaluation results in Table V and Fig.
6 demonstrate distinctive model performance patterns
across ERP components. The VAE exhibits consistent
excellence, achieving top rankings in HR (0.993, 1st)
and Purchase (0.952, 1st) while maintaining strong Sales
performance (0.906, 2nd). The CGAN shows specialized
proficiency in Sales (0.951, 1st) despite lower Purchase
performance (0.749, 5th). At the same time, Beta-VAE
maintains balanced effectiveness across modules, par-
ticularly in HR (0.992, 2nd). Normalizing Flow presents
varying capabilities from strong Purchase results (0.930,
2nd) to reduced Sales efficiency (0.637, 5th), highlighting
the inherent trade-offs between architectural choices and
module-specific synthesis requirements.

V. CONCLUSION

This study evaluates synthetic ERP data quality based
on statistical fidelity, feature preservation, and down-
stream task performance across HR, Sales, and Purchase
modules. VAE shows strong statistical fidelity for HR
and Purchase data, while CGAN captures Sales distri-
butions. Beta-VAE best preserves HR features, CGAN
retains key financial attributes in Sales, and Normal-
izing Flow provides balanced feature preservation. For
downstream tasks, CGAN leads in Sales, Beta-VAE in
HR, and Normalizing Flow in Purchase classifications,
with VAE effective in financial predictions. Future work
will explore hybrid models and domain constraints to
enhance fidelity while addressing privacy, security, and
cross-vendor generalizability to extend the framework to
Oracle and Microsoft Dynamics platforms with different
data structures.
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