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ARTICLE INFO ABSTRACT

Python’s flexibility accelerates research prototyping but frequently results in unmaintainable code and duplicated
computational effort. The absence of software engineering practices in academic development leads to fragile ex-
periments where even minor modifications require rerunning expensive computations from scratch. LabChain
addresses this through a pipeline-and-filter architecture with hash-based caching that automatically identifies
and reuses intermediate results. When evaluating multiple classifiers on the same embeddings, the framework
computes embeddings once—regardless of how many classifiers are tested. This automatic reuse extends across
research teams: if another researcher applies different models to the same preprocessed data, LabChain detects
existing results and eliminates redundant computation. Beyond efficiency, the framework’s modular structure
reduces technical debt that obscures experimental logic. Pipelines serialize to JSON for reproducibility and dis-
tributed execution across computational clusters. A mental health detection case study demonstrates dual impact:
computational savings exceeding 12 hours per task with reduced CO, emissions, alongside substantial scientific
improvements—performance gains up to 192.3% in some tasks. These improvements emerged from clearer exper-
imental organization that exposed a critical preprocessing bug hidden in the original monolithic implementation.
LabChain proves that software engineering discipline amplifies scientific discovery.
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1. Motivation and significance

In the field of data science and machine learning, good practices
and design principles play a key role in improving the efficiency,
reproducibility, and scalability of experiments. Despite progress in stan-
dardizing tools for data processing and model building, the research
community still faces challenges related to duplicated efforts, poor inte-
gration between different code components, and inefficient management
of computational resources.

There are several open-source frameworks that attempt to address
some of these issues, including scikit-learn, Kedro, Snakemake, PyCaret,
and Luigi, among others. Each of these frameworks aims to facilitate
the construction and execution of machine learning and data process-
ing pipelines. For example, scikit-learn [1] is well-known for its support
for building reusable models through pipelines and its broad collection
of transformers and estimators, which simplify model reuse and valida-
tion. Kedro [2], in turn, specializes in building modular projects that
enable large-scale workflow management and reproducibility, while
Snakemake [3] provides a unified, transparent, and adaptable way to
represent complete data analysis workflows, from raw data processing to
final result visualization. PyCaret [4] offers a high-level solution that au-
tomates the modeling process without sacrificing modularity. Luigi [5],
for its part, focuses on orchestrating complex workflows, particularly in
distributed processing contexts.

Despite the advantages these frameworks offer [6], there are still im-
portant areas for improvement. Many of them do not efficiently address
code duplication, the management of intermediate data, or the reuse
of computational components across research teams working on similar
tasks. For instance, in research settings involving multi-stage data pro-
cessing pipelines, some steps are often computationally demanding and
redundantly executed across various experiments. A typical example is
the generation of embeddings using a pretrained neural model over a
large textual corpus (e.g., applying BERT to obtain vectorial represen-
tations of documents). When embeddings are not shared across tasks,
each experiment redundantly recomputes them, resulting in unnecessary
computational overhead and substantial environmental impact.

Let us imagine the following scenario: two research teams are work-
ing on experiments that define different pipelines. These pipelines
consist of various processing stages that we will refer to as filters. In
the case of the first team, the pipeline is composed of filters A, B,
and C, where steps A and B are extremely computationally expensive.
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Meanwhile, the second team is conducting a similar study, but their
pipeline includes filters A, B, and D, among other possible variations.

Both teams could greatly benefit from a system that allows them to
share filters (A, B) and avoid redundant computations. Our framework,
LabChain, makes it possible to structure experiments in such a way that
the computation of steps A and B is performed only once. LabChain han-
dles unique identifiers that allow intermediate results to be stored and
reused, thus eliminating the need to re-run the same transformations.
This caching mechanism is illustrated in Fig. 1.

One of LabChain’s most notable innovations is its ability to serialize
and deserialize entire pipelines in JSON format. This allows packaging
experiments as JSON files for transmission over standard protocols such
as REST, GraphQL, gRPC, or event-based systems (Kafka, MQTT). This
facilitates configuration exchange between users and enables remote
compute nodes to receive serialized pipelines, deserialize them, and
execute autonomously. As a result, it is possible to build distributed pro-
cessing architectures where different nodes test experimental variations
without manual intervention, fostering reproducibility and scalability
essential to computational science.

1.1. Comparative analysis with related systems

LabChain occupies a unique niche among workflow frameworks by
prioritizing automatic inter-team cache reuse and executable configu-
ration over traditional workflow orchestration. While frameworks like
scikit-learn, Kedro, Snakemake, and Luigi provide valuable pipeline
abstractions, they do not address fundamental inefficiencies in col-
laborative research, such as the redundant computation of identical
transformations across teams and the separation between workflow
definition and execution logic.

