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Abstract

Small- and medium-sized enterprises (SMEs) often face significant data scarcity
in procurement planning, which limits the effective use of advanced analytics
for forecasting and decision support. This study addresses the data scarcity
by operationalizing a zero-inflated Hurdle model through a conditional varia-
tional autoencoder to generate realistic synthetic procurement data. The model
explicitly represents both the structural mass of on-time deliveries and the asym-
metric distribution of early and late deviations using a mixture of Gaussians.
Following the cross-industry standard process for data mining, the conditional
variational autoencoder was trained and validated on industrial procurement
records. The evaluation results demonstrate strong fidelity: the generated dis-
tribution of delivery deviations achieved a Wasserstein distance of 1.92 days
relative to the real data, with higher accuracy for early deliveries (1.84 days)
than for late deliveries (1.93 days). The zero-inflated component reached a preci-
sion of 74.41 % and an F0.5-score of 62.86 % when identifying on-time deliveries.
These findings confirm that the conditional variational autoencoder effectively
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captures both structural zeros and multimodal deviations. By enriching lim-
ited datasets while preserving domain-specific behavior, the approach enables
SMEs to train forecasting models, perform supplier risk simulations, and deploy
procurement-focused decision-support tools even in data-scarce environments.

Keywords: Synthetic data generation; Procurement planning; Zero-inflated Hurdle
model; Conditional variational autoencoder (cVAE); Machine learning; Small- and
medium-sized enterprises (SMEs)

1 Introduction

1.1 Background to the study

In recent years, the importance of robust procurement planning [1] in manufactur-

ing companies has grown tremendously, as manufacturing companies increasingly face

volatile supply conditions [2], geopolitical uncertainties [3, 4], and global logistics dis-

ruptions [4]. An efficient procurement planning, therefore, significantly influences the

competitiveness of manufacturing companies, and especially of small- and medium-

sized enterprises (SMEs) [5], as they often lack the redundancy of production systems,

bargaining power, and digital infrastructure of larger manufacturing companies [6].

The lack of digital infrastructure is particularly problematic for SMEs, as it leads

to a limited data availability and a poor data quality, hindering the application of

advanced data analytics methods, such as artificial intelligence (AI), to improve the

procurement planning efficiency [7]. Applying advanced analytics has been shown to

reduce supply chain errors by 20 to 50 % [7]. The data scarcity becomes especially

critical during production ramp-up phases [8, 9], which significantly contribute to a

manufacturing companies’ success – House and Price [10] stated that ”well over 50%

of sales [at Hewlett-Packard] come from products introduced during the past three

years”, highlighting the importance of new and innovative products, which require

more frequent and successful production ramp-ups.
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1.2 Aim, design, and scope of the study

This study addresses the problem of data scarcity in SMEs during production ramp-up

phases by employing a conditional variational autoencoder (cVAE)-based implemen-

tation of a Hurdle model to generate realistic synthetic procurement data. The Hurdle

model is a type of zero-inflated model that is particularly well-suited for data with

an excess of structural zeros, as it separates the process generating on-time deliveries

from the continuous distribution of early or late deviations. Unlike Poisson-based count

models, which couple zero frequency with overall dispersion, the Hurdle formulation

allows independent modeling of punctual and deviating deliveries, thus more accu-

rately reflecting the asymmetric and continuous nature of procurement performance.

The central performance variable is the delivery deviation, defined as the difference

between the planned and actual delivery date. While deviations are ideally zero in

practice (i.e., on-time delivery), non-zero deviations (positive or negative) occur fre-

quently and have a critical impact on production continuity, procurement efficiency,

and overall supply chain performance.

The study’s research design builds upon the cross industry standard process

for data mining (CRISP-DM) framework [11], which provides a structured and

practitioner-oriented process suitable for deployment in SMEs. Employing a structured

research design ensures adherence to the key scientific quality criteria of objectivity,

reliability, and validity [12].

The scope of this study encompasses the procurement function in SMEs, considered

as an integral part of the overall value chain [1]. The procurement becomes particu-

larly critical during production ramp-up phases, which are decisive for the long-term

success of an SME [9]. A production ramp-up, defined as the period from the start of

production until the full output quantity is achieved [13, 14], is characterized by high

vulnerability to disruptions due to uncertain processes and product conditions [8].

The systematic use of data has the potential to increase efficiency and reduce risks
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in this sensitive phase. However, data scarcity often hinders the practical application

of advanced analytics [8]. To address this challenge, Stang and Zaeh [15] proposed a

framework for improving production ramp-up efficiency that comprises three research

elements aimed at enabling data-driven decision-making. This study contributes to

the research element synthetic data generation of the framework proposed by Stang

and Zaeh [15] by introducing a cVAE model for generating synthetic procurement

data in SMEs. The resulting datasets are designed to support downstream applica-

tions, including delivery reliability forecasting, supplier risk simulation, and training

procurement-focused decision-support models.

1.3 Summary of the contributions

Building on the theoretical foundation of a zero-inflated Hurdle model, this study

employs a cVAE to implement the Hurdle model and generate realistic delivery devi-

ations in procurement data. By conditioning on supplier and article embeddings, the

model captures entity-specific behavior patterns, while its generative capacity enables

the creation of realistic synthetic datasets under conditions of data scarcity. This inte-

gration of zero-inflated modeling, mixture-based likelihoods, and entity embeddings

constitutes a technological advance over prior work, offering a scalable and transfer-

able approach that SMEs can apply to improve the procurement planning, scenario

analysis, and the decision-support model training when historical data is limited.

