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Abstract

Large medical image repositories present challenges related to unstructured data.

A data enrichment process allows the storage of additional information for fast iden-
tification of the content and properties of medical imaging studies. The aim of this
study is to develop a metadata enrichment pipeline to facilitate the secondary use

of medical images in a high-throughput environment. Our aim was to develop a cat-
egorization tool for the MR series to generate standardized tags that identify relevant
image characteristics such as patient orientation, sequence type, weighting type,

or the presence of fat suppression. Three models that make use of machine learning
(ML) and DICOM tags are proposed. The dataset for their development consists of 4666
MR series from cancer patients, labeled by expert radiologists and acquired from differ-
ent manufacturers, clinical centers and anatomical regions, covering as much variabil-
ity as possible with the aim of making the models generalizable to other databases.

Moreover, the inference performance of the end system has been evaluated on 25,596
MR series as well as the final model outputs with an external evaluation set of 1286
MR series. The weighting model achieves very reliable results with a f1 score of 88%

in the validation set. Junk and chemical shift models achieved scores of 82% and 83%
respectively. These results open the door to the automatic application of image post-
processing and deep learning algorithms after accurate labeling, minimizing human
intervention. Furthermore, the proposed solution can infer thousands of DICOM series
in less than one minute. Thanks to the fast inference times provided by this solution,

it fits well in a big data ecosystem, eliminating any performance issues on ingestion

in a semi-real-time environment.
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Introduction

Machine learning (ML) capabilities are being used to foster research in clinical environ-
ments [1-3]. One area that has particularly benefited is radiology. The type of handled
data and the increasing improvement of the results in tasks such as segmentation, classi-
fication, or object detection, make medical imaging one of the clinical areas that is grow-
ing the most in this technological revolution [4]. For the development and operation of
Al technologies, it is essential to create data repositories ingested with the highest pos-
sible volume of quality annotated data. The creation of large projects in which multi-
centric imaging data is collected and harmonized has been encouraged in recent years.
Relevant examples of research projects involving cancer patients, imaging data and Al-
based algorithms are PRIMAGE [5], CHAIMELEON [6], ProCancer-I [7], Incisive [8],
and EuCanlmage [9]. These projects are challenging due to the partially unstructured
data obtained from the real-world environment.

Medical images are stored in a standardized file format (DICOM) where some partially
unstructured metadata fields are linked to their corresponding images in terms of their
pixel intensity values. When it is desired to collect those images that meet a defined con-
dition (e.g., the presence of a tumor), each DICOM file needs to be inspected to verify if
the condition is fulfilled, iterating through all the data and its associated metadata in the
repository. This inefficient process could be improved by the creation of a separate table
to store such information. In big data repositories, manual extraction of this information
is a challenging and tedious task [10, 11].

Therefore, data indexing and data enrichment is a crucial aspect to improve data
readiness. In medical imaging, the identification and categorization of MR weight-
ing and sequence is a relevant and challenging mining operation. As an example, the
automatic extraction of the Apparent Diffusion Coefficient (ADC) requires the previous
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identification of the specific diffusion-weighted sequence [1]. Usually, weighting infor-
mation is manually entered by technicians with non-standard nomenclature as free text
in the DICOM series metadata, which leads to problems of interpretation by automatic
processing tools. Therefore, using series names or DICOM series description tags is not
an option in large data repositories from different clinical centers using other languages,
where anonymization algorithms are used and sometimes destroy such information.

Previous works

Several studies [12-14], have underscored the necessity and utility of developing
machine learning (ML) models that automatically annotate sequences in magnetic
resonance images (MRI) within large clinical image repositories. These works propose
methodologies for training deep learning models using convolutional neural networks
(CNNs) directly on images treated as volumetric matrix data. This approach is agnostic
to the metadata attached to the images and does not address the lack of standardization
in DICOM headers across different manufacturers, nor the issues arising from anonymi-
zation algorithms that remove important header information necessary for model crea-
tion. These solutions are the only ones capable of reliably identifying contrast in MRI
series, as the associated DICOM header (Contrast/Bolus Agent) is not always available
[13].

Alternatively, solutions that use DICOM metadata as inputs [15-18] typically offer
very short inference times and require less computational power, eliminating the need
for GPUs, since metadata processing is simpler and lighter. The main challenge of this
approach lies in the extensive and intricate processing required to address the lack of
standardization among MRI scanner manufacturers, particularly when different private
headers are employed to represent the same information (e.g., b-values in DWT series).
This involves handling missing values resulting from optional DICOM headers and inter-
preting headers written in natural language—such as “Series Name” and “Series Descrip-
tion”—by radiologists from various centers and countries. Furthermore, the extraction
of image files from PACS systems can introduce complications during anonymization
processes (e.g., deleting DICOM headers), potentially hindering the reconstruction of
dynamic series like DCE by storing time volumes individually.

Assembling MRI sequence datasets that encompass extensive heterogeneity in
anatomical regions, varying machine manufacturers and comprehensive labeling of
sequence types and weightings—including both static and dynamic series—is an ardu-
ous task. Among the cited works, only [15] addresses a wide range of weighting labels
beyond the cerebral anatomical region; the remaining studies focus on a limited subset
of static series pertaining to the most common sequence types. The creation of highly
heterogeneous MRI datasets is particularly challenging in Europe due to stringent data
confidentiality restrictions.

