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Can the integration of vision and language representations advance artificial intelligence methods for auto-
mated white blood cell (WBC) analysis across heterogeneous clinical conditions? Motivated by this question,
we present WBC-CLIP, a dual-encoder framework that enhances WBC classification and analysis by combining
image data with rich textual descriptions derived from quantitative morphological features. Our method
leverages multiple large language models to convert numerical and categorical cell attributes into diverse,
semantically enriched textual descriptions. These captions are jointly embedded with their corresponding WBC
images using a contrastive learning strategy inspired by the CLIP architecture, enabling the model to learn
stable and meaningful cross-modal associations. We evaluate WBC-CLIP through zero-shot classification and
image-text retrieval tasks across both in-distribution and out-of-distribution datasets. The framework advances
automated WBC analysis while providing improved explainability by explicitly grounding visual representations

in morphology-aware textual descriptors, addressing key challenges in computer-aided diagnostics.

1. Introduction

White blood cell analysis plays a crucial role in clinical diagnos-
tics, contributing to the early detection and management of various
hematological and immunological disorders [1,2].

The advent of computer-aided diagnostics has led to the devel-
opment of automated frameworks designed to reduce human error
and improve diagnostic efficiency [3-5]. However, despite these ad-
vancements, significant challenges persist due to variability in sample
preparation, staining protocols, and the inherent morphological hetero-
geneity of WBCs [6-10]. A particularly persistent issue is the limited
generalizability of existing models across datasets originating from
different imaging sources [11,12]. These challenges underscore the
need for advanced computer vision and deep learning strategies within
modern artificial intelligence systems for hematology.

Recently, cross-modal learning approaches, particularly those lever-
aging Contrastive Language-Image Pre-training (CLIP) [13], have
demonstrated remarkable success in aligning visual and textual repre-
sentations, leading to improved model generalization and interpretabil-
ity. Inspired by these advancements, we propose WBC-CLIP, a novel
dual-encoder framework that integrates image data with semantically
enriched textual descriptions derived from quantitative morphological
features [14]. Our approach utilizes multiple large language models
(LLMs) to transform numerical and categorical cell attributes into
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diverse textual captions. These textual descriptions are then embed-
ded alongside their corresponding WBC images using a contrastive
learning strategy, enabling the model to establish robust cross-modal
associations and enhance interpretability. Our main contributions are
as follows:

» We introduce a novel methodology for generating rich textual
descriptions of WBC morphological features using multiple LLMs.

» We design a dual-encoder architecture that aligns visual and
textual modalities through contrastive learning, improving model
robustness and interpretability. Fig. 1 presents a compact repre-
sentation of the proposed architecture.

» We demonstrate the effectiveness and generalizability of our ap-
proach through extensive evaluations of both in-distribution and
out-of-distribution datasets.

Furthermore, our framework paves the way for future research in
zero-shot learning applications for WBC analysis, facilitating adaptable
and scalable Al-driven diagnostic tools.

The remainder of this paper is organized as follows. In Section 2,
we review the most relevant literature on automated WBC analysis,
contrastive and multimodal learning, and the use of large language
models in biomedical imaging. In Section 3, we describe the datasets,
the LLM-based textual generation process, and the evaluation met-
rics adopted for the downstream tasks. Next, Section 4 outlines the
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Fig. 1. WBC-CLIP provides a semantically rich unified representation of white
blood cell visual and textual data. It consists of an image encoder shown in
blue on the left and a text encoder shown in magenta on the right. The two
encoders are trained with a contrastive objective to align their embedding
spaces. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

proposed WBC-CLIP framework in detail, including the architectural
design, contrastive learning formulation, and training pipeline. In Sec-
tion 5, we present a comprehensive set of experiments assessing per-
formance in zero-shot classification, retrieval tasks, and cross-dataset
generalization. The results are analyzed and discussed in Section 6,
highlighting both strengths and limitations of the proposed approach.
Finally, Section 7 summarizes the main contributions of this work and
outlines future research directions.

2. Related work

This section reviews prior research related to automated WBC anal-
ysis, cross-modal learning, and the integration of large language mod-
els in medical imaging. We categorize existing literature into four
main areas: (i) traditional and deep learning-based WBC analysis, (ii)
multimodal and contrastive learning frameworks, (iii) vision-language
models in biomedical domains, and (iv) the use of LLMs for medical
feature interpretation.

2.1. Traditional and deep learning-based WBC analysis

Early studies on WBC analysis predominantly relied on handcrafted
features derived from cell morphology, texture, and color characteris-
tics. Classical approaches employed segmentation followed by feature
extraction pipelines for classification tasks [15]. While effective in
controlled laboratory settings, these methods struggled with gener-
alization due to variations in staining, illumination, and acquisition
conditions [9].

The introduction of deep learning, particularly convolutional neural
networks, marked a paradigm shift in automated hematology. Architec-
tures such as ResNet, DenseNet, and EfficientNet have demonstrated
superior performance in recognizing WBC subtypes [16] and detecting
abnormalities [17]. However, despite improved accuracy, deep learn-
ing models remain susceptible to domain shifts across datasets, leading
to a loss of robustness and interpretability [18].

2.2. Contrastive and cross-modal learning in biomedical imaging

Contrastive learning has recently emerged as a powerful approach
for representation learning in both natural and biomedical images [19,
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20]. By maximizing similarity between semantically aligned pairs and
minimizing it for non-aligned pairs, contrastive methods learn robust
latent spaces without extensive labeled data [21]. Several works have
applied self-supervised contrastive paradigms, such as SimCLR and
MoCo, to histopathology, radiology, and cytology [22-24]. More recent
studies have extended these ideas to multimodal setups, integrating
clinical metadata or textual annotations to enhance the generality of
representation [25]. These approaches highlight the potential of cross-
modal alignment to capture clinically meaningful relationships between
modalities.