1.4 Structure of the paper

The remainder of this article is organized as follows: Section 2 details the fundamentals,

i.e., the materials and methods necessary for this study. Section 3 reviews related

work and outlines the state of research on synthetic data generation for procurement

planning in SMEs. Section 4 presents and discusses the results in the context of the

state of the art. Section 5 highlights the study’s limitations and directions for future

research. Finally, section 6 provides a concise summary of the article.
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2 Materials and methods

2.1 Processes and methodologies

The research design follows the CRISP-DM framework [11], which provides a practical

and iterative standard for data-driven projects. The framework was selected because

it ensures methodological transparency, modularity, and alignment with deployment

requirements in SMEs. Within the present context, the six CRISP-DM phases –

business understanding, data understanding, data preparation, modeling, evaluation,

and deployment – are adapted to address the specific characteristics of procurement

data and the constraints of manufacturing SMEs. In this study, business understand-

ing is operationalized as delivery reliability forecasting; data understanding involves

exploration of procurement transaction records; data preparation includes data clean-

ing and feature engineering; modeling applies the architecture of zero-inflated cVAE;

evaluation compares synthetic and real distributions; and deployment considers the

integration into enterprise resource planning (ERP) systems. A detailed explanation

of each CRISP-DM phase, along with its role in the synthetic data generation pipeline,

is presented in section 4.

2.2 Type of the statistical analysis

This subsection explains the necessary fundamentals, i.e., the Hurdle model in

section 2.2.1 and the approach to model a conditional probability using a cVAE in

section 2.2.2.

2.2.1 Hurdle model

The statistical analysis employs a zero-inflated probabilistic model [16], more specif-

ically a Hurdle model [17], to capture the structural tendency of zero deviations in

procurement (i.e., on-time deliveries). The conditional distribution of a target variable

5



231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276

y given input features x is defined as

P (y | x) =



















pd,0(x) yd = 0,

(1− pd,0 (x)) · f(y | x), yd ̸= 0,

(1)

where pd,0(x) denotes the probability of a structural zero, and f(y | x) represents the

conditional probability density function (PDF) of non-zero delivery deviations.

2.2.2 Probabilistic modeling using a zero-inflated conditional

variational autoencoder

To model the conditional distribution P (y | x) in the zero-inflated Hurdle model

defined in equation (1), a cVAE [18] is employed. This generative model extends

the standard variational autoencoder (VAE) [19] by conditioning both encoder and

decoder on input features x, thereby enabling the approximation of complex, multi-

modal distributions typical of procurement delivery deviations. A cVAE introduces

a latent variable z, with an encoder qϕ(z | y, x) and a decoder pθ(y | x, z). In the

proposed architecture, the decoder represents non-zero delivery deviations through a

Gaussian mixture:

f(y | x) := pθ(y | x, z) =
K
∑

k=1

wk(x, z)N
(

y | µk(x, z), σ
2
k(x, z)

)

, (2)

where the mixture weights satisfy wk(x, z) ≥ 0 and
∑K

k=1 wk(x, z) = 1. The Gaussian

mixture captures the empirical clustering of deviations into early (negative) and late

(positive) deliveries, which cannot be represented adequately by a single Gaussian

distribution. To incorporate the structural zeros of on-time deliveries, the decoder is

extended with a second output head that estimates the logit of the zero probability

pd,0(x). Thus, the decoder jointly produces (i) the parameters of the Gaussian mixture
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distribution for non-zero deviations, and (ii) the zero-inflation probability, consistent

with the likelihood structure in equation (1).

3 Related work and necessity of the study

A systematic literature review (SLR) was conducted following the preferred reporting

items for systematic reviews and meta-analyses (PRISMA) guidelines [20] to iden-

tify existing research on synthetic data generation for procurement planning in SMEs.

The search, carried out on July 13, 2025, initially retrieved 10,794 articles. After fil-

tering by publication year (post-2015), language (English or German), disciplinary

categories (Engineering, Computer Science, Decision Sciences, Business, Management

and Accounting, or Multidisciplinary), and open access availability, 1,087 articles

remained. The AI-based ASReview tool [21] was then applied for efficient screening

of the identified publications. Following the stopping criterion of 10 % consecutively

irrelevant articles and an additional manual check of 20 papers, nine articles were iden-

tified as relevant. One was excluded due to access restrictions, leaving eight articles

for full-text assessment. These were evaluated using the Joanna Briggs Institute (JBI)

qualitative analysis and review instrument (QARI) methodology [22], which formed

the evidence base for this review.

Recent research has explored various strategies to address imbalanced and sparse

datasets in industrial settings. Several studies applied deep generative models to

fault classification: for instance, Shon et al. [23] proposed a convolutional VAE for

wafer defect classification in semiconductor manufacturing, while Karamti et al. [24]

combined sparse coding with VAEs for machinery fault detection. These approaches

demonstrate the potential of generative models to mitigate data imbalance, but they

remain limited to sensor-rich production domains and do not extend to transactional

procurement data. Another body of work has applied zero-inflated or Hurdle mod-

els to count data with excess zeros. Zhang et al. [25] used a Hurdle regression model
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for defect data in steel manufacturing, and Workie and Azene [26] and Aragaw et al.

[27] applied similar models in public health contexts. Akkas et al. [28] employed a

zero-inflated negative binomial model to study product expiration in consumer goods

retail. While these methods effectively capture sparsity, they focus on statistical anal-

ysis rather than synthetic data generation, and thus cannot directly support the

training of AI-based procurement models. Hybrid approaches have also emerged that

integrate statistical and neural network methods for monitoring non-linear processes.

Tang et al. [29] developed a Gaussian mixture VAE for fault detection across multi-

ple process modes, and Ibrahim et al. [30] combined deep learning with control chart

techniques in high-yield manufacturing. These works highlight the value of combining

interpretability with generative flexibility. However, their scope remains confined to

process monitoring rather than generating procurement data.

In summary, while existing research provides strong foundations for handling

imbalance, zero-inflation, and hybrid modeling, no study has yet addressed the gen-

eration of synthetic procurement data for SMEs. This study is the first to propose a

zero-inflated Hurdle model with a cVAE, a modeling approach that can generate real-

istic synthetic data to both increase the data availability and improve the data quality

in procurement planning, thereby enabling SMEs to develop robust decision-support

models under realistic constraints.