The datasets used introduce an intrinsic limitation in the development of ML models.
Without training on certain sequences and weighting types, these models cannot gen-
eralize effectively and may produce erroneous inferences when applied to new, unseen

series.
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Proposed work

This paper proposes an automatic and modular approach for the categorization of MRI
series using machine learning methods applied to an MRI database not previously uti-
lized, derived from the PRIMAGE project [5]. The use of this novel dataset has intro-
duced new challenges, such as confusion arising from storing dynamic DCE series
separately from individual static T1 series and the need for expert radiologists to anno-
tate new sequence types and weightings not previously considered—namely DCE, DW],
STIR and CHS. The dataset employed encompasses a wide range of anatomical regions,
is multicentre and includes images acquired from different scanner manufacturers.

One of the challenges is managing the anonymization process applied to the images,
which removes relevant DICOM headers. Another challenge is avoiding reliance on
non-standardized headers like “Series Name” and “Series Description” due to the multi-
centre and multilingual nature of the data. Additionally, this work proposes a technique
to facilitate the identification of dynamic sequences such as DCE and DWI when they
are stored in a split manner as multiple static volumes.

This research aims to enhance the application of segmentation techniques and radi-
omic feature extraction in large image repositories by efficiently identifying relevant
information within images. By meeting the input requirements of these techniques and
expanding the sample size of data available for dataset creation, we facilitate more robust
analyses. We have developed a scheme that identifies critical parameters—including
sequence type, weighting, fat suppression and other factors deemed important for such
applications—while establishing a new labeling nomenclature that summarizes the per-
tinent information. This approach allows for rapid and efficient identification of MRI
series, benefiting both radiologists and MRI data processing analytics.

Three machine learning models have been developed to perform automatic labeling
in accordance with the schema defined by radiologists. The first model is a multi-label
classifier for MRI sequence weightings, considering the most common types observed in
related studies, such as T1-weighted (T1W), T2-weighted (T2W), T2*-weighted (T2*W)
and FLAIR (Fluid-Attenuated Inversion Recovery, specific to the cerebral region). Addi-
tionally, it incorporates weightings like STIR (Short Tau Inversion Recovery), which typ-
ically represent anatomical regions of the extremities and the spine, along with dynamic
series such as DCE (Dynamic Contrast-Enhanced) and DWI (Diffusion-Weighted Imag-
ing), which have significant sample sizes in the PRIMAGE database.

A second binary model is capable of labeling images exhibiting Chemical Shift (CHS),
which is not a weighting type per se but a physical phenomenon arising from differences
in the resonance frequencies of water and fat protons. This phenomenon is utilized in
MRI to generate contrast and provide additional information about tissue characteris-
tics, particularly when differentiating between fat and water areas in the body. Therefore,
an independent classifier separate from the weighting classifier has been developed and
its labels will incorporate information from DICOM tags regarding fat suppression.

The inclusion of this information, along with fat suppression data, is particularly sig-
nificant because it can fundamentally alter the interpretation of pixel intensity values
within the image matrix. Such alterations can lead to erroneous inferences in machine
learning models that have been trained exclusively on T2-weighted images without

fat suppression. Introducing a T2-weighted image with fat suppression changes the
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intensity values, potentially resulting in unexpected outcomes. Therefore, accounting for
fat suppression is essential to prevent inaccuracies in ML models and to enhance their
robustness and reliability in clinical application.

The third model identifies “junk” series or those unsuitable for clinical applications
or further machine learning analyses. This model is responsible for detecting calibra-
tion scans, localizers, screenshots and images with a limited number of slices, rendering
them non-informative.

Ultimately, a post-processing algorithm combines the relevant DICOM tags with the
predictions from these models to align with the labeling schema defined by radiologists,
ensuring comprehensive and accurate tagging for future clinical and analytical use.

Materials and methods

This section outlines the materials and methods used to establish a structured system
for MRI data categorization and annotation within the PRIMAGE project, part of the
EU’s AI4HI cluster. The project utilizes a categorization scheme developed with radi-
ologist input, covering imaging orientation, sequence type, weighting, and suppression
methods.

Key stages in this approach include comprehensive data curation, manual annotation
and feature engineering, followed by specific transformations and feature selection to
refine model inputs. We address data variability challenges, particularly missing DICOM
tags, by using the CatBoost algorithm, which is robust in handling missing data and effi-
cient for large-scale datasets. This method provides a reliable, scalable solution for pedi-
atric oncology imaging, supporting data quality essential for predictive modeling and
enhancing the precision of MRI annotations.

Data

PRIMAGE (Grant Agreement No. 826494) is a project within the Artificial Intelli-
gence for Health Imaging (AI4HI) cluster—a consortium of EU-funded research initia-
tives dedicated to developing cancer imaging data repositories and Al solutions based
on medical imaging to enhance clinical practice [19]. Other key projects in this clus-
ter include CHAIMELEON (6], ProCancer-I [7], INCISIVE [8] and EuCanlmage [9].
PRIMAGE focuses on predictive in-silico multiscale analytics to support personalized
diagnosis and prognosis in cancer, empowered by imaging biomarkers. The project col-
lects retrospective data from multiple clinical partners on childhood cancers, specifi-
cally Neuroblastoma and diffuse intrinsic pontine glioma (DIPG). While DIPG imaging
is confined to the brain, Neuroblastoma can manifest in various regions, including the
abdominal, thoracic and pelvic areas. Consequently, the study images encompass a
diverse range of patient locations and MRI manufacturers, as illustrated in Fig. 1.