2.3. Vision-language models in the biomedical domain

Following the success of CLIP [13], vision-language models have
been explored for medical imaging applications, including radiology
report generation, image-text retrieval, and zero-shot disease classifi-
cation [26]. Biomedical adaptations such as BioCLIP and MedCLIP [27,
28] have demonstrated that medical visual-textual alignment can im-
prove both interpretability and performance under distributional shifts.
However, most existing works rely on unstructured natural language
reports rather than structured or quantitative morphological features,
limiting their precision in capturing subtle cellular variations.

In the specific context of hematology and WBC analysis, the lit-
erature is still relatively limited. Recently, Dagnaw et al. similarly
used CLIP as the base model for WBC classification by leveraging cell
attributes [29]. They systematically created predefined text templates
to represent both classes and cellular attributes, making their work, to
the best of our knowledge, the closest published multimodal WBC study
to our framework. While both studies adopt a CLIP-style dual-encoder
formulation, the main difference lies in the textual supervision strategy.
Dagnaw et al. rely on structured predefined prompts to encode class
and attribute information, whereas our approach uses LLM-generated
captions derived from the morphological attributes of each cell. In
this way, all attribute values are integrated into a single holistic tex-
tual description, rather than being expressed through fixed template
formulations.

More broadly, recent hematology-oriented multimodal works have
started to explore related settings, including morphology-aware caption
generation for leukemia cells, multimodal visual question answering
on blood smear or peripheral blood cell images, and broader digital
hematopathology reasoning frameworks [30-33]. Although these ef-
forts are not always directly aligned with our experimental setting, they
suggest an emerging interest in combining cell morphology with textual
information for hematology analysis.

Building on this context, our work differs from prior hematology-
oriented multimodal studies in two main respects. First, our approach
employs several LLMs, each producing a distinct narrative of the as-
sociated image. Second, all attribute values of a given image are
encapsulated into a single textual representation, generating a faithful
description that is suitable for text embedding and capable of globally
describing the image rather than focusing only on isolated attributes.
We also evaluate our methodology in an information retrieval setting
to more thoroughly assess the shared latent space created by the model
during alignment.

2.4. Large language models for morphological feature description

Large language models have recently shown impressive capabilities
in understanding and generating medical text [34-36]. Their use in
transforming structured diagnostic data into rich textual representa-
tions offers new avenues for interpretable learning [37]. Some studies
have proposed leveraging LLMs to describe radiological findings or
histopathological features [38], yet few have systematically explored
their potential in hematology. In particular, the small number of
recent hematology-specific multimodal studies tends to focus on related
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Fig. 2. Visual representation of the heterogeneity of the used datasets, showcasing clear differences in both color and size of the used samples. The first and
second rows display samples from the WBCAtt dataset, whereas the third and fourth rows correspond to WBCs from the LeukemiaAttri dataset. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

objectives, such as morphology-aware caption generation, visual ques-
tion answering, or broader multimodal reasoning, rather than direct
contrastive alignment between single-cell images and morphology-
aware textual descriptions [30-33]. In contrast, our work integrates
LLM-generated morphological descriptions directly within a contrastive
learning framework, enabling the creation of semantically aligned
visual-textual embeddings for WBCs.

2.5. Research gap

Existing literature demonstrates strong progress in deep WBC anal-
ysis and cross-modal learning. At the same time, recent studies have
begun to explore multimodal learning for WBC and hematology analy-
sis [29-33], showing that visual and textual information can be com-
bined in clinically meaningful ways. Nevertheless, this literature re-
mains limited and heterogeneous. Many available approaches either
rely solely on visual data, employ unstructured textual information,
use predefined template-based prompts, or address related tasks such as
caption generation or visual question answering rather than direct con-
trastive alignment between single-cell images and morphology-aware
textual descriptions. Our proposed WBC-CLIP framework addresses this
gap by employing multiple LLMs to generate diverse textual captions of
WBC morphological features and aligning them with visual representa-
tions through contrastive pretraining. In this sense, our contribution
is not to claim that multimodal hematology analysis is entirely ab-
sent from the literature, but rather to position WBC-CLIP within a
still limited body of work that specifically targets morphology-aware
image-text representation learning at the single-cell level.

3. Materials and methods

In this section, we describe the datasets and computational tools
used in our experiments with WBC-CLIP. We first introduce the two
white blood cell image collections employed, followed by an overview
of the LLMs used to generate morphological descriptions. We then
discuss the backbone architectures and the contrastive learning strategy
at the core of our approach. Finally, we summarize the metrics used to
evaluate classification performance.

3.1. Datasets

The datasets employed comprise two types of information: images
representing white blood cells and corresponding tables detailing their
morphological features.

The WBCALtt [39] dataset is an extensive repository of WBC images,
each meticulously annotated with a broad array of morphological
attributes. It comprises 10,298 high-resolution images accompanied by
113,278 attribute labels, spanning 11 critical morphological features,
including cell size, cell shape, nucleus shape, nucleus-to-cytoplasm
ratio, chromatin density, presence of cytoplasm vacuoles, cytoplasm
texture, cytoplasm color, granule type, granule color, and granularity.
In this study, the WBCAtt dataset serves as the primary training re-
source for the WBC-CLIP framework, facilitating the joint learning of
robust visual and semantic representations from both the raw images
and the enriched textual descriptions derived from these morphological
features.

The LeukemiaAttri [40] dataset has been curated to reflect the
inherent variability present in real-world WBC imaging conditions.
This dataset contains 2400 images acquired using both high-cost and
low-cost microscopes at multiple magnifications, and it features ap-
proximately 55,000 morphological labels annotated across 14 distinct
WBC classes. The diverse imaging modalities and acquisition proto-
cols inherent to LeukemiaAttri render it an ideal out-of-distribution
evaluation set. In our experiments, we utilize only the images cap-
tured with high-cost, high-magnification equipment to rigorously as-
sess the cross-dataset generalizability and robustness of the WBC-CLIP
framework.

Fig. 2 presents sample images from the WBCAtt and LeukemiaAttri
datasets, respectively. Clear differences can be observed between the
two, including variations in color acquisition and white blood cell
magnification.