4 Results and discussion

This section presents the results obtained by applying the research design within the

structured framework of the CRISP-DM. The execution of the six CRISP-DM phases

is summarized in figure 1, which illustrates how each phase was instantiated in the

context of generating synthetic procurement data. The outputs of individual phases

either provide inputs for subsequent steps or directly support the development of the
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order to support the operational planning and the supplier management under condi-

tions of limited data availability. The dataset analyzed in this study originates from

one German SME. Table A1 categorizes the company according to its key character-

istics defined by Schuh and Stich [34]. The company provided structured procurement

records covering multiple years of operations, with the earliest procurement record

starting in 2018 until the latest procurement records from 2024. The dataset comprises

several thousands of procurement records. The following attributes were available:

order number, supplier number, article number, planned delivery date, actual deliv-

ery date, ordered quantity, and delivered quantity. From these attributes, the delivery

deviation yd was derived as the primary dependent variable:

yd = yactual − yplanned ∈ Z, (3)

where yd > 0 indicates late deliveries, yd < 0 indicates early deliveries, and yd = 0

corresponds to on-time deliveries. Although multiple dependent variables could be

constructed from the dataset (e.g., quantity deviation), the present analysis focuses

on delivery deviation as a representative case.

4.2 Data understanding

4.2.1 Data analysis

Before the modeling and the correlation assessment, the distribution of delivery devia-

tions was examined to understand the structural characteristics of the target variable

yd. The dataset consists of a total of 18,078 procurement records. Some procurement

records have a planned delivery date but no actual delivery date since these dates were

in the future when the dataset was created. The earliest planned delivery date is on

May 18, 2020. The actual delivery date corresponding to this procurement record is

May 24, 2023, indicating either a poor data quality or extreme delivery delays due

10
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to, e.g., Covid-19. The latest procurement record that was actually delivered has a

planned delivery date on March 24, 2025 and has an actual delivery date on April 4,

2024.

4.2.2 Correlation analysis

From the available features described in section 4.1, the supplier number and arti-

cle number were considered further. The order number is not a relevant feature since

this is a value set internally by the considered SME. A one-way analysis of vari-

ance (ANOVA) was conducted to assess the statistical association of the supplier and

article number with the delivery deviation, yd, and to, therefore, assess their predic-

tive capability. Both predictors show highly significant effects on delivery deviation,

with p-values well below the threshold of α = 0.05. The F-statistic for article num-

ber (F = 7, 631.6231) exceeds that for supplier number (F = 4, 535.1749), indicating

that article identity accounts for a greater share of the variance in delivery deviations.

This difference suggests that the characteristics of individual articles (e.g., complexity,

sourcing criticality) play a more systematic role in explaining the variation in deliv-

ery reliability than supplier identity alone. Nevertheless, the supplier number remains

a critical predictor from a business perspective. Suppliers are not interchangeable:

each one is responsible for a specific subset of articles and exhibits distinct reliabil-

ity profiles, operational constraints, and logistical behaviors. These findings support

the inclusion of both categorical predictors in subsequent modeling steps. Together,

supplier and article identifiers enable the generative model to represent procurement-

specific interactions realistically and provide a basis for transferable synthetic data

generation in other SME settings.
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4.3 Data preparation

4.3.1 Data cleaning

The data cleaning follows a structured process to ensure the quality and consistency

of the inputs prior to modeling:

1. Removal of missing values from key fields like planned delivery date and actual

delivery date.

2. Threshold-based filtering to exclude implausible values, such as delivery devia-

tions outside ±180 days.

3. Robust outlier detection within the plausible range using the median absolute

deviation (MAD) method with a threshold multiplier of 2 [35].

The combined approach ensures that both gross anomalies and subtle statistical out-

liers were identified and removed. After the data cleaning, 13,464 procurement records

remained. Approximately 18 % of the records represent on-time deliveries (yd = 0),

while late deliveries constitute the majority with 51 % (yd > 0), and early deliver-

ies account for 30 % (yd < 0). This imbalance highlights the asymmetric nature of

procurement performance, where late deliveries occur more frequently than early or on-

time deliveries. The presence of structural zeros, combined with distinct positive and

negative tails, motivates the use of a zero-inflated, mixture-based modeling approach.

4.3.2 Data partitioning

The dataset was partitioned into training (strain), validation (sval), and test (stest)

subsets using a stratified shuffle split (SSS) to enable a representative evaluation. The

size of each partition is given in table 1. The stratification variable was the categorical

delivery deviation label, encoding whether a delivery was on time (0), late (1), or

early (2). The stratification preserves the relative frequency of each delivery class

12
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across all subsets, preventing minority categories (e.g., early deliveries) from being

underrepresented. Table A2 shows the equally split data.

4.3.3 Feature scaling

After the data cleaning and partitioning, the feature scaling was applied to prepare

the inputs for the model training and output interpretation. Two scaling procedures

were applied depending on the variable type.

Target variable (delivery deviation).

The dependent variable yd was standardized using Z-score normalization using the

mean µ and standard deviation σ estimated from the training dataset to obtain the

input variable ỹd for the cVAE. The same parameters were reused for validation and

test data to prevent information leakage. Note that the raw on-time value yd = 0 maps

to a non-zero location in model space, i.e., ỹ⋆ = −µ/σ. To restore interpretability after

sampling, the inverse Z-score transformation was applied.

Categorical identifiers (supplier and article number).

The supplier and article numbers are nominal categorical variables and were trans-

formed using column-wise integer encoding. Each unique identifier is mapped to a

contiguous index starting from zero (e.g., 1,012 → 0, 2,003 → 1, 3,055 → 2). This

mapping is invertible and enables numerical embedding in the cVAE architecture.

Since learned-only index mappings are created, the categorical scaler was fit on the full

dataset (training, validation, and test). Using the full dataset ensures that all supplier

and article identifiers encountered at inference can be reliably decoded. Both scaling

procedures are implemented as reusable modules and are applied consistently during

training, evaluation, and synthetic data generation.
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4.4 Modeling

The modeling phase implements the probabilistic approach described in section 2

through a cVAE. The cVAE approximates the conditional distribution of delivery devi-

ations by combining a latent-variable generative process with a zero-inflated Gaussian

mixture decoder. This design enables the model to capture both structural zeros (on-

time deliveries) and multimodal non-zero deviations (early or late). The architecture

therefore integrates statistical rigor from zero-inflated modeling with the flexibility

of deep generative learning, representing the core methodological contribution of this

study. The model encodes categorical input features together with the observed target

into a latent representation, from which it decodes (i) the parameters of a Gaussian

mixture distribution for non-zero deviations, and (ii) the zero-inflation probability (see

equation (1)). Figure 2 illustrates the overall architecture.