In the PRIMAGE project, all DICOM metadata are extracted during the ingestion
phase and stored in a semi-structured MongoDB database [20, 21]. During this phase,
a rigorous anonymization process is applied to remove all DICOM headers that could
be used to re-identify patients and compromise their privacy. However, this process may
result in the loss of important DICOM headers, potentially hindering the performance
of subsequent training processes. Furthermore, since each clinical center may apply its
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Fig. 2 Diagram of the study design in terms of the MR series distribution

own anonymization process prior to the ingestion phase according to its preferences,
this can exacerbate the issue by removing additional essential data and increasing vari-
ability in the dataset. At the time of developing the categorization tool, the platform con-
tained 25,596 MR series, of which 4666 had been manually annotated by radiologists
for model development and 1286 for final system evaluation. The remaining series were
used to evaluate the final solution’s performance during inference. Figure 2 presents a

comprehensive diagram of the MR series distribution.
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Categorization scheme definition

A categorization scheme is defined in combination with expert radiologists. That
includes location, type of sequencing, type of weighting and information about the use
of different suppressions. The information contained in the categorization is helpful to
get an overview of the content of the series and covers all preconditions necessary for
the post-processing and feature extraction analyses [27].

To comply with this scheme defined in Fig. 3, three different ML models have been
developed (weighting classifier, chemical shift detector and junk detector) together
with a final algorithm that merges model outputs with raw values of DICOM headers.

This scheme is founded on two primary criteria. First, it is preferable to extract
information from DICOM tags, which offer 100% confidence, rather than relying on
models that incorporate probabilistic approaches. Second, machine learning models
should possess a singular objective and maintain simplicity. For example, employing
two separate models that individually classify weighting, and junk is more effective
than using a single model that simultaneously classifies both. The latter approach
would double the number of target classes, potentially introducing confusion and
diminishing classification performance.

The DICOM headers used in the schema of Fig. 3 to obtain the non-ML tags are
“Image Orientation Patient” (0020, 0037), “Scanning Sequence” (0018, 0020), “Spec-
trally Selected Suppression” (0018, 9025) and “Scan Options” (0018, 0022).

It is relevant to note that one of the possible values that the “Scanning Sequence”
DICOM tag can adopt, namely “Research Mode”, does not provide useful information
for the MR series categorization. Therefore, these cases are treated as empty values
in this DICOM tag, forcing the experts to manually label the scanning sequence field
when this occurs.

In the “surnames” section of the schema, a combination of two different DICOM
tags to detect the possible suppression in a series is applied. This is due to the dif-
ferent casuistry observed in the data around empty values of the two relevant tags

DICOM DICOM

| !

DICOM DICOM # DICOM #

Orientation Sequence Weighting
Transversal + SE TIW, T2W, T2*W, Surnames
Sagittal GR / DCE, DWI, / FS + JUNK
Coronal IR FLAIR, STIR CHS
EPI <—‘
Examples #

I 2GR

Fig. 3 Categorization schema for the labeling of MR series
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(“Spectrally Selected Suppression’, in all cases and “Scan Options’, when adopting the
“FS” value). By combining them is it possible to identify the suppression in a larger set
of cases.

Annotation

The repository contains not only original or primary images obtained directly from the
PACS but also secondary images, such as ADC, T1 and T2 maps, which necessitate fil-
tering to optimize radiologists’ annotation efforts.

To ensure efficient manual annotation, specific exclusion criteria were applied to filter
out these secondary images. First, the DICOM image type property (0008, 0008) was
used to exclude images marked with “Derived” or “Secondary” values, identifying them
as post-processed. Additionally, a pattern-matching approach was applied to the series
description attribute (0008, 103E) for images containing this DICOM header, filter-
ing for terms such as “ADC’, “preprocessed’; “registered” and “map”” In both scenarios,
these series were labeled as “Derived” (see Fig. 2) and subsequently excluded from model
training.

Following the exclusion of secondary images, radiologists conducted semi-automatic
labeling of the remaining 4666 DICOM MR series, overseeing a traditional pattern-
matching algorithm that classifies the weighting type based on the series description
header.

Table 1 displays the frequency of the manually labeled samples used to create the ML
models. The annotations are used to develop three different ML models (weighting clas-
sifier, chemical shift detector and junk detector), but for their development not all the
data in Table 1 is used as each particular model requires a specific set of annotations.

To develop a binary junk model capable of identifying irrelevant data within the data-
base, MR series categorized as “JUNK” were assigned as the positive class, with all other
data labeled as the negative class. Similarly, for the chemical shift model, data associated
with the “CHS” category were designated as the positive class, while the remaining data

Table 1 Sample size by MR series category in dataset

Weighting Number of
manually labeled
samples

T2W 1326

TIW 1256

DCE (dynamic contrast enhance) 496

JUNK (localizer, calibration, others) 484

DWI (diffusion weighted) 480

CHS (chemical shift) 236

STIR (Short Tau Inversion Recovery) 236

FLAIR (fluid attenuated inversion recovery) 113

T2*W 36

PDW (proton density weighted) 2

SW (susceptibility weighted) 1

*It's a variant of T2-weighted imaging but incorporates magnetic field inhomogeneities and dephasing effects
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were classified as the negative class. This model will further enrich categorization within

the classification scheme.

The MRI series used to develop the weighting model comprises a range of manually
annotated, classified samples, including T2W, T1W, DCE, DWI, STIR, FLAIR and T2W.
Categories “PDW” and "SW" contained insufficient samples for training and were there-

fore excluded from the weighting dataset. Likewise, the “T2*W” category also had too

few samples to develop a robust model. Consequently, this category was consolidated

under the “T2W” label, with a subsequent a posteriori classification by checking if the
DICOM tag “Scanning Sequence” adopted the gradient echo (GR) value. Where this
condition was met, the “T2W” label was reassigned as “T2*W”

Models

This section presents the implementation of the classification models, specifying the

DICOM headers used as input features across the three models, the transformations

applied to each input feature, and the algorithm employed to develop the final machine

learning models. Furthermore, a technique for creating a new feature, named “Euclid-

ean_similarities” is introduced to improve the models’ ability to classify dynamic

sequences more effectively.