3.2. LLM-based description

In our pipeline we used LLMs to generate description from mor-
fological information. We used different type of model to provide
different descriptions. We selected a set of predominantly instruction-
tuned LLMs to balance three objectives: reliable prompt following,
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diversity of linguistic realization, and manageable computational cost.
Although several models fall within a comparable parameter range,
the selection was not based on size alone. Rather, we intentionally
included models with different pretraining backgrounds and adaptation
styles, including general-purpose instruction-tuned LLMs and models
with specialized refinements, in order to obtain multiple comple-
mentary textual descriptions of the same morphological input. Our
objective was not to rank LLMs as standalone generators, but to
use them as diverse semantic verbalizers that enrich the textual su-
pervision available to the contrastive framework. Specifically we se-
lected instruction-tuned models like Calme-3.1-Instruct,! Chocolate-3B-
Instruct,? Granite-3-8B-Instruct,® and Qwen-2.5-Instruct,* Medit-mesh-
3B-Instruct,® all designed to follow prompts effectively and generate
contextually aligned responses. The GPT-3.5-turbo® model serves as a
strong general-purpose baseline known for its balanced reasoning and
generation capabilities. Models such as EPE-PRYMAL-YL-3B-SLERP-
V3,7 and Pancho-v1-qw25-3° represent specialized or hybrid architec-
tures, integrating domain or fine-tuning adaptations. Finally, phi-3.5-
mini® and phi-2'° are lightweight transformer models optimized for
efficiency and general text understanding. Before prompting the LLMs,
the morphological annotations associated with each cell are converted
into a standardized textual attribute list. In particular, categorical
attributes are mapped to their human-readable labels, while binary
attributes are represented through their explicit semantic state. The
resulting attribute sequence is then inserted into a shared prompt
template and provided to each LLM. In this way, all models receive
the same normalized semantic input, while the linguistic realization
of the description is allowed to vary across LLMs. This design ensures
consistency at the attribute level while preserving textual diversity,
which is beneficial for contrastive multimodal training. Although spe-
cialized biomedical foundation models are highly relevant to this
domain, their role depends on the stage of the pipeline. In WBC-CLIP,
the selected LLMs are used only to verbalize structured morpholog-
ical annotations into short captions. For this reason, we prioritized
instruction-tuned generators that reliably follow a fixed prompt, pro-
duce diverse linguistic realizations, and remain practical for large-scale
caption generation. By contrast, models such as BioMedCLIP [41] are
biomedical vision-language encoders rather than generative LLMs, and
are therefore more appropriately treated as external multimodal base-
lines than as caption generators. To address this point, we additionally
evaluated representative specialized biomedical foundation models,
namely BioMedCLIP [41] and MedGemma [42], in the experimental
section.

LLM prompt. Here are described the prompts used to instruct the
various LLMs to generate cell descriptions based on the morphological
features associated with each white blood cell. We employ two different
prompts: a system prompt and a user prompt.

The system prompt defines the behavior of the LLM, in this case,
guiding it to act as a hematology expert. The user prompt provides the
specific input to which the LLM should respond.

The prompts are reported below.

https://huggingface.co/MaziyarPanahi/calme-3.1-instruct-3b.
https://huggingface.co/jpacifico/Chocolatine-3B-Instruct-DPO-Revised.
https://huggingface.co/ibm-granite/granite-3.0-8b-instruct.
https://huggingface.co/Qwen/Qwen2.5-3B-Instruct.
https://huggingface.co/meditsolutions/MedIT-Mesh-3B-Instruct.
https://huggingface.co/Xenova/gpt-3.5-turbo.
https://huggingface.co/LilRg/10PRYMMAL-3B-slerp.
https://huggingface.co/fblgit/pancho-v1-qw25-3B-UNAMGS.
https://huggingface.co/microsoft/Phi-3.5-mini-instruct.
https://huggingface.co/microsoft/phi-2.
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System Prompt

{"role": "system",

"content": "You are a hematology expert special-
ized in white blood cell morphology.
Your task is to generate a short descriptive sen-
tence describing how this cell might look under a
microscope."}

User Prompt

{"role": "user",

'content"”": 'Below are the quantitative
morphological features extracted from a
microscopic image of a white blood cell.

Use this information to generate a short,
coherent textual description of the cell’s
appearance including its size, nucleus shape,
cytoplasm color/texture, and any distinctive
morphological traits.

Avoid 1listing the features numerically;
instead, integrate their meaning naturally
into the description. Morphological features:
f{list_of_morphological_features}"}

In our pipeline, LLMs are not asked to infer diagnoses or free-
form findings directly from raw images. Instead, they verbalize pre-
existing structured morphological attributes associated with each white
blood cell. To assess how faithfully these attributes are preserved in
the generated text, we compared the information expressed in the
captions against the original attribute annotations across the LLMs
used in this study. Exact agreement across all attributes was limited
(full-match rate: 0.0875 + 0.0873), but attribute-level agreement was
substantially higher for several key descriptors, including cell shape
(0.9052 + 0.0228), nucleus shape (0.8113+0.0582), nucleus-to-cytoplasm
ratio (0.8948 + 0.0404), cytoplasm texture (0.9579 + 0.0211), and cyto-
plasm color (0.9392 + 0.0450). At the same time, lower agreement for
features such as cytoplasm vacuoles (0.5644 + 0.0761) and granularity
(0.2762+0.1315) indicates that these descriptions should be regarded as
auxiliary morphology-conditioned textual views rather than perfectly
faithful clinical reports. This variability suggests that the generated
descriptions introduce a mixture of faithful and imperfect textual su-
pervision, which is useful for semantic enrichment but should also be
considered a source of noise during multimodal training.

3.3. Backbone architectures

WBC-CLIP utilizes deep neural networks as feature extractors to en-
code white blood cell images into meaningful representations. Specifi-
cally, we experiment with both convolutional neural networks
(ResNets) and transformer-based architectures (Vision Transformers,
ViT).