4.4.1 Embedding layer

Each procurement record was indexed by i, with supplier number xs,i ∈ {1, . . . , Ns−1}

and article number xa,i ∈ {1, . . . , Na − 1}. Both categorical variables were mapped

into continuous embedding representations of shared dimension E according to

equation (4):

es,i = Embeds(xs,i) ∈ R
E , ea,i = Embeda(xa,i) ∈ R

E . (4)

Figure 3 illustrates the distribution of supplier-article pair frequencies in the training

dataset using a Pareto-style chart. The green bars show the number of occurrences for

the top 60 most frequent supplier-article pairs, sorted in descending order. The orange

line indicates the cumulative share of all procurement records across the entire dataset.

The plot highlights that the data are strongly imbalanced: while most supplier-article

pairs occur only rarely, a small subset of pairs dominates the transaction volume, with

14
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4.4.2 Encoder network

The encoder conditions on both categorical embeddings es,i; ea,i, the interaction term

esa,i, and the scaled target value ỹi:

xenc
i = [ es,i; ea,i; esa,i; ỹi ] ∈ R

3E+1. (6)

Equation (6) defines the covariate x = xenc
i that is used to model the encoder

qϕ(zi | xenc
i ) (see section 2.2.2). The latent variable z is obtained by applying the

reparameterization trick [19]:

zi = µenc
i + σenc

i ⊙ ϵi, ϵi ∼ N (0, I). (7)

In equation (7), µenc
i and σenc

i are obtained by two distinct dense layers. In practice,

standard deviations may be lower-bounded for numerical stability.

4.4.3 Decoder network

As outlined in section 2.2.2, the decoder outputs the (i) parameters of the Gaussian

mixture distribution (see equation (2)) for non-zero deviations, and (ii) the zero-

inflation probability pd,0,i (see equation (1)). The decoder conditions on the latent

variable z, the categorical embeddings es,i; ea,i, and their interaction esa,i:

xdec
i = [ zi; es,i; ea,i; esa,i ] ∈ R

D+3E . (8)

In the following, the decoder’s outputs are explained in detail.
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Parameters of the Gaussian mixture (i).

The non-structural part of the conditional density is the Gaussian mixture

pθ
(

ỹi | zi, x
dec
i

)

=

K
∑

k=1

wdec
i,k N

(

ỹi; µ
dec
i,k ,

(

σdec
i,k

)2
)

, (9)

consistent with the general form in equation (2). In equation (9), wdec
i,k , µ

dec
i,k , and σdec

i,k

are obtained by three distinct dense layers.

Zero-inflation probability (ii).

As introduced in equation (1), the probability of a structural zero is modeled as pd,0,i

and obtained by a fourth distinct dense layer in the decoder.

Complete Hurdle model likelihood.

Because the target is standardized, the raw on-time value yi = 0 corresponds to

ỹ⋆i = −µ/σ (see section 4.3.3). Therefore, according to equation (1), the scaled Hurdle

model can be formalized as

P
(

ỹi | zi, x
dec
i

)

=



















p0,d,i
(

xdec
i

)

ỹi = ỹ⋆i ,

(

1− p0,d,i
(

xdec
i

))

· pθ
(

ỹi | zi, x
dec
i

)

, ỹi ̸= ỹ⋆i .

(10)

Practically, the condition in equation (10) is enforced by creating a boolean mask

based on the unscaled target values yd, i.e., ⊮[yi = 0] for the structural zero case and

1 − ⊮[yi = 0] for the non-zero case. In summary, the decoder of the cVAE denoted

by pθ
(

ỹi | zi, x
dec
i

)

represents the conditional PDF of the non-zero delivery deviations

denoted by f(y | x) in equation (1).
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Auxiliary point estimate.

For evaluation purposes, a conditional mean estimate can be computed as

ŷi = (1− p0,d,i)
K
∑

k=1

wdec
i,k µdec

i,k . (11)

This estimate is not part of the generative process but is useful for forecasting metrics.

4.4.4 Loss terms

The overall training objective combines multiple components, each targeting a dif-

ferent aspect of the learning problem. Specifically, the model is trained using (i) a

Kullback–Leibler (KL) divergence to regularize the latent space (LKL), (ii) a weighted

binary cross entropy (BCE) loss (LBCE) to capture structural zeros pd,0,i, (iii) a nega-

tive log likelihood (NLL) over a mixture-of-Gaussians for non-zero deviations (LNLL),

(iv) a mean squared error (MSE) for auxiliary point estimation (LMSE), and (v)

additional penalties on skewness (Lskew) and kurtosis (Lkurt) to align higher-order

moments with empirical data. Together, these components enable the cVAE to learn

both the structural and stochastic properties of the delivery deviations. The composite

objective is defined as

L = LNLL + LBCE + λpoint LMSE + βKL LKL + λskew Lskew + λkurt Lkurt, (12)

where λpoint, βKL, λskew, and λkurt are hyperparameters. The model parameters ϕ and

θ are optimized by minimizing the loss function using gradient descent. The formula-

tion in equation (12) extends standard variational inference by integrating additional

supervision and distributional regularization, ensuring that the model captures struc-

tural zeros, represents multimodal deviations, and generates synthetic data aligned

with real-world delivery patterns.
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4.5 Evaluation

4.5.1 Hyperparameter optimization

The hyperparameters of the cVAE model were optimized using the Optuna [37] frame-

work, designed for automated hyperparameter search based on a Bayesian optimization

algorithm. The search space included architectural parameters (e.g., embedding size,

latent dimensionality, number of layers), training-related parameters (e.g., learning

rate, dropout rate, batch size), and weighting coefficients for the different loss terms.