The inter-team reuse problem.  Consider a research group where multi-
ple members work on related experiments using the same preprocessing
steps (e.g., BERT embeddings over a corpus). In traditional frame-
works, each researcher either recomputes transformations (scikit-learn),
manually coordinates file sharing (Kedro/Luigi), or references explicit
file paths in workflow rules (Snakemake). LabChain utilizes content-
addressable storage, which enables identical configurations and input
data to automatically produce cache hits across researchers without re-
quiring manual coordination. This works across local and cloud storage
backends (S3), enabling seamless collaboration.
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Fig. 1. LabChain: caching mechanism.
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Table 1

Comparison of LabChain with existing workflow frameworks.
Feature LabChain scikit-learn Kedro Snakemake
Pipeline serialization JSON (executable) Pickle YAML + code YAML (rules)
Automatic caching Hash-based None Manual Timestamps
Inter-team reuse Automatic No Manual Manual
State management Filter-internal Pipeline objects Catalog flow File artifacts
Workflow definition Code (filters) Code YAML DAG YAML rules
Cloud storage Native (S3) No Plugin Limited
Setup overhead Minimal None High Medium
Target use case Iterative research Model building Production Bioinformatics

Executable configuration vs. declarative workflows. A key architectural This design allows item_dump() to produce portable JSON

distinction lies in how LabChain unifies configuration and execution
logic. Kedro or Snakemake separate workflow definition (YAML/Python
DAGs) from execution code. State (fitted models) flows through the
pipeline alongside data, requiring explicit input/output declarations. In
LabChain, configuration is executable code. A JSON-serialized pipeline
can be directly instantiated and executed. Data flow is implicit in the
filter sequence. State lives within filter instances as private attributes,
not as pipeline data.

This design provides two practical advantages: (1) each JSON dump
represents a complete, reproducible experiment that serves as an exper-
imental backlog of explored configurations, and (2) researchers think
in terms of sequential transformations rather than dependency graphs,
with state management encapsulated within components.

Conceptual contribution. While individual components (pipelines,
caching, dependency injection) are not novel, LabChain’s contribution
lies in their integration for collaborative experimental research with
automatic result reuse. This differs from production workflow orchestra-
tion (Kedro, Luigi), bioinformatics workflows (Snakemake), and model
building (scikit-learn), each of which targets distinct use cases with
varying trade-offs. Table 1 provides a comparative analysis between
LabChain and other existing workflow frameworks.

2. Software description

LabChain is built on established design principles and software pat-
terns. Its architecture encapsulates each processing step as a filter, which
can be combined into serializable pipelines. This approach facilitates
reuse, composition, and distributed execution. The framework employs
a container-based dependency injection system alongside a hash-based
storage strategy reminiscent of content-addressable storage systems.

2.1. Filter architecture and serialization

LabChain follows the Pipes and Filters pattern. Each filter, de-
rived from BaseFilter, encapsulates a specific data transformation.
To overcome the limitations of standard JSON serialization when han-
dling complex machine learning objects (such as tokenizers, vector-
izers, or pretrained models), LabChain enforces a clear separation of
attributes:

« Public Attributes (Configuration): These are the filter’s configura-
tion parameters that define its behavior. LabChain serializes these
attributes and uses them as constructor arguments during filter re-
construction (passed as **kwargs to __init__). Consequently, all
public attributes must be declared as __init__ parameters. Only
basic serializable types (strings, integers, floats, booleans, lists,
dictionaries) are supported.

Private Attributes (Non-configuration State): Private attributes
(prefixed with an underscore) represent internal implementation de-
tails rather than configuration parameters. These include execution
state, utility objects, and non-serializable components that do not
define the filter’s identity.

representations of a pipeline “recipe” without the overhead of
serializing arbitrary Python objects.

2.2. Cache-key specification and validation

Reproducibility in LabChain relies on an explicit and deterministic
cache-key definition. Cache keys are computed as cryptographic hashes
derived exclusively from user-visible and serialized information, en-
suring that identical experimental configurations yield identical cache
identifiers.

Deterministic hashing modes. ~ LabChain implements a dual-mode hash-
ing system adapted to filter characteristics:

« Non-trainable filters (initialization-based): For static transforma-
tions, the hash is computed at instantiation from the class name and
all public attribute values.

« Trainable filters (state-based): For filters requiring a fit()
method, the hash is finalized before training, combining the class
name, public attributes, and the unique hash of the training data.