ResNets rely on hierarchical convolutional layers with skip con-
nections to capture local and global features efficiently, while ViT
use self-attention mechanisms to model long-range dependencies and
complex morphological patterns. By combining these backbones with
contrastive learning, WBC-CLIP can generate robust embeddings that
capture diverse structural variations of white blood cells.

3.4. Contrastive learning
WBC-CLIP adopts a contrastive image-text learning strategy in-

spired by CLIP, with the goal of aligning white blood cell images
and morphology-aware textual descriptions within a shared embedding
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space. Unlike standard self-supervised contrastive learning based only
on image augmentations, our framework operates on paired multi-
modal samples, where each image is associated with a textual descrip-
tion generated from structured morphological attributes.

Given a mini-batch of paired samples, the image encoder extracts
a visual representation from each white blood cell image, while the
text encoder processes the corresponding tokenized description. These
modality-specific features are then mapped into a common latent space
through dedicated projection heads, producing image and text embed-
dings with the same dimensionality. During batch construction, samples
are selected so as to avoid repeated image identities within the same
mini-batch. This prevents trivial duplication effects and allows the
multiple captions associated with a given image, encountered across
training, to act as alternative textual views, i.e., textual augmentations,
of the same morphology-conditioned sample.
Let zE’ ) and zET) denote the projected image and text embeddings of
the ith sample in a batch of size B. A cross-modal similarity matrix
is computed through the dot product between all text and image
embeddings:

ZI(T) . z;l )

L;=—2>, M

T
where 7 is a temperature parameter controlling the concentration of
the similarity distribution. This matrix defines the image-text matching
logits used during training.

In standard CLIP, supervision is typically defined through hard one-
to-one correspondences, where only the matched image-text pair is
treated as positive and all remaining pairs in the batch are treated
as equally negative. However, this assumption is overly restrictive for
our scenario. First, different white blood cells may share highly similar
morphology, so semantically related samples can appear within the
same mini-batch. Second, the textual modality is generated by multi-
ple LLMs from the same structured attributes, meaning that captions
behave as alternative semantic views and may differ in phrasing, gran-
ularity, or faithfulness. As a result, non-diagonal pairs are not always
true negatives, and enforcing a purely hard target may over-penalize
morphologically related image-text pairs.

For this reason, WBC-CLIP computes intra-modal similarity matrices
for images and texts separately and uses them to construct soft targets
that reflect the relational structure of the batch. Formally, let SV
and ST denote the image-image and text-text similarity matrices,
respectively. The target distribution is then defined as:

(1) (T)
s +80 ) . @

Y = softmax <
In all experiments, the temperature was set to = = 1. We adopted
this neutral setting because our training relies on soft targets derived
from intra-modal similarities and on LLM-generated captions, whose
partial variability and noise make overly sharp contrastive distribu-
tions less desirable. Accordingly, r = 1 provides a stable compromise
between alignment strength and robustness to imperfect textual su-
pervision. The training objective is computed symmetrically in both
directions, from text to image and from image to text. More precisely,
the model minimizes the average of the cross-entropy loss between the
image-text logits and the soft targets, and the corresponding transposed
formulation:

Liext = CE(L,Y), 3

Limage = CELT, YD), )]

_ ‘Ctext + ‘Cimage
=—
This formulation is particularly suitable for WBC-CLIP because it
preserves the main alignment signal of matched image-text pairs while

()
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softening the treatment of semantically neighboring samples. In prac-
tice, it encourages the model to align each cell image with its corre-
sponding morphology-aware description, but without forcing all other
cells in the batch to be equally dissimilar. This is beneficial in our set-
ting, where morphology-aware captions are informative yet imperfect,
and where cells with overlapping attributes should remain relatively
close in the shared embedding space.

Consequently, the learned contrastive space captures not only pair-
wise correspondence, but also broader neighborhood relationships
across both modalities. This improves robustness to linguistic vari-
ability in LLM-generated descriptions, reduces the impact of partial
caption noise, and yields embeddings that are better suited to down-
stream zero-shot classification and retrieval. By aligning images with
semantically enriched textual descriptions derived from morphological
annotations, WBC-CLIP learns representations that are more robust to
visual variability and more appropriate for cross-dataset generalization.

3.4.1. Classification measures

The classification performance is evaluated using several measures,
including accuracy, recall, precision, and the F1-score.

In the following subsections, we provide straightforward definitions
of these metrics as they pertain to binary classification problems,
followed by their generalizations for multiclass scenarios.

Standard definitions for binary classification problems. An example, de-
noted as e, is characterized by a pair (i,t), where i represents a list
of feature values and ¢ denotes the assigned category (i.e., the target
category). A dataset D is defined as a collection of such examples. When
the dataset D contains two target categories, it constitutes a binary
classification problem. In this context, the categories are referred to as
negative and positive.

To assess the performance of a binary classifier on the dataset D,
each instance is labeled as either negative or positive based on the
classifier’s output. Depending on the classification outcome and the
actual target value, an instance will contribute to one of the following
counts:

* True Negatives (TN): The number of instances belonging to the
negative class that have been accurately predicted;

* False Positive (FP): The number of instances belonging to the
negative class that have been incorrectly predicted as positive;

* False Negative (FN): The number of instances belonging to the
positive class that have been incorrectly predicted as negative;

* True Positive (TP): The number of instances belonging to the
positive class that have been accurately predicted.

Based on these quantities, the measures to evaluate the classification
performance can be defined as follows:

» Accuracy (ACC) The ratio of correctly classified instances to the
total number of instances:

ACC = TP+TN ©)
TP+TN+ FP+ FN
Precision (PRE) The fraction of positive instances that are correctly

classified among all instances classified as positive:

PRE= 1P __ 100
TP+ FP
Recall (REC) It measures the classifier’s ability to correctly iden-

tify the positive class, calculated against FN:

REC=_— 1P _ @)
TP+ FN

F1-score (F1) Defined as the harmonic mean of precision and recall:

P-R
P+ R

F1=2-

)]
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Standard definitions for multiclass classification problems. As previously
mentioned, the measures outlined can also be generalized for multiclass
classification scenarios. A straightforward approach to achieve this is
to calculate the metrics for each category using a One-vs-Rest (OVR)
strategy. Following this process, the average value of each binary
measure is computed, yielding an informative metric for the multiclass
model.