Table A3 outlines the whole search space of the optimization procedure. The model

training employed the AdamW optimizer [38] using a weight decay coefficient of 10−5.

To stabilize training and improve latent space utilization, a linear KL-annealing sched-

ule was applied: the weight βKL was gradually increased from zero to a maximum value

of βmax = 10−2 over the first wf · T training epochs, where wf denotes the warm-up

fraction and T the total number of epochs. After the warm-up phase, βKL remained

constant for the remainder of the training. This scheduling strategy prevented the pos-

terior collapse and ensured the effective use of the latent space during the optimization.

The model was trained for a maximum of 100 epochs with an early stopping patience

of 25 epochs. The multi-objective optimization included minimizing the MSE of the

non-zero model (pθ) on the test data, maximizing the precision of the zero-inflated

model (p0,d) on the test data, and minimizing the overall validation loss (Lsval) during

training. After conducting 1,000 optimization trials, the best-performing configuration

was selected according to the Pareto front of the multi-objective optimization. A high

precision for the zero model ensures that predicted on-time deliveries correspond to

actual punctual deliveries, which is critical for maintaining operational trust in pro-

curement planning. At the same time, minimizing the MSE of the non-zero predictions

reduces the forecast error for early and late deliveries, directly supporting the produc-

tion scheduling and supplier evaluation. Incorporating the overall validation loss into
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Table 1: Overview of the optimal set of hyperparameters obtained following the
optimization procedure using Optuna [37]

Hyperparameter Symbol Value

Embedding dimension E 1024
Latent dimension D 32
Number of epochs T 40
Warmup fraction wf 0.20
Batch size B 64
KL divergence weight βKL 0.0001
Encoder dropout rate penc 0.00
Decoder dropout rate pdec 0.00
Encoder hidden dimensions Henc 128, 64, 32
Decoder hidden dimensions Hdec 128, 64, 32
Learning rate η 0.0001
Decoder Gaussian heads K 5
MSE point loss weight λpoint 1.20
Training split strain 0.66
Validation split sval 0.10
Test split stest 0.24
Skewness loss weight λskew 0.10
Kurtosis loss weight λkurt 0.01

the optimization further balances these objectives by favoring configurations that gen-

eralize well across both structural zeros and non-zero deviations. Table 1 summarizes

the final set of hyperparameters obtained through this procedure. These values were

then used for all subsequent training and evaluation steps. Figure A1 shows a heatmap

of the relative importance of each hyperparameter for each of the three optimization

objectives.

4.5.2 Training

The hyperparameters described in section 4.5.1 were used to train and evalu-

ate the cVAE. Figure 5 reports the evolution of the composite loss’ compo-

nents (LNLL,LBCE,LMSE,LKL,Lskew,Lkurt) over epochs. The mixture NLL (LNLL)

decreases steadily, indicating an effective latent-space utilization without a posterior

collapse. The BCE term stabilizes as the zero head calibrates around the empirical

on-time frequency, whereas the mixture NLL continues to decrease at a slower rate,

reflecting the difficulty of fitting the heavier positive tail of the delay distribution.
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labeled as structural zeros, while all the others were treated as non-zeros. The predicted

probabilities p0,d,i were thresholded at 0.5 to obtain binary decisions. The classifi-

cation performance was quantified using established metrics from scikit-learn [39]:

balanced accuracy, recall, precision, Fβ-score (with β = 0.5), and the receiver oper-

ating characteristic area under the curve (ROC AUC). The Fβ=0.5 score emphasizes

precision over recall. In addition, the corresponding confusion matrix was computed

to provide a detailed account of true positives, false positives, true negatives, and false

negatives. The confusion matrix (left image in figure 6) reveals a clear trade-off in

the zero-inflated component’s classification performance. Focusing on non-structural

zeros (deliveries with deviation |yd| > ε), the model achieves high precision (74.41 %),

ensuring that most predicted deviations are correct, but suffers from limited recall

(47.43 %). Specifically, the 178 false negatives indicate a substantial share of actual

deviations is incorrectly classified as structural zeros. While the F0.5-score (62.86 %)

reflects this high precision, the overall balanced accuracy (56.31 %) and ROC AUC

(57.52 %) suggest only marginal performance, a typical outcome in highly imbalanced

settings. In summary, the component provides reliable detection for its predictions

of structural zeros but requires future refinements, such as resampling strategies or

cost-sensitive training, to improve sensitivity and better balance the precision-recall

trade-off.

4.5.4 Non-zero component

The encoder’s latent representations were analyzed to assess whether the model cap-

tures the structure of non-zero delivery deviations. A PCA of the posterior means

{µenc
i }Ni=1 ⊂ R

D revealed a clear one-dimensional ordering of the target variable ỹd,i.

As shown in the right image in figure 6, early deliveries (large negative ỹd,i, shown

in dark purple) occupy one end of the first principal component (PC 1), whereas late

deliveries (large positive ỹd,i, bright yellow) are concentrated at the opposite end. The

familiar horseshoe pattern arises because PC 1 captures the dominant variance in
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Fig. 7: Comparison of the non-zero delivery deviations, shown separately for early
deliveries (negative deviations, left panel) and late deliveries (positive deviations, right
panel). The count is plotted on a logarithmic scale to emphasize the tail behavior.

are more difficult to approximate with a finite Gaussian mixture. Overall, the figure

confirms that the proposed model reproduces the main asymmetries of procurement

deviations – more concentrated early arrivals and more dispersed late delays – while

highlighting a scope for further improvement in capturing long positive tails.

Across all non-zero deviations, the model achieved W1 = 1.92 days, indicating that

the predicted distribution would need to be shifted by approximately 2 days on average

to align with the empirical distribution. A disaggregated analysis showed that early

deliveries (negative deviations) were reproduced more accurately (W1 = 1.84 days)

than late deliveries (W1 = 1.93 days). This asymmetry reflects the empirical distri-

bution, where late deliveries exhibit greater variability and heavier tails, which are

inherently more difficult to approximate. For completeness, the unconditional Wasser-

stein distance, which combines the structural zero mass with the non-zero deviations,

was W1 = 1.62 days. Table 2 summarizes the Wasserstein metrics.