Input features

The input features utilized in the ML models developed in this study include a combina-

tion of features employed in previous works [15, 16] and additional features suggested by

PRIMAGE radiologists. Only machine-generated features with a high prevalence across

the dataset were selected, specifically those with less than 15% missing values across all

series. In addition to the previously noted DICOM metadata, two engineered features

were incorporated: the number of images within a series (“Images”) and the count of

series with a Euclidean distance of zero within the same MR study (“Euclidean_similari-

ties”). A comprehensive list of input features is provided in Table 2.

Table 2 Input features for ML model development

Categorical features

Numerical features

0018,0021
0018, 0022
0018, 0020
0018, 0023

( sequence variant
(

(

(

(0008, 0008

(

(

(

scan options
scanning sequence
MR acquisition type
image type

0028, 0004
0018, 9025
0020, 0037

photometric interpretation
spectrally selected suppression

image orientation patient

(0018, 0081) echo time
(0018, 0082) inversion time

(0018, 0091) echo train length

(0028, 0030) pixel spacing

(0018, 0080) repetition time

(0018, 0050) slice thickness

(0020, 0105) number of temporal positions

(0018, 1314) flip angle

(0018, 0095) pixel bandwidth

(0018, 0086) Number of Echoes, (Optionally studied (0019, 10A9)
Images (number of images in a series)

)
)

Euclidean_similarities (number of series with Euclidean distance
equal to 0in the same study)
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—~ DCE splitted form

TIW 5 Maybe classified as TIW or DCE
DCE functionality 30 images
90 images
TIW
30 images
{ { -
TIW TIW T1W contrast TIW
30 images 30 images 30 images contrast
time 30 images
TIW
90 images
-
Solution to detect splitted forms: Euclidean distance within study
Name  Sequence  Orientation  EchoTime  FlipAngle petitionTime i imilarities

AXIALT2FATSAT384NAVEG SE Axial 102.00 150.0 2000.00 0
T2-COR-STIRLUMBAR [SE', 'IR] Coronal 71.00 150.0 3300.00 0
T2-STIR-SAGITALLUMBAR ['SE', 'IR] Sagital 72.00 150.0 3300.00 0
VIBE-IPAT GR Axial 3.56 10.0 7.55 3
VIBE-IPAT GR Axial 3.56 10.0 7.55 3
VIBE-IPAT GR Axial 3.56 10.0 7.55 3
VIBE-IPAT GR Axial 3.56 10.0 7.55 3

Fig. 4 Visualization of storage problems encountered in dynamic series. The Euclidean distance is shown as
the “Euclidean Similarities” variable: it adopts a value equal to 0 when the MR series is a unique acquisition
and a value equal to N (different than 0) when it belongs to a composite series, being N the number of series
that fulfill the criteria of having an Euclidean distance equal to 0 with respect to a particular MR series

Dynamic MRI series represent the aggregation of individual series into a unified set
with a specific analytical purpose. For instance, the DCE series combines multiple T1W
series over time to observe the effect of contrast enhancement as a temporal function.
While a model can readily identify a dynamic series based on image count when the data
is stored in its combined form, detection becomes challenging when series are stored
in split form. As illustrated in Fig. 4, identifying whether a T1W series is part of a DCE
combination or a standalone T1W acquisition is complex under these circumstances.

The “Euclidean_similarities” feature addresses this challenge by detecting composite
series stored in a split manner within the same study. Typically, composite series retain
identical acquisition parameters across internal series, with only minor variations in
attributes such as contrast or time. To identify these similarities, a selection of variables
is used to calculate the Euclidean distance between series, yielding the count of identical
series within the same study. The parameters employed for this Euclidean distance cal-
culation include “Scanning Sequence’, “Orientation Patient”, “Echo Time’, “Flip Angle’,
“Repetition Time”, “Pixel Bandwidth’, “Number of Images’, “Number of Temporal Posi-
tions” and “Slice Thickness”

Additional DICOM tags were evaluated but ultimately excluded due to system
anonymization constraints; however, these may be worth revisiting in future studies.
One promising tag is the diffusion b-value (0018, 9087) of the first and last images within
a series, which could offer an alternative means of classifying DW1I series.
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Table 3 Transformations of input features

DICOM features

Preprocessing

(0018, 0021) sequence variant
(0018, 0022) scan options

(0018, 0020) scanning sequence
(0018, 0023) MR acquisition type
(0008, 0008) image type

(0028, 0004) photometric interpretation
(0018, 9025) spectrally selected suppression
(0020, 0037) image orientation patient

One hot encoding for values SK, SS, SP, OSP

One hot encoding for values PER, RG, CG, PPG, FC, PFF, PFP, SP, FS
One hot encoding for values SE, GR, IR, EP, RM

Categorical label encoded

One hot encoding for values DERIVED, SECONDARY, LOCALIZER,
ADC, SCREENSAVE

Binary value depending if contains RGB
Binary value depending if contains FAT
Transformation from numeric vectors to categories Sagittal, Axial,
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Coronal
One hot encoded transformation

Round the two numeric values to the first decimal
Label encoded transformation

(0018, 0081) echo time

0018, 0082) inversion time
0018,0091

( Set empty values simulating infinity with 100,000,000 value
(

(0028, 0030

(

(

echo train length -

pixel spacing Categorical label encoded

)
)
)
0018, 0080) repetition time -
0018, 0050) slice thickness -
Number of images in series (custom feature) -
(0018, 1314) flip angle