Three distinct averaging methods can be employed: micro, macro,
and weighted. In this study, macro averaging has been adopted.

In summary, for a classification problem involving K classes, the
metrics with macro averaging are calculated as follows:

* Macro Average Precision (where P, denotes the precision for class

k):
K
_ P,
MacroPrecision = % 10
* Macro Average Recall (where SEN, denotes the sensitivity for
class k):
K
_ SEN,
MacroRecall = % an

* Macro Average F1-score (where P and R denote the macro average
precision and recall, respectively):

MacroF1=2- PR 12)
P+ R

3.4.2. Retrieval measures

The retrieval performance is evaluated by analyzing the relevance
of the cases returned by the system for each query. In medical image
retrieval, the practical value of a system depends on its ability to
provide at least one clinically relevant case within the first retrieved
samples and on how early such a case appears in the ranked list.
Since only the top-k retrieved items are considered, we adopt a set of
retrieval measures that operate on truncated rankings.

Let the retrieval output for a query be represented by a relevance
vector r = (r|,r,,....r;), where r; = 1 if the ith retrieved case is
clinically relevant and O otherwise. The following measures are used
in this study:

Hit@k. Indicates whether at least one relevant case is present among
the top—k retrieved samples and is defined as:

1 if 3i <k such that r, =1,
Hit@k = = i (13)
0 otherwise.

Precision@k. This measure quantifies the proportion of relevant cases
among the first k retrieved items:

k

Precision@k = % 2 Fi. 14
i=1

Mean Reciprocal Rank (MRR@3). The Mean Reciprocal Rank reflects

the rank of the first relevant case in the retrieved list. When limited to

the top three retrieved samples, it is computed as:

if r; = 1 for the smallest i < 3,

1
MRR@3 = {7 15)

0 if no relevant item is found within the top 3.
4. Proposed approach

Our proposed methodology is founded on a dual-encoder archi-
tecture that draws inspiration from the CLIP framework. CLIP uses
two different types of encoders, one designed to process images and
the other to process text. It generates embeddings for both modalities
and, through a contrastive learning approach, successfully creates a
shared embedding space that represents both image and text. This
shared space enables improved performance on downstream tasks such
as classification. Based on this, we propose an innovative approach
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that integrates both visual and morphological information, processed
as text, to perform a comprehensive analysis of WBCs.

Each WBC image is systematically accompanied by a set of mor-
phological features such as cytoplasm ratio, nuclear size, granularity,
etc...Since these features are typically stored in a tabular format, it
is necessary to convert this information into a form suitable for the
text encoder. Therefore, this tabular data is used as foundation for
generating detailed textual descriptions that encapsulate the subtle
and complex characteristics of each cell. To convert these raw mor-
phological measurements into expressive descriptive text, we employ
multiple large language models operating in parallel. For a fixed set
of morphological features, all LLMs process them in parallel, each
producing its own textual description of the WBC image. This process
yields a collection of diverse captions, that reflect the unique character-
istics of each LLM, each producing its own distinctive description. The
ensemble of these descriptions enriches the semantic embedding space
used during training.

For the experiments, we selected two different types of image
encoder architectures: one based on convolutional neural networks and
the other on vision transformers, which is built upon the transformer
architecture. For the text encoder, we used only models based on
the transformer architecture. Both encoders are trained jointly via a
contrastive loss function, which aligns image and text embeddings
within a shared latent space, and allows to maximize the similarity
between correctly paired image-text embeddings and minimize the sim-
ilarity with non-matching pairs, thereby fostering robust cross-modal
associations and enhancing the model’s discriminative capability.

In Fig. 3 we present an overview of the training pipeline. The first
part (above) illustrates the process used to generate descriptions of
the morphological features. These features are concatenated with a
textual prompt and fed into “n” numbers of LLMs, each producing its
own textual description. The resulting texts are then passed to the text
encoder, which generates corresponding text embeddings. Simultane-
ously, the image associated with its morphological features is processed
by the image encoder, producing an image embedding. This embedding
is paired with each description produced by the LLMs. Finally, a
contrastive loss is applied to both embeddings in order to maximize
the similarity between matching image-text pairs and minimize the
dissimilarity between non-matching pairs.

The proposed training pipeline yields a pretrained model capable
of processing multimodal data for downstream tasks. The model was
evaluated on two selected downstream tasks: the first assessed its
ability to generalize to unseen samples, while the second examined the
fidelity of the learned embeddings.

An overview of these evaluation tasks is presented in Figs. 4 and 5.
On the left, we illustrate the image—text retrieval task, which consists
of retrieving the top-k images that best match a given text prompt. The
prompt may describe one or more characteristics or classes of WBCs.
Conversely, the same process can be applied in the opposite direction,
given an image, the model retrieves the top-k textual descriptions that
correspond to its characteristics. On the right, we present the zero-shot
classification task, which involves classifying WBC images solely based
on text prompts, without any fine-tuning. In this task, both the image
and the classes prompts are processed by their respective encoders, and
classification is performed using cosine similarity between the resulting
embeddings.

5. Experiments and results

5.1. WBC-CLIP development

Setup. The experimental evaluation has been carried out on a high-
performance workstation equipped with two NVIDIA RTX 4090 GPUs,
ensuring efficient training and evaluation of our proposed framework.
Additionally, we set the learning rate to 5e—4 and configured the
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training parameters as follows: 20 epochs and batch sizes per GPU of
128 for ResNet50, 512 for ViT tiny, 256 for ViT small, 128 for ViT
base, and 64 for ViT large. Initially, we trained the architecture on the
WBCALtt dataset, utilizing both the original high-resolution images and
the accompanying morphological attributes parsed by multiple LLMs,
as detailed in Section 4. This integrated approach enabled the model to

learn robust visual and semantic representations from complementary

sources of information.