These results confirm that the non-zero component of the model captures both the

general structure and the asymmetry of delivery deviations. Nonetheless, some devi-

ations remain challenging to reproduce, particularly in the long-tailed distribution of

late deliveries. Overall, the evaluation supports the model’s ability to generate realistic
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Table 2: Summary of the Wasserstein metrics.

Component Unit Value

Proportion of on-time deliveries (true data) 0.18
Proportion of on-time deliveries (model prediction) 0.09
Difference in on-time delivery proportion (pred - true) -0.08
Wasserstein distance (all deliveries) Days 1.62
Wasserstein distance (non-zero deviations only) Days 1.92
Wasserstein distance (late deliveries only) Days 1.93
Wasserstein distance (early deliveries only) Days 1.84
Count of non-zero deliveries in true data 2663.00
Count of non-zero deliveries in model predictions 2950.00

non-zero deviations, which are essential for the generation of synthetic procurement

datasets that preserve behavioral heterogeneity.

Following the training and evaluation, the decoder of the cVAE can be deployed

to generate realistic synthetic delivery deviations for arbitrary supplier-article combi-

nations. In this setting, the generative process samples from the learned conditional

distribution pθ
(

ỹi | zi, x
dec
i

)

, where the conditioning vector xdec
i contains the supplier

and article numbers, the interaction term, and the output of the encoder’s latent vec-

tor (see equation (8)). The simulation of new delivery observations proceeds by first

sampling a latent vector zi ∼ N (0, I), which captures stochastic variability encoded

in the latent space. The decoder outputs four relevant quantities: the structural zero

probability pd,0,i, the mixture weights wdec
i,k , the component means µdec

i,k , and the cor-

responding standard deviations σdec
i,k (see section 4.4.3). A Bernoulli trial is conducted

on pd,0,i to determine whether an on-time delivery (structural zero) occurs. For non-

zero outcomes, the process involves a two-step stochastic draw from the Gaussian

mixture. First, a single mixture component k ∈ {1, . . . ,K} is drawn with probability

wdec
i,k . Second, a delivery deviation value is sampled from the Gaussian distribution
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corresponding to that chosen component k:

ỹd ∼















0, with probability pd,0,

N

(

µdec
i,k ,

(

σdec
i,k

)2
)

, with probability 1− pd,0.

(13)

The sampling procedure ensures that the output preserves the complexity of the

full mixture distribution, as the component k is stochastically selected based on its

learned weight wdec
i,k . Finally, the sampled values are inverse-transformed according

to section 4.3.3 to restore the original measurement scale. The deployment step thus

enables the generation of synthetic procurement datasets that can be directly inte-

grated into downstream applications such as scenario-based planning, supplier risk

assessment, and the augmentation of training data for predictive decision-support

models. The continuous improvement of the model through retraining on new data

ensures that the generated datasets remain relevant and reflective of evolving procure-

ment dynamics. Table 3 shows an example of generated procurement data with the

trained cVAE model.

The resulting synthetic datasets can thus be used in several concrete procurement

use cases. First, they enable the training of forecasting models that predict the delivery

reliability at the level of specific supplier-article combinations, allowing SMEs to proac-

tively adapt production schedules in case of expected delays. Second, they provide

a basis for scenario-based supplier risk simulations, where managers can explore the

impact of repeated late deliveries or supply disruptions without relying solely on scarce

historical data. Third, the datasets enrich training material for procurement-focused

decision-support models, which can be integrated into ERP systems or dashboards to

generate automatic alerts, rank suppliers by reliability, or recommend order reschedul-

ing. Together, these use cases illustrate how the deployment of the proposed cVAE

model supports an actionable decision-making in procurement contexts.
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Table 3: Example of synthetically generated procurement data using the trained
cVAE model.

Order number Supplier number Article number Planned

delivery date

Actual deliv-

ery date

1 91 1471 March 5, 2026 March 6, 2026
2 68 1399 May 15, 2026 May 11, 2026
3 29 1483 May 22, 2026 May 21, 2026
4 154 1510 May 27, 2026 May 28, 2026
5 339 1475 June 1, 2026 June 2, 2026
6 348 1246 June 8, 2026 June 11, 2026
7 341 1485 September 8,

2026
August 24,
2026

8 429 1667 November 18,
2026

November 15,
2026

9 197 1440 December 2,
2026

December 3,
2026

10 237 1471 December 7,
2026

December 8,
2026

5 Conclusion

5.1 Limitations

The proposed cVAE model offers a structured and replicable approach for gener-

ating synthetic procurement data in SMEs. However, several limitations must be

acknowledged. First, the characterization of late deliveries is company-specific. Dif-

ferent organizations apply varying thresholds for defining a delivery as delayed (for

example, only after a deviation of more than five days), which affects both model

training and interpretation. Second, the current implementation is restricted to sup-

pliers that are already present in the training data. While this limits the applicability

to entirely new suppliers, it is important to note that, in practice, the suppliers rep-

resented in the model typically cover more than 80 % of the procurement volume in

SMEs, meaning that occasional one-off suppliers have a negligible operational impact

(see figure 3). Nonetheless, the lack of generalizability to new suppliers may become

more relevant in highly dynamic sourcing contexts. Third, the zero-inflation compo-

nent, although effective in modeling the structural mass of on-time deliveries, may
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not be fully calibrated for rare non-zero deviations. In highly imbalanced datasets,

this can lead to underestimation of infrequent but operationally significant deviations.

Furthermore, the non-zero component assumes a mixture of Gaussian distributions,

which may not fully capture the discrete and heavy-tailed nature of delivery deviations,

especially in the extremes.