Formally, for each filter instance f, the filter hash H, is computed as:
Hf = hash(class_name(f), pub_attributes(f), H,i,)

where H,,;, is included only for trainable filters and corresponds to the
hash of the training dataset used during fit (). For non-trainable filters,
H i, is omitted.

Data provenance chain.  LabChain maintains pipeline integrity through
a composition of hashes. When a filter processes an input dataset with
hash H;,, the resulting output dataset hash is:

H, = hash(Hf, H;,)

This mechanism forms a chain of hashes that encodes the complete prove-
nance of the data as it flows through the pipeline. The initial dataset
hash, defined by the user, serves as the root of this provenance chain.

Included and excluded factors. By design, cache keys depend only
on: the filter class identity, its public configuration parameters, and
upstream data hashes (which themselves depend on data content or
user-provided identifiers). Keys do not depend on source code versions,
library versions, runtime environments, or hardware characteristics,
unless such factors are explicitly encoded as public parameters.

Cache control and invalidation. ~ To manage caching behavior, LabChain
provides a Cached wrapper filter offering fine-grained control through
three parameters:

» store_data: Toggles persistence of processed output datasets.

+ store_model: Enables or disables caching of fitted filter states.

» overwrite: Forces recomputation even when a matching hash exists
in cache. When enabled, if store_data and/or store_model are also
active, the newly computed results will replace the existing cached
entries for that hash.
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This mechanism supports iterative development workflows where
researchers may need to force recomputation due to external changes
not captured by configuration parameters (e.g., bug fixes in dependen-
cies, hardware-specific numerical behavior). To mitigate the risk of stale
results following internal logic updates or bug fixes, we recommend that
users either explicitly set the overwrite flag to True for a single run
or include a dedicated versioning parameter within the filter’s public
configuration to force a hash change.

Non-determinism and stochasticity.  Filters relying on stochastic opera-
tions are reproducible only if sources of randomness (e.g., random seeds)
are explicitly exposed as public configuration parameters. LabChain
guarantees cache consistency based on the defined key structure but
does not enforce bit-wise numerical reproducibility for filters that do
not control their random state.

Validation. The correctness of cache hits and misses is validated
through dedicated tests in the LabChain suite. Atomic behavior is ver-
ified in tests/unit, ensuring hashing determinism and cache hits
under controlled changes to filter parameters. Collective behavior within
complex experimental workflows is validated in tests/integration,
ensuring state consistency and the reliable reuse of cached results when
combining multiple framework elements, such as sequential and parallel
pipelines.

2.3. Storage backends

LabChain’s caching system is storage-backend agnostic through the
BaseStorage abstraction, which defines a uniform interface for storing
and retrieving cached data and models. The framework provides two
built-in implementations:

+ Local filesystem: Stores cached results in the local file system,
suitable for individual researchers or single-machine workflows.

« Cloud storage (S3): Persists cached results to Amazon S3 or
S3-compatible object storage, enabling collaborative environments
where multiple teams share cached intermediate results across geo-
graphical locations.

Users can implement custom storage backends by extending
BaseStorage and implementing its interface methods (upload_file,
download_file, check_if_exists, etc.). This extensibility allows inte-
gration with institutional storage systems, alternative cloud providers,
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or specialized distributed filesystems without modifying LabChain’s
core logic. The storage backend is configured at the pipeline or filter
level, allowing researchers to mix local and cloud storage within the
same workflow. For example, expensive preprocessing steps can be
cached to shared cloud storage for team-wide reuse, while intermediate
debugging outputs remain local.

2.4. Dependency management: container and IoC

At the core of LabChain is the Container, a class-name-based man-
ager implementing Inversion of Control (IoC) and Dependency Injection
(DI). Components are registered via the @Container.bind() decora-
tor. This decouples components, which are assembled by the container
rather than depending on each other directly. This design is particularly
useful when reconstructing pipelines with build_from_dump(), as the
container can re-instantiate private components based on the serialized
public configuration. While it introduces a learning curve, it reduces
technical debt by exposing structural errors that would remain hidden
in monolithic scripts.

2.5. Software design

Fig. 2 illustrates the UML design of LabChain’s core system. The ar-
chitecture emphasizes extensibility, modularity, and component reuse.
Several classical design patterns are applied:

Factory/Abstract Factory: BaseFactory enables dynamic registra-
tion and instantiation of plugins from textual identifiers, decoupling
component creation from specific implementations.
Plugin/Strategy: Filters, metrics, and storage systems inherit from
BasePlugin, allowing dynamic substitution and experimentation
with alternative processing strategies.