Experiment #1: text encoder investigation. Following training, we

performed a first evaluation of the model’s class and attribute predic-
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Fig. 5. Zero-shot approach using WBC-CLIP. Images are embedded using the image encoder, and the class-related descriptions are embedded via the text encoder.
After computing the cosine similarity between pairs, softmax is then used to calculate class assignment probabilities.

Table 1

Bio Reddit BERT emerges as the best text encoder by a large margin for
the WBC-CLIP text encoder selection. The models share the same training
configuration and number of epochs.

Text encoder Image encoder F1

Bio DistilBERT ViT Small 24.30
Bio DistilBERT ViT Base 26.89
ALBERT Base v2 ViT Small 30.16
ALBERT Base v2 ViT Base 21.71
Bio Reddit BERT ViT Small 60.34
Bio Reddit BERT ViT Base 65.99

tion capabilities in a zero-shot setting, as illustrated in Fig. 5. For this
purpose, a subset of the WBCAtt dataset was employed. This evaluation
not only assessed the model’s predictive performance but also served
as a comparative investigation to determine the most effective text
encoder. For the purpose of this investigation, we used ViT architecture
as image encoder, exploring both the small and base configurations
with a patch size of 16, thereby providing insights into potential scaling
laws. Table 1 summarizes the performance outcomes of the text encoder
comparative investigation, revealing that the Bio Reddit BERT text
encoder outperforms alternative text encoders by over 30% in terms
of Fl1-score (F1).

Table 1 summarizes the performance outcomes of this internal text
encoder investigation, revealing that Bio Reddit BERT outperforms
the alternative text encoders considered within the WBC-CLIP archi-
tecture by over 30% in terms of Fl-score. We therefore adopt it in
the subsequent experiments. Comparisons against external specialized
biomedical foundation models are reported separately, as they do not
represent interchangeable text-encoder components of the proposed
framework.

Experiment #2: image encoder investigation. Afterwards, we set Bio
Reddit BERT as optimal text encoder and systematically vary the image
encoders to establish a more diverse model family. This variation is
motivated by two primary objectives. First, it enables a comprehensive
analysis of the relationship between image encoder model size and
performance in real-world evaluation scenarios. Second, it ensures
greater flexibility for future applications, accommodating institutions
with different computational resources. Given that not all hospitals
and clinics have access to high-end hardware, our approach provides
an equitable and adaptable solution by offering both lightweight and
computationally intensive models.

A summary of the results is presented in Table 2. The findings reveal
a pronounced disparity in specialized performance across different

image encoder architectures. Specifically, ResNet50 demonstrates su-
perior proficiency in recognizing cytoplasm-related attributes, whereas
ViT-based encoders excel at capturing granularity-related properties of
WBCs. This performance divergence underscores the complementary
strengths of convolutional and transformer-based approaches in WBC
morphology analysis.

The comparison on WBCAtt shows that specialized biomedical
foundation models alone do not match the proposed morphology
aware multimodal training strategy. In particular, BioMedCLIP and
MedGemma achieve average macro F1 scores of 24.11% and 28.92%,
respectively, remaining far below all WBC-CLIP variants. Although
these baselines benefit from biomedical pretraining, the results suggest
that explicitly aligning cell images with morphology-conditioned tex-
tual descriptions provides a substantially stronger supervisory signal
for fine-grained WBC attribute prediction.

Experiment #3: out-of-distribution evaluation. This WBC-CLIP eval-
uation focuses on demonstrating its generalizability across different
sources. To this end, we assess various model sizes on the Leukemi-
aAttri dataset, which represents a truly out-of-distribution scenario.
We evaluate the predictions of our WBC-CLIP models on a subset
of attributes that align with those used during training, as reported
in Table 3. The comparison also includes specialized biomedical foun-
dation models, namely BioMedCLIP and MedGemma, in order to verify
whether generic biomedical pretraining alone is sufficient in this cross-
dataset setting. Our analysis reveals that WBC-CLIP remains clearly su-
perior, with the best average macro F1 achieved by ViT tiny (52.72%),
followed closely by ViT small (51.94%), whereas BioMedCLIP and
MedGemma obtain substantially lower averages of 24.95% and 8.56%,
respectively. Among the WBC-CLIP variants, ViT-based encoders main-
tain superior performance in the cross-dataset scenario, whereas the
ResNet-based model, despite achieving the highest performance on
the WBCALt test set, lacks generalizability. Moreover, smaller vision
encoders, such as ViT tiny and ViT small, outperform their larger
counterparts by a margin exceeding 10%. Notably, the attributes most
frequently mispredicted are those related to cytoplasmic properties.
This outcome is anticipated, as the considerable variations in acqui-
sition methods and staining techniques tend to compromise resolution-
dependent features, including the detection of vacuoles and the assess-
ment of cytoplasmic basophilia.

5.2. Use case: Image retrieval quality assessment

Our WBC-CLIP models are primarily designed to assess morpholog-
ical attributes in entirely unseen datasets, thereby supporting robust
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Table 2
Comparison on the WBCALt test set. WBC-CLIP consistently outperforms specialized biomedical foundation models, while ResNet50 remains the best-performing
configuration overall in terms of average macro F1.