5.2 Future research

Future work should address these limitations along several directions. The feature

scope could be expanded to incorporate richer contextual information beyond sup-

plier and article numbers, such as planned lead times, order quantities, transportation

modes, contractual terms, or production calendar effects. Including such operational

information would likely enhance the realism and causal validity of the generated

data, and could also improve generalization to unseen suppliers when paired with

attribute-based embeddings. Another scope is the methodological improvement of the

zero-inflation handling, for example by exploring cost-sensitive training strategies, cal-

ibrated probability outputs, or alternative discrete and tail-aware likelihood functions

that better capture the asymmetries observed in practice. The approach is transferable

and can be applied to alternative procurement-related targets in future studies. From

an application perspective, research should also focus on integrating the synthetic data

generation pipeline into ERP systems or decision-support dashboards, enabling real-

time scenario simulation and risk assessment in procurement planning. Finally, future

studies should systematically quantify the added value of synthetic procurement data

in practical applications, for example by measuring its impact on forecasting accuracy,

risk mitigation, or decision-support quality in SME environments.
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6 Summary

This article presents a model to generate synthetic procurement data for SMEs, aim-

ing to mitigate data scarcity challenges that hinder the use of AI in procurement

planning. Focusing on the delivery deviations, the study presents a Hurdle model

operationalized using a cVAE model, combining the probability of a structural zero

(on-time delivery) p0,d
(

xdec
i

)

with a conditional PDF for non-zero delivery deviations

pθ
(

ỹi | zi, x
dec
i

)

. This cVAE model captures both the high frequency of on-time deliver-

ies and the bimodal distribution of early or late deliveries. The research design follows

the CRISP-DM framework, covering data cleaning, feature encoding, model training,

and synthetic data generation. Results from a German SME demonstrate that the

cVAE can effectively replicate real-world patterns and improve data availability and

quality for decision-support tools. The study also validates its latent representations

through PCA and discusses practical deployment for SMEs.
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Appendix A Supplementary material

Table A1: Characterization of the participating German SME.

Characteristic Categorization

Production concept Make-to-order, assemble-to-order
Duration of the cooperation One-time, temporary, seasonal, constant
Replaceability Flexible with low switching costs
Number of suppliers per product 10 to 100
Number of production sites 1 to 5
Number of production lines 1 to 5
Order trigger type Ordering with individual orders, ordering with blanket orders,

customer-anonymous pre-production, customer-related final pro-
duction

Product range According to customer specification
Product structure Multi-part products with a complex structure
Procurement type Large-scale external procurement
Stockpiling Order items at lower and higher structural levels
Production type Individual and small series

Table A2: The SSS ensures that, despite the different proportions of training, vali-
dation, and test data, the proportion of zeros, positive values, and negative values in
the split data remains consistent.

Data split Share of total

data

Share of zeros Share of posi-

tive values

Share of nega-

tive values

Train 65.99 % 18.24 % 51.40 % 30.35 %
Validation 10.00 % 18.26 % 51.37 % 30.36 %
Test 23.99 % 18.26 % 51.40 % 30.33 %

List of Abbreviations

AI artificial intelligence
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Table A3: Overview of the search space of the optimization.

Parameter Symbol Type Search Space

Embedding dimension E Categorical 64, 128, 256, 512, 1024
Latent dimension D Categorical 32, 64, 128, 256, 512
Batch size B Categorical 64, 128, 256, 512
KL divergence weight βKL Categorical (Log-Spaced) 1e-5, 3e-5, 1e-4, 3e-4, 1e-

3, 3e-3, 1e-2
Encoder dropout rate penc Categorical 0.0, 0.05, 0.1, 0.2, 0.3, 0.4,

0.5
Decoder dropout rate pdec Categorical 0.0, 0.05, 0.1, 0.2, 0.3, 0.4,

0.5
Encoder hidden dimensions Henc Categorical (16), (64, 32), (128, 64,

32), (256, 128, 64), (512,
256, 128)

Decoder hidden dimensions Hdec Categorical (16), (64, 32), (128, 64,
32), (256, 128, 64), (512,
256, 128)

Learning rate η Categorical (Log-Spaced) 1e-5, 3e-5, 1e-4, 3e-4, 1e-
3, 3e-3, 1e-2

Decoder Gaussian heads K Categorical 2, 3, 4, 5
MSE point loss weight λpoint Categorical (Log Grid) 0.1, 0.2, 0.3, 0.5, 0.8, 1.0,

1.2, 1.5
Skewness loss weight λskew Categorical (Log Grid) 1e-4, 3e-4, 1e-3, 3e-3, 1e-

2, 3e-2, 1e-1
Kurtosis loss weight λkurt Categorical (Log Grid) 1e-4, 3e-4, 1e-3, 3e-3, 1e-

2, 3e-2, 1e-1

ANOVA analysis of variance

BCE binary cross entropy

CRISP-DM cross industry standard process for data mining

cVAE conditional variational autoencoder

ERP enterprise resource planning

JBI Joanna Briggs Institute

KL Kullback–Leibler

MAD median absolute deviation

MSE mean squared error

NLL negative log likelihood

PC principal component

PCA principal component analysis
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D, Hübner M, editors. Proceedings of the Conference on Production Systems and

37



1703
1704
1705
1706
1707
1708
1709
1710
1711
1712
1713
1714
1715
1716
1717
1718
1719
1720
1721
1722
1723
1724
1725
1726
1727
1728
1729
1730
1731
1732
1733
1734
1735
1736
1737
1738
1739
1740
1741
1742
1743
1744
1745
1746
1747
1748

Logistics: CPSL 2024. vol. 1. Hannover: Hannover : publish-Ing; 2024. p. 204–214.

[16] Hilbe JM. Modeling Count Data. Cambridge University Press; 2014.

[17] Cragg JG. Some Statistical Models for Limited Dependent Variables with

Application to the Demand for Durable Goods. Econometrica. 1971;39(5):829.

https://doi.org/10.2307/1909582.

[18] Zhang C, Barbano R, Jin B. Conditional Variational Autoencoder for

Learned Image Reconstruction. arXiv. 2021;p. 1–22. https://doi.org/10.48550/

arXiv.2110.11681.

[19] Kingma DP, Welling M. Auto-Encoding Variational Bayes. In: Yoshua Bengio,

Yann LeCun, editors. 2nd International Conference on Learning Representations,

ICLR 2014; 2014. p. 1–14.