Composite: BasePipeline can compose multiple filters and met-
rics into hierarchical pipelines, treating entire workflows as reusable
entities.

Template Method: Base classes (BaseFactory, BasePlugin,
BaseFilter) define the general workflow (fit, predict,
evaluate, item_dump), while subclasses implement specific
steps.

Adapter/Wrapper: BaseStorage provides unified access to diverse
storage backends (local, S3), which can be extended with custom
implementations.

BaseFactory

BasePlugin

+ binds: Dict[st, BasePlugin]

+ item_dump(self, include:list, **kwargs): dict

+ __getitem__(str): BasePlugin + buld_from_dump(dump_dict:dict, factory:BaseFactory): BasePlugin
-
BaseStorage BaseFilter BaseMetric
1.n.
+get_toot_path(self): str +init(type) + evaluate(x_data:XYData, y_true:XYData, y_pred:XYData): float
+ upload_file(file:obj, name:str, contexts:str):bool + fit(x:XYData, y:XYData): float
0.n

+ download_file(hashcode:str, context:str):Any + predict(x:XYData): XYData

+ list_stored_files(context:str):List[Any]

+ get_file_by_hashcode(hashcode:str, context:str):List[Any]

T

+ check_if_exists(hashcode:str, context:str):bool BasePipeline
+ delete_file(hashcode:str, context:str) +filters: List[BasefFilter]
+ metrics: List[Metrics]
+ init(type)
Container + fit(x:XYData, y:XYData): float
+ pluginFactory: BaseFactory + predict(x:XYData): XYData
+ bind(plugin:BasePlugin): BasePlugin + evaluate(x_data:XYData, y_true:XYData, y_pred:XYData): float

Fig. 2. General architecture of LabChain. Filters are organized into pipelines managed by a container. Each filter generates unique hashes that are stored in a

content-addressable caching system.
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This design allows independent testing, modular extensions, and
portable reconstruction of pipelines using build_from_dump.

3. Illustrative examples

To illustrate the flexibility and power of the LabChain framework,
we present a practical example focused on the early detection of
signs of mental illness (based on temporal linguistic patterns). This
example highlights three key capabilities: modular definition of filters,
experiment serialization, and distributed execution of pipelines.

3.1. Pipeline construction and execution

As a use case, we implemented a pipeline inspired by research on
temporal language analysis in social media [7]. The goal is to detect
early signs of mental disorders based on users’ posts (from Reddit). The
data consist of sequences of messages, grouped by user, and organized
into two classes (users diagnosed with depression vs control users).

The pipeline consists of two main phases:

« Temporal feature extraction. We use the Temporal Word
Embeddings with a Compass model (TWEC), a variant of Word2Vec,
to generate word embeddings that evolve over time [8]. By compar-
ing these dynamic embeddings with their static versions, we obtain
measures of individual semantic change for each word and user. The
computation of measures of change is supported by different distance
metrics (e.g., cosine, Euclidean, Chebyshev).

Classification and optimization. The resulting representations
score the evolution of the words in the vocabulary at different
times. These features are fed into different classifiers — Support
Vector Machines (SVM), Random Forest Classifiers (RFC), and K
Nearest Neighbors (KNN)- which are automatically optimized using
GridSearch with cross-validation. This allows prediction of signs of
mental health based on the semantic evolution of language.

The output of the pipeline is a binary prediction of the user’s mental
health status, generated for each set of user’s texts (the user’s posts are
organized in temporal chunks).

Custom filters.  One of the advantages of LabChain is the ease of creat-
ing reusable filters. In this example, semantic distance matrices between
embeddings (referred to as deltas) are precomputed and cached. These
distances represent the movement of each word in each chunk relative
to a canonical representation of that word (i.e., the degree to which
the word shifts from its general usage). The following filter allows the
selection at runtime of the distance metric to be applied:

@Container.bind ()
class DeltaSelector (BaseFilter):
def __init__(
self ,
deltas_f: Literall
"cosine",
"euclidean",
"chebyshev",
"jensen_shannon",
"wasserstein",
"manhattan",
"minkowski",
] = "cosine",

self .deltas_f = deltas_f
def fit(self, x: XYData, y:
pass
def predict(self, x: XYData) -> XYData:
stored_dok = x.value[self.deltas_f]
if not isinstance(stored_dok, csr_matrix)

XYData | None):

selected_matrix = stored_dok.tocsr ()
return XYData.mock(selected_matrix)
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Fig. 3. Conceptual representation of the pipeline.