Attribute Choices BioMedCLIP MedGemma WBC-CLIP WBC-CLIP WBC-CLIP WBC-CLIP WBC-CLIP
(%) (%) ViT tiny (%) ViT small (%) ViT base (%) ViT large (%) ResNet50 (%)
Class 5 10.66 4.16 97.16 98.46 97.71 99.38 87.12
Cell size 2 31.11 42.45 65.96 64.57 64.49 54.59 69.09
Cell shape 2 18.43 40.72 78.80 64.59 76.73 81.24 70.33
Nucleus shape 6 2.63 12.88 40.17 48.36 50.58 51.66 52.34
NC ratio 2 11.63 28.35 30.47 40.53 47.49 37.83 65.05
Chromatin density 2 47.37 47.57 49.12 23.00 57.86 52.03 76.93
Cytoplasm texture 2 44.24 61.23 82.33 76.37 57.07 78.57 84.61
Cytoplasm color 3 6.59 8.31 56.56 36.71 40.16 57.64 63.61
Cytoplasm vacuole 2 7.33 9.04 47.83 34.31 29.90 34.96 49.07
Granularity 2 42.49 45.18 74.50 64.43 98.31 57.83 65.99
Granule color 4 31.88 9.60 98.12 98.27 98.22 97.79 96.34
Granule type 4 35.00 37.52 61.26 74.54 73.45 61.82 58.60
Average - 24.11 28.92 65.19 60.34 65.99 63.77 69.92
Table 3

Comparison on the out-of-distribution LeukemiaAttri dataset. Only the five attributes shared with the manuscript evaluation are reported. WBC-CLIP remains
clearly stronger than BioMedCLIP and MedGemma in this cross-dataset scenario.

Attribute Choices BioMedCLIP MedGemma WBC-CLIP WBC-CLIP WBC-CLIP WBC-CLIP WBC-CLIP
(%) (%) ViT tiny (%) ViT small (%) ViT base (%) ViT large (%) ResNet50 (%)
Cell size 2 19.09 4.29 59.24 48.63 43.69 62.03 48.73
Nucleus shape 2 17.83 2.82 46.27 48.18 26.27 18.17 14.09
Chromatin density 2 28.35 8.93 73.61 65.91 30.35 51.91 38.21
Cytoplasm vacuoles 2 29.80 16.71 44.16 50.77 49.29 45.99 47.14
Cytoplasmic basophilia 2 29.71 10.05 40.36 46.21 41.31 46.21 27.26
Average - 24.95 8.56 52.72 51.94 38.18 44.86 35.08
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Fig. 6. Visualization of the top-3 retrieval hits obtained on the LeukemiaAttri dataset. The correct predictions are highlighted with green boxes while
mispredictions with red ones. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Table 4
Retrieval measures computed on the LeukemiaAttri dataset. Results are the
average over the five attributes. All metrics are expressed as percentages.

Hit@1 Hit@3 MRR@3
80.00 100.00 90.00

Precision@1

80.00

Precision@3

79.99

generalization across diverse real-world conditions. In practical appli-
cations, we envision a two-stage pipeline: first, a detection algorithm
identifies all WBCs within a blood smear; then, our model operates
in a retrieval-based manner to isolate and rank cells exhibiting rel-
evant pathological morphologies. This pipeline may support rapid,
training-free screening within diagnostic workflows.

From a clinical perspective, the retrieval setting should be inter-
preted as a decision-support mechanism rather than a direct diag-
nostic endpoint. In practice, retrieving morphologically similar cells
can assist rapid smear screening, support the review of suspicious or
rare patterns, and facilitate comparison against representative exam-
ples during expert inspection. This is particularly relevant in hema-
tology, where morphological interpretation is often comparative and
context-dependent.

Moreover, the heterogeneity between WBCAtt and LeukemiaAt-
tri makes this evaluation especially informative. Since the external
dataset differs in staining, acquisition protocol, and visual appear-
ance, strong retrieval performance suggests that the learned shared
embedding space captures morphology-aware relationships that ex-
tend beyond dataset-specific style. For this reason, we regard retrieval
on an out-of-distribution dataset as a useful proxy for the practical
value of the learned multimodal representation. Nevertheless, these
retrieved matches are intended to support, not replace, expert clinical
assessment.

Furthermore, the text prompting mechanism enhances retrieval ca-
pabilities by allowing the incorporation of custom information into
queries. This flexibility facilitates the identification of specific attribute
combinations and specialized morphological traits that would other-
wise be difficult to capture using predefined classification labels.

In high-throughput smear analysis, such a retrieval-based tool could
help prioritize candidate abnormal cells before full expert examination,
thereby reducing review burden while preserving the central role of the
hematologist.

Fig. 6 illustrates the retrieval process, displaying the top three
ranked WBCs according to the selected prompts. In the visualiza-
tion, correct predictions are marked in green, while mispredictions are
highlighted in red.

For this evaluation, we selected the ViT base model as the image
encoder. Although it was not the best-performing ViT variant in the
considered setting, it was chosen to show that retrieval remains feasible
even when using a less favorable encoder configuration. Given the large
number of WBCs typically present in blood smears, this result further
supports the practical applicability of the proposed framework.

In our experimental setting, retrieval performance was evaluated
using k = 1 and k = 3 in order to provide a deliberately strict
and informative assessment. This choice reflects the importance of
surfacing clinically relevant matches within the first retrieved samples,
especially when rare pathological WBCs are involved. In addition, this
evaluation setting is consistent with the zero-shot scenario considered
for LeukemiaAttri as an unseen dataset. The corresponding results are
reported in Table 4.

5.3. Explainability through cross-modal alignment

The WBC-CLIP framework provides an interpretable representation
of white blood cell morphology by aligning visual features with seman-
tically rich textual descriptions, enabling a transparent link between
pixel-level patterns and clinically meaningful attributes. Instead of rely-
ing on post-hoc explanations, the model offers intrinsic interpretability:
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image-text contrastive learning organizes cells in a shared space shaped
by morphological concepts such as nuclear structure, chromatin appear-
ance, granularity, and cytoplasmic traits. This alignment also supports a
natural form of self-explanation through bidirectional retrieval, where
images retrieve the most relevant descriptions and textual queries
surface representative cells, revealing how the model internally concep-
tualizes specific characteristics. Embedding similarities further quantify
the strength of each attribute in a given sample, providing a direct
and intuitive indicator of morphological reasoning. Although inherently
interpretable, the architecture remains compatible with transformer-
based attention inspection or Grad-CAM-style visualizations for ad-
ditional scrutiny when required. Overall, this cross-modal grounding
improves transparency, facilitates clinical validation, and supports the
integration of multimodal models into diagnostic workflows where
interpretability is essential.