(0018, 0095) pixel bandwidth
(0018, 0086) number of echoes
( )

0020, 0105) number of temporal positions

Set empty values simulating infinity with 100,000,000 value
Set empty values simulating infinity with 100,000,000 value
Set empty values simulating infinity with 100,000,000 value
Set empty values simulating infinity with 100,000,000 value

SK: segmented k-space; SS: steady state; SP: spoiled; OSP: oversampling phase; PER: phase encode reordering; RG:
respiratory gating; CG: cardiac gating; PPG: peripheral pulse gating; FC: flow compensation; PFF: partial Fourier—frequency;
PFP: partial Fourier—phase; SP: spatial presaturation; FS: fat suppression; SE: spin echo; GR: gradient echo; IR: inversion
recovery; EP: echo planar; RM: research mode; RGB: red; green; blue; FAT: fat suppression

Transformations

As commonly done when training ML algorithms, several feature transformations have
been applied to maximize the learning in trained models. Table 3 details the transforma-
tions applied to each feature.

The transformations applied to the target variable vary according to the model
being developed. For the weighting model, categorical data were processed using
label encoding to convert each category into a unique numerical label. In contrast, for
the junk classifier, a binary encoding was implemented, assigning a value of “1” to the
“JUNK” category and “0” to all other categories. This binary encoding approach was
similarly applied to the chemical shift model, where data in the "CHS" category were
assigned a “1,” with the remaining classes assigned a “0”

After applying the transformations, a total of forty-three transformed features were
generated. To identify the most relevant features and minimize the number of inputs
for model training, the Boruta feature selection algorithm [22] was utilized. Given
that Boruta is a supervised algorithm, feature selection was conducted independently
for each model (weighting, junk and chemical shift) to optimize relevance and accu-
racy within each specific model context.
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The Boruta algorithm has been chosen over other alternatives because it is a feature
detection algorithm that does not require input parameters and thus avoids the user
having to make decisions regarding the cut-off threshold for separating the features
to keep from the ones to remove. Boruta’s only requirement for its application is the
choice of the ML algorithm to be used internally for selection. Typically, a Random-
Forest is used, due to its robustness to data with anomalies or noise and its ability to
detect non-linear relationships between features [23].

Boruta outputs a classification into three groups of features according to the level of
certainty in keeping the variables in a predictor. Only the features of the group with cer-
tainty to be eliminated have been filtered out, thus keeping the features recommended to
be kept and the features of which there is no certainty to be kept or eliminated. This has
resulted in a total of 26 features selected for each model.

Algorithms

A significant challenge in the PRIMAGE project is managing the anonymization pro-
cess applied to images, which removes critical DICOM headers, as well as handling
additional anonymization procedures performed by the PACS systems of individual
hospitals. Furthermore, since the dataset contains images from various manufacturers,
essential information is often stored within private DICOM metadata fields. These fields
are particularly targeted by anonymization algorithms, as they frequently contain sensi-
tive data. It is therefore especially important to employ an approach that is able to deal
with missing values.

Traditional classification algorithms are typically unable to handle datasets with miss-
ing values, often requiring the addition of imputation models capable of identifying and
filling data gaps. However, integrating an imputation model increases the system’s overall
complexity and leads to longer inference times per sample. In large-scale data environ-
ments, especially when processing computationally demanding medical images, mini-
mizing inference latency is essential. To address this, the CatBoost algorithm [24] was
selected, given its native capacity to manage missing data, rapid inference capabilities on
both CPU and GPU and strong performance in detecting non-linear relationships.

This choice followed iterative optimizations comparing a Random Forest model with a
K-Nearest Neighbors (KNN) imputer against a CatBoost classifier [25]. The low variabil-
ity in the scores and the high performance in the obtained results were the main reasons
in choosing this feature selection and model combination in this study, resulting in a
simple, stable, robust and explainable tool.

Results

The proposed approach is designed as a modular system comprising three distinct mod-
els that are ultimately integrated into a unified framework. The evaluation methodol-
ogy for this system includes two key components: first, assessing the performance of
each individual model using classical train-test partitions to obtain baseline scores and
second, testing the performance of the combined model on an independent dataset as
external evaluation not utilized in the initial phase. Notably, the weighting model oper-
ates as a multiclass classifier, while the other two models are binary classifiers. Due to
class imbalances, fl scores are employed as the primary evaluation metric, providing
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Table 4 Weighting classifier evaluation results by category

Class Precision Recall F1 Support
DCE 0.98 0.98 0.98 99
DWI 0.99 0.96 097 96
FLAIR 0.96 1.00 0.98 23
STIR 0.98 0.96 097 47
W 0.99 1.00 1.00 126
T2W 0.99 1.00 0.99 133
Confusion matrix ALL
DCE 0.00 0.00 0.00 1.00
DWI 0.00 1.00 1.00 1.00
FLAIR 0.00 0.00 23.00 0.00 0.00 0.00
3
©
el
=
STIR 0.00 0.00 1.00 45.00 0.00 1.00
TIW 0.00 0.00 1.00 0.00
T2w 0.00 0.00 0.00 0.00
L = 14 14
8 g 3 B
w

Fig. 5 Weighting model evaluation with test dataset confusion matrix

a balanced measure that accounts for both precision and recall across uneven class

distributions.

Weighting model results

A 90-10 data partition was conducted to train the Weighting model, with stratifica-
tion based on the frequency of each class. Specifically, 90% of the data was allocated

Predicted label

Page 13 of 23
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for training and 10% for testing. This methodology addresses a multi-label classifi-
cation problem involving predictions across six different types of potentiation. The
test results yielded a f1 score (macro) of 98%. Table 4 presents the individual results
for each class within the test partition. The predictions demonstrated remarkable
homogeneity and the performance metrics were quite similar across classes including
dynamic weightings, despite the existing class imbalance.