This filter acts as a view selector, allowing the user to easily switch
the analysis metric without recalculating the underlying embeddings.

Pipeline design.  Fig. 3 schematically represents the processing flow for
this use case. All embeddings and deltas are generated in a single pass,
cached, and then reused.

Advantages of the approach.
principles of the framework:

This design demonstrates several key

« Efficiency. The design’s flexibility allows temporal embeddings and
deltas to be generated in the initial filter, followed by a selector filter.
This approach inherently reduces computation time. Furthermore,
caching can significantly reduce the final computation time when
using multiple classifiers, as would be the case when replicating the
original paper’s methodology.

Modularity. Components are implemented as reusable and inter-
changeable filters. This architecture ensures easy adaptation to new
datasets, evaluation metrics, or models without modifying the core
structure.

Scalability. The pipeline can be easily parallelized and executed
in a distributed manner, regardless of data size or the number of
experimental configurations.

Rich Evaluation. The system supports both internal evaluation
metrics (e.g., F1 during optimization) and task-specific external
metrics (e.g., ERDE, an error measure that penalizes late decisions
about risk). Additionally, the caching mechanism enables detailed
inspection of intermediate data, allowing for deeper and more
informative evaluations at each pipeline stage.

Pipeline serialization. Pipelines can be easily exported to JSON using the
item_dump () function, as shown below:

dumped_pipeline = pipeline.item_dump ()

The output is a nested dictionary representing the pipeline structure
and the public parameters of each component. This representation is
easily serializable and shareable, enabling experiment storage, repro-
ducibility, and distributed execution. Currently, only basic data types
(e.g., str, int, list) are supported for filter parameters, excluding arbitrary
objects.

3.2. Reproducibility and collaboration

The use of declarative pipeline representations enables seamless
sharing and reconstruction of experiments. Pipelines serialize to JSON
format, facilitating collaboration among team members and ensuring
that computational workflows can be stored alongside datasets. This ap-
proach transforms pipeline definitions into executable documentation
that captures not just the results, but the entire experimental process.
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Reconstructing a pipeline is straightforward, a single function call
restores the complete computational workflow. This capability enables
researchers to systematically compare pipeline variants defined at dif-
ferent times, test alternative approaches, or apply identical processing
to new datasets without risk of introducing subtle implementation
differences.

from labchain.base import BasePipeline,
BasePlugin
from typing import cast

reconstructed_pipeline: BasePipeline = cast(
BasePipeline,
BasePlugin.build_from_dump (
dumped_pipeline, Container.pif
)
)
reconstructed_pipeline.fit (X, y)

3.3. Distributed execution: exploring multiple pipelines in parallel

Classical distributed computing frameworks like Hadoop and Spark
parallelize data processing by replicating the same computational logic
across different data fragments. LabChain proposes a complementary
strategy: parallelizing entire pipeline variants rather than data. This
design proves particularly valuable in automated experimentation and
systematic configuration exploration.

Consider a common research scenario: evaluating multiple classi-
fiers (such as SVM, RFC, and KNN) on the same feature representations.
With LabChain’s distributed execution, different classifier configurations
can be distributed across cluster nodes while sharing preprocessed data
through the caching system. This eliminates redundant computation of
expensive preprocessing steps and focuses computational resources on
exploring classification and optimization strategies.

The following example demonstrates distributed pipeline execution.
Each pipeline variant receives serialized configuration, executes inde-
pendently on cluster workers, and the system automatically collects
results into a unified output structure:

from labchain.pipeline import HPCPipeline
from labchain.plugins.filters import Knn,
RandomForest , SVM

f_experiment = lambda classifiers: F3Pipeline(
filters=[
TWEC (),
DeltaSelector (),
*classifiers
1,
metrics=[F1(), Precision(), Recall()]
)
pipeline = HPCPipeline (
filters=[
f_experiment ([SVM()]),
f_experiment ([RandomForest ()1),
f_experiment ([Knn()1),
1,
app_name="classifier_comparison",
master="192.168.0.100:7077"
)
pipeline.fit (X, y)
predictions = pipeline.predict (X)
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In this configuration, each branch of the HPCPipeline represents
a complete experimental variant with a different classifier. The dis-
tributed system handles the complexity of scheduling, execution, and
result aggregation, while cached intermediate results (embeddings and
distance computations) are automatically shared across variants. Fig. 4
illustrates how these pipeline variants are distributed across cluster
workers.