[20] Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD,

et al. The PRISMA 2020 statement: an updated guideline for reporting system-

atic reviews. BMJ (Clinical research ed). 2021;372:n71. https://doi.org/10.1136/

bmj.n71.

[21] van de Schoot R, de Bruin J, Schram R, Zahedi P, de Boer J, Weijdema F,

et al. An open source machine learning framework for efficient and transparent

systematic reviews. Nature Machine Intelligence. 2021;3(2):125–133. https://

doi.org/10.1038/s42256-020-00287-7.

[22] Lockwood C, Munn Z, Porritt K. Qualitative research synthesis: methodologi-

cal guidance for systematic reviewers utilizing meta-aggregation. JBI Evidence

Implementation. 2015;13(3):179–187.

38



1749
1750
1751
1752
1753
1754
1755
1756
1757
1758
1759
1760
1761
1762
1763
1764
1765
1766
1767
1768
1769
1770
1771
1772
1773
1774
1775
1776
1777
1778
1779
1780
1781
1782
1783
1784
1785
1786
1787
1788
1789
1790
1791
1792
1793
1794

[23] Shon HS, Batbaatar E, Cho WS, Choi SG. Unsupervised Pre-Training of Imbal-

anced Data for Identification of Wafer Map Defect Patterns. IEEE Access.

2021;9:52352–52363. https://doi.org/10.1109/ACCESS.2021.3068378.

[24] Karamti H, Lashin MMA, Alrowais FM, Mahmoud AM. A New Deep

Stacked Architecture for Multi-Fault Machinery Identification With Imbal-

anced Samples. IEEE Access. 2021;9:58838–58851. https://doi.org/10.1109/

ACCESS.2021.3071796.

[25] Zhang X, Kano M, Tani M, Mori J, Ise J, Harada K. Hurdle Modeling for Defect

Data with Excess Zeros in Steel Manufacturing Process. IFAC-PapersOnLine.

2018;51(18):375–380. https://doi.org/10.1016/j.ifacol.2018.09.329.

[26] Workie MS, Azene AG. Bayesian zero-inflated regression model with application

to under-five child mortality. Journal of Big Data. 2021;8(1). https://doi.org/

10.1186/s40537-020-00389-4.

[27] Aragaw AM, Azene AG, Workie MS. Poisson logit hurdle model with associated

factors of perinatal mortality in Ethiopia. Journal of Big Data. 2022;9(1). https:

//doi.org/10.1186/s40537-022-00567-6.

[28] Akkas A, Gaur V, Simchi-Levi D. Drivers of Product Expiration in Consumer

Packaged Goods Retailing. Management Science. 2018;65:1–17. https://doi.org/

10.1287/mnsc.2018.3051.

[29] Tang P, Peng K, Dong J, Zhang K, Zhao S. Monitoring of Nonlinear Pro-

cesses With Multiple Operating Modes Through a Novel Gaussian Mixture

Variational Autoencoder Model. IEEE Access. 2020;8:114487–114500. https:

//doi.org/10.1109/ACCESS.2020.3003095.

39



1795
1796
1797
1798
1799
1800
1801
1802
1803
1804
1805
1806
1807
1808
1809
1810
1811
1812
1813
1814
1815
1816
1817
1818
1819
1820
1821
1822
1823
1824
1825
1826
1827
1828
1829
1830
1831
1832
1833
1834
1835
1836
1837
1838
1839
1840

[30] Ibrahim M, Zhang C, Mahmood T. Surveillance of high–yield processes

using deep learning models. Quality and Reliability Engineering International.

2024;40(8):4365–4393. https://doi.org/10.1002/qre.3635.

[31] van Rossum G.: Python. Python Software Foundation. Available from: https:

//www.python.org/.

[32] Bradbury J, Frostig R, Hawkins P, Johnson MJ, Leary C, Maclaurin D, et al.:

JAX: composable transformations of Python+NumPy programs. Available from:

http://github.com/jax-ml/jax.

[33] Heek J, Levskaya A, Oliver A, Ritter M, Rondepierre B, Steiner A, et al.: Flax:

A neural network library and ecosystem for JAX. Google. Available from: http:

//github.com/google/flax.

[34] Schuh G, Stich V. Produktionsplanung und -steuerung 1: Grundlagen der PPS:

[engl.: Production Planning and Control 1: Fundamentals of PPC]. Berlin:

Springer; 2012. Available from: https://link.springer.com/book/10.1007/978-3-

642-25423-9.

[35] Miller J. Reaction time analysis with outlier exclusion: bias varies with sample

size. The Quarterly journal of experimental psychology A, Human experimental

psychology. 1991;43(4):907–912. https://doi.org/10.1080/14640749108400962.

[36] Jolliffe IT. Principal Component Analysis. 2nd ed. New York: Springer-Verlag;

2002.

[37] Akiba T, Sano S, Yanase T, Ohta T, Koyama M. Optuna: A Next-generation

Hyperparameter Optimization Framework. In: Teredesai A, Kumar V, Li Y,

Rosales R, Terzi E, Karypis G, editors. Proceedings of the 25th ACM SIGKDD

International Conference on Knowledge Discovery & Data Mining. New York,

40



1841
1842
1843
1844
1845
1846
1847
1848
1849
1850
1851
1852
1853
1854
1855
1856
1857
1858
1859
1860
1861
1862
1863
1864
1865
1866
1867
1868
1869
1870
1871
1872
1873
1874
1875
1876
1877
1878
1879
1880
1881
1882
1883
1884
1885
1886

NY, USA: ACM; 2019. p. 2623–2631.

[38] Loshchilov I, Hutter F. Decoupled Weight Decay Regularization. In: Yoshua

Bengio, Yann LeCun, editors. 7th International Conference on Learning Repre-

sentations, ICLR 2019; 2019. p. 1–19.

[39] Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al.

Scikit-learn: Machine Learning in Python. Journal of Machine Learning Research.

2011;12:2825–2830.

[40] Ramdas A, Trillos N, Cuturi M. On Wasserstein Two-Sample Testing and

Related Families of Nonparametric Tests. Entropy. 2017;19(2):47. https://

doi.org/10.3390/e19020047.

41