An examination of the confusion matrix in Fig. 5 reveals that the FLAIR, T1W and
T2W series are perfectly classified, while the dynamic series (DCE and DWI) exhibit
a few misclassifications, confirming the increased difficulty in classifying these more
complex categories.

Regarding feature importance within the weighting model, Fig. 6 illustrates that

» o«

“echo time’, “repetition time” and “flip angle” are critical parameters in defining
image weighting during the acquisition process [25, 26]. Therefore, it is expected that
these features are among the most predictive for this model. Notably, “pixel band-
width” emerges as the second most important feature. This may be attributed to its
direct relationship with voxel size and image resolution. A well-known trade-off exists
between spatial and temporal resolution: in dynamic series, shorter acquisition times
result in lower achievable resolution, whereas non-composite series can be acquired
at higher resolutions due to the absence of temporal information requirements.

Furthermore, the categorical binary variable “scanning sequence” when adopting
the inversion recovery (IR) value is identified as one of the most significant features
in the model. The IR “scanning sequence type” is exclusively used in STIR and FLAIR
series, which justifies the high importance of this variable, as it assists in discriminat-
ing these types of weightings. This suggests that the model’s behavior is coherent and
aligns with expected theoretical considerations.

Echo Time
Pixel Bandwidth
Repeition Time
Inversion Time
ScanningSequence_IR
ScanOptions_FS |
ScanningSequence_SE ||
Euclidean_similarities
Images
Echo Train Length B m |
Slice Thickness  [INEEEG—_G——
Pixel Spacing I
MR Acquisition Type [
Flip Angle INEG_—
SequenceVariant_SP NN
Temporal positions I
ScanningSequence_GR [l
ScanOptions_PFP I
SequenceVariant_SS [l
ScanningSequence_EP [l
ImageType_DERIVED |
SequenceVariant_SK
ImageOrientation_Sagital
ImageOrientation_Axial
SequenceVariant_OSP
ScanOptions_PFF
SequenceVariant_MP
ScanOptions_SP
ScanOptions_FC
ImageOrientation_Coronal
ScanningSequence_RM
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Fig. 6 Feature importance of weighting classifier
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Confusion matrix ALL Confusion matrix ALL
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Fig. 7 Evaluation results of the (left) junk and (right) chemical shift models in terms of the confusion matrices
per category (model class—binary) with the test data set
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Fig. 8 Feature importance of Junk classifier

Junk and chemical shift model results

The junk and chemical shift models are binary classifiers. For these models, all anno-
tations of the non-target class are set to zero, while the “JUNK” or “CHS” class anno-
tations are set to one, respectively. The same 90-10 train-test partition proportion
used in the weighting classifier is applied here. The evaluation of the junk classifica-
tion model on the test dataset yields strong performance, achieving an accuracy of
100% and an f1 score of 99%. An examination of the confusion matrix (Fig. 7, left)
reveals that only three misclassifications occurred out of eight hundred and seventy-
nine samples evaluated, corresponding to an error rate of 34%. These results demon-
strate the model’s effectiveness and its potential for integration into a combinatory
model for the final solution developed in this study.
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In terms of the importance of the features of the junk model (Fig. 8), it can be seen
that the number of images present in the series is of great relevance. This observation is
coherent with the fact that localizers and calibrations, which constitute a large propor-
tion of the junk data in the study, tend to have a small number of images. The feature
“ScanOptions_PFP” is used when technicians aim to shorten acquisition times, so it is
also expected that localizers and calibrations may contain this particular DICOM tag
and therefore, to be discriminative. The same applies to the Pixel Spacing feature, which
includes valuable information regarding image resolution and voxel size.

In parallel, the feature importance of the CHS classifier, shown in Fig. 9, highlights
“SequenceVariant” with the value "SP" (spoiled gradient echo) as the most predic-
tive feature. This strong predictive capacity can be attributed to several factors.
Firstly, "SP" sequences are specifically designed to reduce chemical shift artifacts, a
crucial factor in distinguishing between fat and water tissues. The spoiled gradient
echo sequences are particularly effective in minimizing these artifacts, allowing for
clearer differentiation between fatty and aqueous tissues, a distinction vital for accu-
rate chemical shift classification.

Moreover, SP sequences uniquely modify signal phase and echo timing, thereby
enhancing the contrast between tissues with varying chemical compositions, such
as fat and water. This feature manipulation aids in highlighting tissue characteristics
that are essential for the model’s classification tasks, making “SP” a highly predictive
value within the CHS classifier. Finally, SP-marked sequences often employ specific
repetition time and echo time parameters that further optimize the visualization of
chemical shifts. These tailored imaging parameters are instrumental in capturing
subtle variations between fat- and water-based sequences, thereby reinforcing the
importance of “SP” in the classification of chemical shift variations.
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Table 5 Evaluation results of the weighting classifier in terms of metrics per category (model class)
with the external validation data set and performed in a production environment

Class Precision Recall F1 Support
DCE 0.89 0.85 087 158
DwI 0.79 1.00 0.88 76
FLAIR 1.00 0.85 0.90 M
STIR 1.00 0.34 0.51 71
TIW 0.94 0.96 0.95 460
T2W 0.83 0.92 0.87 226

Table 6 Results of the end system evaluation in terms of the f1 score and the accuracy metrics per
model (weighting, chemical shift and junk) and for the final model combination with the external
validation data set and performed in a production environment

Model F1 Accuracy
Weighting 0.88 (weighted) 0.89
Chemical shift 0.83 (standard) 0.98
Junk 0.82 (standard) 0.88
Combined 0.77 (macro) 0.88

The results obtained with the chemical shift model are marginally worse than the
previous models, resulting in a f1 score of 95% and an accuracy of 99%. Looking at
the evaluation results of the model in terms of the confusion matrix (Fig. 7), nine
failures out of the six hundred and ninety-seven samples evaluated are observed
(corresponding to a total of 1.29% of errors). The main reason for this slight decrease
in performance is the unbalanced nature of the data employed to develop this model,
as the number of cases labeled as chemical shift constitute only 9.32% of the total
data set. Nevertheless, this model will also be used as part of the final combination
model as it can help with additional information into the complete categorization

process.