3.4. Hyperparameter optimization

Modern machine learning experiments require systematic explo-
ration of hyperparameter spaces. This challenge has been central to
automated machine learning research [9,10], where evaluating multi-
ple pipeline configurations is considered essential for identifying robust
and reproducible solutions. LabChain provides modular integration of
multiple optimization strategies through a unified interface, support-
ing approaches ranging from exhaustive grid search to sophisticated
Bayesian optimization, as well as visual tracking tools for monitoring
experimental progress.

GridOptimizer. For problems with discrete hyperparameter spaces,
LabChain includes a grid search optimizer that systematically evaluates
all combinations of parameters defined through the .grid() method.
This exhaustive approach works well when the search space is bounded
and computational resources allow thorough exploration.!

OptunaOptimizer. ~ When dealing with large or continuous hyperparam-
eter spaces, Bayesian optimization offers a more efficient alternative.
Through integration with Optuna [11], LabChain enables intelligent
search strategies that learn from previous evaluations to guide explo-
ration toward promising regions of the parameter space.?

WandbOptimizer. Systematic experimentation benefits from visual
tracking and comparison of different configurations. Integration with
Weights & Biases [12] provides real-time monitoring of optimization
progress, comparison of multiple experimental runs, and support for
remote collaboration among research team members.>

pipeline = F3Pipeline (
filters=[
StandardScaler (),
Knn () .grid ({
"n_neighbors": [2, 3, 4, 5, 6]

b
Js
metrics=[F1(), Precision(), Recall()]
)
.splitter(
KFoldSplitter(n_splits=5, shuffle=True)
)

.optimizer (GridOptimizer (scorer=F1()))

pipeline.fit (X, y)

1 Tutorial: GridOptimizer example.
2 Tutorial: OptunaOptimizer example.
3 Tutorial: WandbOptimizer.


https://manucouto1.github.io/LabChain/examples/notebooks/grid_search_optimizer_with_data_splitter_kfold/
https://manucouto1.github.io/LabChain/examples/notebooks/optuna_optimizer_with_data_splitter_kfold/
https://manucouto1.github.io/LabChain/examples/notebooks/wandb_optimizer_with_data_splitter_kfold/
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pipeline = F3Pipeline(
filters=[
PCA() .grid ({
"n_components": [10, 100]
b,
SVM(kernel="rbf").grid ({
"¢": [0.1, 10.0],

"gamma": [0.001, 0.01]
1

1,

metrics=[F1(), Precision(), Recall ()]
)
.splitter(

KFoldSplitter (n_splits=5, shuffle=True)
)

.optimizer (
OptunaOptimizer (
n_trials=50,
direction="maximize",
study_name="svm_optimization",
load_if_exists=True,
storage="sqlite:///optuna_studies.db"

)

pipeline.fit (X, y)

pipeline = F3Pipeline(
filters=[
StandardScaler (),
Knn () . grid ({
"n_neighbors": [2, 3, 4, 5, 6]

b
Js
metrics=[F1(), Precision(), Recall()]
)
.splitter(
KFoldSplitter (n_splits=5, shuffle=True)
)

.optimizer (

WandbOptimizer (
project="mental_health_detection",
sweep_id=None,
scorer=F1()

)

pipeline.fit (X, y)

SklearnOptimizer. ~ For researchers already working within the scikit-
learn [1] ecosystem, LabChain provides an optimizer that maintains
compatibility with scikit-learn’s validation infrastructure. This enables
seamless integration with existing workflows while benefiting from
LabChain’s caching and pipeline management capabilities. The case
study presented in this article demonstrates this optimizer in practice.

4. Impact

LabChain transforms how research teams develop, execute, and stan-
dardize computational experiments. Beyond technical improvements, it
addresses fundamental challenges in scientific software: reproducibility,
sustainability, and the psychological burden of experimental iteration.

Substantial improvement in experimental outcomes. To demonstrate
practical utility, we re-implemented the experimental pipeline from
prior work on early detection of mental health indicators [7]. The
pipeline comprises three stages: (1) computing temporal representa-
tions using TWEC with multiple distance metrics, (2) selecting metrics via
DeltaSelector, and (3) optimizing an SVM classifier. The initial stage
alone requires one to several hours depending on dataset size.
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Traditional implementations follow computational complexity
Nx(A+B+C), where N represents experimental variants and A, B, C rep-
resent pipeline stages. LabChain’s caching reduces this to A+Nx(B+C)
by automatically reusing intermediate results. When exploring multiple
classifiers on the same embeddings, this difference becomes transforma-
tive, expensive preprocessing executes once rather than repeatedly.

Beyond efficiency, caching provides psychological liberation.
Research with dynamically typed languages like Python involves numer-
ous subtle errors, type mismatches, configuration mistakes, and module
incompatibilities, that often surface only after hours of computation.
Automatic caching creates checkpoints that preserve progress, enabling
researchers to explore alternative approaches without fear of losing
work. This reduces both mental and computational costs of experimen-
tation, encouraging the creative, iterative mindset essential to scientific
discovery.

Preserved intermediate data also enables analytical depth.
Researchers can study how different pipeline stages contribute to
final performance without manually implementing inspection mech-
anisms. By embedding this capability into the framework, LabChain
reduces technical debt while enhancing scientific focus.

The re-implementation using LabChain produced results demonstra-
bly superior to those originally published, with some achieving state-
of-the-art performance. This empirically confirms that well-designed
tools not only improve development efficiency but can directly enhance
scientific outcomes.

Environmental sustainability. =~ Computational efficiency translates to en-
vironmental impact. Delta computation via TWEC on the depression
dataset requires approximately three hours. The original study evaluated
five models, without caching, this totals 15 hours per task. Extending
to four tasks (depression, anorexia, self-harm, gambling) with multiple
classifiers amounts to at least 48 hours of redundant computation.

Using conservative estimates (0.052 kg CO,/hour), caching saves
approximately 2.50 kg CO, across these experiments. Under higher
emission assumptions (0.234 kg/hour), savings exceed 11 kg CO,. These
figures underscore both efficiency gains and contributions to sustainable
research practices.

Empirical evidence. LabChain does not modify model architectures or
algorithms, its impact lies in how experiments are structured. By reduc-
ing technical debt through modular organization, the framework creates
mental space for deeper analytical thinking. When researchers are freed
from managing ad-hoc scripts, tracking intermediate results manually,
or reconstructing preprocessing pipelines, they can focus cognitive re-
sources on identifying improvements, testing hypotheses, and refining
experimental design.

This cognitive benefit manifested in tangible outcomes. During
re-implementation of temporal language analysis for early risk predic-
tion [7] using LabChain,* the modular structure immediately exposed a
critical bug in the original corpus preparation. The preprocessing step
failed to flatten the hierarchical data structure before feeding it to the
word embedding model (TWEC). Instead of processing individual posts
as separate documents, the entire corpus was concatenated into a single
massive sequence. This structural error corrupted the training process:
the model lost document boundaries, distorting word co-occurrence
statistics and context windows essential for learning meaningful embed-
dings. The bug remained undetected across multiple experiments be-
cause monolithic preprocessing code obscured the data flow. LabChain’s
encapsulation of preprocessing as an explicit, testable filter made the
structural corruption immediately visible during component validation.

Correcting this single structural error, combined with the systematic
exploration enabled by LabChain’s caching system, yielded the sub-
stantial improvements shown in Table 2. The results demonstrate that

4 github.com/manucoutol/Temporal-Word-Embeddings-for-Early-Detection.
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Fig. 4. Distribution of pipeline jobs in a Hadoop cluster. Each worker executes a complete pipeline variant, sharing cached preprocessing results.

Table 2

Performance comparison between original and LabChain imple-
mentations. Bold indicates best performance per dataset (lower
ERDE values are better).

Dataset Model ERDE; ERDE;, F1

Depression

2017 LabChain 12.44 7.66 0.50
Original 12.56 10.21 0.25

2018 LabChain 9.36 5.56 0.46
Original 9.09 7.84 0.21

2022 LabChain 6.57 3.81 0.46
Original 6.69 5.82 0.17

Anorexia

2018 LabChain 18.35 12.52 0.26
Original 21.40 15.23 0.22

2019 LabChain 7.95 2.60 0.63
Original 8.17 6.30 0.27

Self-harm

2020 LabChain 19.96 9.17 0.62
Original 18.79 16.37 0.41

2021 LabChain 9.80 5.42 0.33
Original 9.02 7.21 0.26

Gambling

2022 LabChain 3.35 0.88 0.38
Original 3.76 3.31 0.13

2023 LabChain 2.96 0.41 0.88
Original 2.92 1.10 0.74

software engineering practices directly influence research outcomes:
modularity makes errors visible that would otherwise remain buried in
unstructured code.

Standardization and collaboration. ~Contemporary computational sci-
ence lacks standardization in experimental development, impeding
collaboration, traceability, and reproducibility. LabChain provides con-
sistent infrastructure for defining, executing, and documenting experi-
ments within a unified framework. This aligns with Baggen et al.’s [6]
demonstration that code quality standards improve maintainability and
development efficiency. By adopting modular design and separation
of concerns, LabChain enhances collaboration among researchers with
varying technical expertise.