External validation in production
Following the individual training and evaluation of the models, after the individual
training and evaluation of the models, an additional evaluation phase has been car-
ried out to assess their integrated performance according to the scheme defined in
Fig. 3. To facilitate this evaluation, we developed and implemented a prediction tool
for MR series categorization within the PRIMAGE platform. Radiologists employed
this tool to validate one thousand two hundred and eighty-six MRI series, of which
two hundred and eighty-four were identified as unsuitable for model evaluation and
were consequently excluded from further analysis.

Table 5 presents the evaluation results of the weighting model across various met-
rics for each individual class. Most series types achieve f1 scores close to 90%. How-
ever, STIR series are often misclassified as FLAIR or T2W series due to the subtle

differences between these weightings in the DICOM headers.
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Table 6 provides a comprehensive summary of the external evaluation results for
each individual model and the combined algorithm, following the defined scheme.
The weighting model achieved an accuracy of 89% and an f1 score (weighted by fre-
quency) of 88%. The junk model attained an accuracy of 88% and an f1 score of 0.82,
while the chemical shift model reached an accuracy of 98% and an f1 score of 83%.
All models exhibited a decrease in performance metrics compared to the training and
testing phase results, as anticipated, due to the use of less curated data. In this final
evaluation, images with missing header information, from different manufacturers
and originating from various centers were not filtered or adapted to replicate perfor-
mance as closely as possible to real clinical practice. New images added to the reposi-
tory are those that have received annotation predictions and have been evaluated by
radiologists.

In the combined solution, a prediction is considered successful only when all three
individual model predictions are simultaneously correct. The cumulative errors from the
three models led to a decrease in the overall performance metrics, yielding an accuracy
of 88% and an f1 score of 77%.

Discussion

Artificial intelligence (AI) and big data technologies are significantly enhancing the field
of medical image repositories, facilitating the initiation of new research projects [28].
Numerous studies have demonstrated how feature extraction from medical images can
be leveraged to develop clinical predictive models and to better understand the behavior
and heterogeneity of various pathologies [1, 29, 30]. However, automating the extraction
of magnetic resonance (MR) imaging features requires prior knowledge of specific infor-
mation, such as the MR sequence type and dynamic acquisition parameters.

One of the major challenges in medical imaging research is the scarcity of large and
diverse datasets. It is particularly difficult to find extensive collections of medical images
and most similar works employ neuroimaging datasets, which are limited to the modali-
ties used in that area [15]. These datasets often focus on a single anatomical region—the
brain—owing to the availability of publicly accessible data predominantly originating
from neuroimaging studies. This reliance restricts the types of sequences employed
and limits the variability of labels. In contrast, our study utilizes a unique and compre-
hensive data repository that includes not only images from the brain region of patients
with diffuse intrinsic pontine glioma (DIPG) but also images from different anatomical
regions obtained from patients with neuroblastoma, who may present tumours in vari-
ous parts of the body. This diversity enhances the robustness of our models and broad-
ens their applicability across different clinical scenarios. For example, T1-weighted and
T2-weighted images are commonly utilized to extract radiomic features, while diffusion-
weighted imaging (DWI) and dynamic contrast-enhanced (DCE) sequences are well-
established for obtaining apparent diffusion coefficient (ADC) and AUC60 parametric
maps, respectively. AUC60 is defined as the area under the time-activity curve of gado-
linium contrast over sixty seconds from the start of contrast enhancement. Traditionally,
identifying which MRI series correspond to each relevant sequence necessitates a man-
ual selection process performed by highly qualified radiologists, making data selection
tedious, challenging and time-consuming.
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The lack of diversity in publicly available datasets makes direct comparisons with
other works challenging. Most existing research does not employ annotations for
Short Tau Inversion Recovery (STIR) weightings and only study [18] utilizes dynamic
series such us perfusion (DCE) and diffusion (DWI) weightings. Moreover, that study
relies on a rule-based annotation system using DICOM tags containing natural lan-
guage descriptions such as “Series Name” or “Series Description” This approach is
impractical in multi-centre and multinational clinical practice settings due to the lack
of standardization among practitioners in composing these headers. For instance,
a German radiologist may write the "Series Description” differently from a Span-
ish radiologist, as they often do not adhere to the same nomenclature standards.
Additionally, this method depends on the presence of the DICOM header "Series
Description"; without it, the annotation process cannot be performed. In this work,
aggressive anonymization processes often remove these headers, which would result
in a significant number of unlabelled series if this method were applied. Furthermore,
the issue of identifying dynamic series that store their individual series separately is
not addressed.

Regarding model performance, studies that train classifiers using DICOM metadata
[15-18] achieve f1 scores above 90%, comparable to the individual models in the cur-
rent work. These scores suggest that with effective data cleaning and ML model train-
ing methodologies, high accuracy rates can be achieved when performing automatic
annotations in MRI series enhancements. The primary limitation is the heterogeneity
of data and annotations, which affects the ability to extend the types of enhancements
as extensively as possible.