The framework addresses growing demand for standardized method-
ologies in research software. Wainer et al. [13] emphasize that absent

standards hamper tool interoperability, while Katz et al. [14] argue that
community organizations transform research software culture toward
sustainable, reproducible practices.

Adoption potential and future directions. LabChain’s component-
oriented design evokes established tools like LONI Pipeline [15], which
accelerated reproducible neuroimaging research through visual inter-
faces and modular architecture. Similarly, it shares MLPro’s [16] spirit
of orchestrating complex workflows through consistent, extensible in-
terfaces. The framework positions itself as a potential de facto standard
for scientific experiments in Al, machine learning, and computational
science.

Standardization through LabChain enables new research questions
in scientific software engineering: how do coding styles, architectural
quality, or code smells influence result reliability? Jerzyk et al. [17]
show that development practices affect library security, while Kim
et al. [18] demonstrate that poor design introduces vulnerabilities.
Garlan et al. [19,20] argue that architectural patterns enable robustness
evaluation. LabChain captures experimental architecture as versionable
artifacts, facilitating such analyses.

Following Wright and Druta [21], LabChain serves as nexus between
community and standardization. Effective standardization emerges from
active communities sharing tools, conventions, and documentation. The
framework enables groups to adopt common structures while maintain-
ing flexibility, with reusable modules and versioned pipelines evolving
into shared forms. This promotes participatory governance of computa-
tional knowledge, aligning with open science principles.

Current development focuses on graphical interfaces for users with-
out programming expertise, similar to LONI’s approach [15]. Future
work includes federation of execution servers through actor-based archi-
tectures, enabling pipeline components to run across physical locations.
Breivold et al. [22] advocate this architecture for large-scale service-
oriented systems, LabChain could become the technological foundation
for virtual laboratories and federated experimentation environments.

At a deeper technical level, future work will explore tighter in-
tegration with PyTorch, allowing neural network architectures to be
expressed as cacheable filter pipelines. This would enable layer-wise
pretraining with reuse of intermediate representations and selective pa-
rameter freezing for downstream tasks, extending LabChain’s caching
model to internal neural network components. In addition, ongoing
work investigates mechanisms for coordinated execution over shared
storage backends to mitigate race conditions under concurrent pipeline
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usage. Finally, future releases are expected to incorporate versioned
and persistent registries for plugins and serialized classes stored in
shared backends, enabling remote pipeline execution without requiring
full project source code at runtime. These directions remain subject to
further validation across diverse execution environments before being
considered for production use.

5. Conclusions

Scientific computing faces a software crisis that undermines re-
producibility and wastes resources. LabChain addresses this through
principled engineering: modular filters, hash-based caching, and JSON-
serializable pipelines transform fragile research scripts into robust,
reusable infrastructure. The framework demonstrates that software qual-
ity is not orthogonal to scientific quality, they are fundamentally linked.

The mental health detection case study validates this connection.
Restructuring experiments with LabChain yielded both computational
savings (12+ hours per task, reduced CO, emissions) and superior
scientific outcomes, with performance improvements reaching 192.3%
in some tasks. These gains emerged not from algorithmic innovation
but from reduced technical debt: when researchers spend less cogni-
tive energy managing code complexity, they invest more in hypothesis
refinement and experimental insight.

This work challenges an implicit assumption in research software
development: rapid prototyping requires sacrificing maintainability and
exploration demands technical chaos. LabChain proves the opposite.
Modularity, encapsulation, and automatic caching do not constrain cre-
ativity, they amplify it by removing friction from the experimental cycle.
The framework’s caching system acts as a psychological safety net,
encouraging researchers to explore risky ideas without fear of losing
progress.

Maturity and roadmap.  LabChain is being actively maintained and em-
ployed daily in production research workflows at our research center
(CiTIUS). Core components (filters, pipelines, Container, caching, data
splitting, WandB optimizer) are production-ready. Experimental compo-
nents (Sklearn/Optuna optimizers, distributed execution) are functional
but have not been extensively tested. The API is stabilizing, with signifi-
cant changes documented in GitHub releases. As an open-source project
with limited resources, we strongly encourage community contributions.
The framework is publicly available with complete documentation
at https://manucoutol.github.io/LabChain/. We invite the community
not only to use LabChain, but also to embrace its underlying proposition:
that applying software engineering principles to computational science
is not a constraint on research, but an accelerant. The code we write
shapes not only what we can compute, but what we can discover.
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