The proposed machine learning (ML) approach offers the capability to automate the
identification of both static and dynamic MR series without relying on DICOM head-
ers containing natural language descriptions and with the understanding that some
DICOM header values may be absent. This work enables the application of analysis
algorithms across the entire database. The extracted information must not only satisfy
the requirements of automatic analysis but also meet the needs of potential users who
intend to perform searches within the image database.

Moreover, in studies like [15], where the detection of “junk” data is unified with the
weighting model, this approach can introduce noise into the main model. A series
categorized as Calibration or Localizer could simultaneously be a T1 or T2-weighted
sequence, causing confusion at the metadata level. By separating the identification of
junk data into two phases—first labeling the weighting and then determining the util-
ity of the series—we have achieved better results, reducing confusion and improving
model accuracy.

In the context of image selection for radiomic feature extraction and tumor segmen-
tation, T2-weighted images with fat suppression are preferable to basic T2-weighted
images. Recognizing the presence of fat suppression in an image can positively impact
the segmentation phase by facilitating easier delineation of tumor boundaries by the
radiologist. Moreover, it helps prevent potential biases in the extraction of radiomic
features, which are expected to differ significantly depending on whether fat suppres-
sion is applied. This is particularly important when the dataset includes both types of

images (with and without fat suppression).
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Employing deep learning (DL) models on heavy data such as volumetric pixel
matrices require powerful GPUs for both training and inference, capable of fully stor-
ing the volume in memory [12-14]. Even then, inference times remain higher than
those of lighter ML models that utilize traditional algorithms like Random Forests on
tabular data [23]. This makes the current work, which leverages DICOM metadata
and employs CatBoost algorithm, more efficient and accessible, especially in environ-
ments with limited computational resources [24].

This work acknowledges that it does not cover all desired enhancements, such as
proton density, susceptibility-weighted imaging, or magnetic resonance angiography
(MRA), due to the lack of images annotated with these classes in the employed data-
base. However, this limitation could be addressed when the PRIMAGE repository will
be merge with the rest of AI4HI databases in the EUCAIM project [31].

Rather than harmonizing the entire database to unify dynamic series in their com-
bined form, this work adopts a more generalist approach that is applicable in a wider
range of scenarios. A custom feature, based on Euclidean similarities, has been created
for each MR series to assist the models in identifying individual series that belong to a
dynamic series and can thus be combined. This solution is essential for achieving satis-
factory results in DCE and DWI classifications.

Regarding the junk classification model, it has proven especially useful as an initial step
in cleaning the database of unwanted series. It has supervisedly reduced the number of
stored series by approximately 2%. Not only are localizers and calibrations removed, but
also other unhelpful series, such as synchronized respiratory series, which should not be
stored in the repository and might otherwise have gone unidentified.

The CatBoost algorithm was chosen due to its ability to handle empty data inputs in
both training and testing phases, reducing system complexity by eliminating the need
for a missing value imputer. Moreover, it can natively process categorical data, making it
well-suited for DICOM metadata. Given these advantages and its demonstrated perfor-
mance in big data environments, CatBoost is considered an optimal choice for this type
of study [32].

Performance testing of the final algorithm, which comprises three CatBoost models
running in parallel, revealed that the entire image repository (approximately twenty
thousand MR series) can be categorized in just forty to fifty seconds with a high level
of accuracy using a standard CPU with twelve threads. Alternative models that utilize
matrices as input for deep learning algorithms [12—-14] require significantly longer cat-
egorization times compared to models based on DICOM metadata. As discussed in ref.
[13], a DL approach that solely detects contrast in MR studies take between four and
six seconds to classify a single MR study using a GPU. In addition to this performance
disparity, the proposed work offers a modular approach that allows for the addition of
a “contrast” classification model if needed. While this would necessitate a GPU and

increase inference times, it provides flexibility for future enhancements.

Conclusion

Working with large medical image databases presents great challenges and problems. In
a warehouse with thousands of image files, it is necessary to extract meta-information
in a tabular, structured and standardized format that allows for quick identification and
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search of the desired content. This is especially relevant in environments where time
and computational requirements are critical. At the same time, the lack of a standard
nomenclature is a problem that makes the consumption of data a big challenge.

In this work, we propose a standardized categorization schema aimed at unifying (1)
the nomenclature requirements for the automated execution of image processing tasks
and analyses and (2) the additional relevant information required by expert radiologists
for accurate and robust definition of MR sequences. Alongside this schema, we designed
a machine learning (ML) data mining process capable of handling both static and
dynamic series. This process extracts information within a big data ecosystem, enabling
automatic image analysis without human intervention.

The proposed ML data mining process delivers inference outputs with low computational
demands and features a modular design. This allows for the expansion of functionality by
integrating new models into the data mining process, such as the identification of contrast
using deep learning algorithms. By addressing the challenges of large-scale medical image
management and standardization, our approach facilitates more efficient data handling and
paves the way for advanced automated analyses in medical imaging.

Abbreviations

MR Magnetic resonance

ML Machine learning

DL Deep learning

PDW  Proton density weighting
DCE Dynamic contrast enhance
DWI Diffusion weighted imaging
SW Susceptibility weighting
STIR Short Tau Inversion Recovery
FLAIR  Fluid attenuated inversion recovery
CHS Chemical shift

GR Gradient echo

SE Spin echo

R Inversion recovery
RM Research mode
NB Neuroblastoma

DIPG  Diffuse intrinsic pontine glioma
KNN K nearest neighbors
ADC Apparent diffusion coefficient
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