6. Discussion and limitations

Despite the strong performance and inherent interpretability of
the WBC-CLIP framework, several limitations warrant consideration.
The approach remains sensitive to the quality, completeness, and con-
sistency of the morphological attributes used during training; noisy
annotations or stylistic differences in staining and acquisition proto-
cols may bias the learned representations, particularly for cytoplasmic
features that are more susceptible to color and illumination variability.
Although our evaluation on out-of-distribution data demonstrates en-
couraging robustness, achieving consistent generalization across highly
heterogeneous clinical settings remains challenging. The model also
relies on a predefined set of morphological attributes, which, while
comprehensive, does not fully capture the breadth of subtle or rare vari-
ations encountered in hematology practice. Additionally, transformer-
based encoders introduce non-trivial computational demands, poten-
tially limiting deployment in low-resource laboratories without further
optimization.

An additional finding of this study is that specialized biomedical
foundation models, although relevant and competitive baselines, were
not sufficient to match the performance of WBC-CLIP in either the in-
distribution or out-of-distribution setting. This suggests that the main
advantage of the proposed framework stems not only from biomedical
prior knowledge, but from the explicit alignment between cell images
and morphology-aware textual supervision.

Additional limitations arise from the use of LLM-generated de-
scriptions, which may introduce stylistic noise, omissions, paraphrastic
distortions, or partial mismatches with the original attributes. In our
setting, this risk is mitigated to some extent by constraining gener-
ation to structured morphological annotations rather than allowing
open-ended medical interpretation, and by quantitatively measuring
attribute consistency between the generated captions and the original
labels. However, this mitigation is only partial. Our consistency analysis
indicates that, although several key attributes are preserved reliably,
others are less consistently reflected in the generated text. As a result,
the textual modality may contain imperfect or partially inconsistent
supervision signals.

From a training perspective, such noise may weaken image-text
alignment for some samples and can introduce additional variability
into the optimization process. At the same time, exposure to multiple
non-identical textual realizations of the same morphology-conditioned
information may provide a degree of robustness to superficial linguistic
variation, encouraging the model to align with shared semantic content
rather than a single phrasing style. Nevertheless, this should not be
interpreted as a guarantee of robustness to erroneous descriptions.
Automatic consistency analysis is not equivalent to clinical validation,
and we did not perform a formal hematology-expert review protocol
for all generated captions in the present study. Accordingly, these cap-
tions should be regarded as auxiliary morphology-conditioned training
signals for multimodal alignment, not as clinically validated reports.
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Future research should therefore focus on expanding the diversity
and granularity of morphological features, refining the quality and
consistency of textual descriptions, and incorporating more heteroge-
neous datasets to better reflect real-world laboratory variability. Meth-
ods such as domain adaptation, continual learning, or attribute-aware
alignment could enhance stability across different imaging conditions.
Additionally, introducing lightweight or distilled variants of WBC-CLIP
may facilitate adoption in resource-constrained environments. Finally,
systematic assessment of bias, transparency, and auditability as well
as the development of human-in-the-loop interfaces will be essential
for supporting safe, equitable, and clinically responsible deployment of
multimodal AI systems in hematology.

6.1. Clinical impact

The WBC-CLIP framework has the potential to support several as-
pects of hematological diagnostics by providing interpretable,
morphology-aware representations that complement existing labora-
tory workflows. Its ability to align images with descriptive attributes
enables more transparent triage of peripheral blood smears, facilitating
rapid screening for morphological abnormalities, early detection of
atypical or leukemic patterns, and more efficient prioritization of cases
requiring expert review. The bidirectional retrieval capabilities can
assist clinicians in comparing ambiguous cells against prototypical ex-
amples or in surfacing consistent textual descriptions that clarify subtle
traits, thereby reducing inter-observer variability. Moreover, the zero-
shot and attribute-centric learning paradigm allows the system to adapt
to new or rare morphological categories without retraining, which is
particularly valuable in scenarios where annotated data are scarce. By
integrating the model within digital hematology platforms, laboratories
could benefit from enhanced quality control, more consistent morpho-
logical reporting, and decision-support tools that strengthen diagnostic
confidence while preserving the central role of expert interpretation.
Ultimately, WBC-CLIP offers a scalable foundation for multimodal
clinical support systems that augment, rather than replace, professional
expertise in routine and specialized hematological assessment.

7. Conclusion

In this work, we proposed WBC-CLIP, a dual-encoder framework
that effectively integrates visual and textual data to enhance the anal-
ysis of WBCs. By leveraging contrastive learning in conjunction with
multiple large language models, our approach generates detailed tex-
tual descriptions that, when paired with image embeddings, provide
reliable and interpretable diagnostic insights, as suggested by the image
retrieval quality assessment use case.

Our extensive evaluations on both in-distribution and out-of-
distribution datasets demonstrate that WBC-CLIP not only advances the
state of automated WBC analysis but also facilitates rapid, training-
free screening in clinical environments. The ability to retrieve and rank
cells based on morphological attributes further underscores its potential
for assisting pathologists in identifying diagnostically relevant patterns
with greater efficiency.

Despite its promising performance, our approach still faces chal-
lenges, particularly concerning data quality, potential annotation bi-
ases, and computational demands. However, WBC-CLIP represents a
significant step toward more transparent, interpretable, and adapt-
able Al-driven diagnostic tools. Future research should focus on mit-
igating these limitations by improving dataset diversity, refining re-
trieval mechanisms, and optimizing computational efficiency to ensure
broader accessibility in real-world clinical applications.

Acronyms

See Table 5.
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Table 5
List of acronyms used in this manuscript.
Acronym Meaning
WBC White Blood Cell
CLIP Contrastive Language-Image Pretraining
LLM Large Language Model
NLP Natural Language Processing
CNN Convolutional Neural Network
ViT Vision Transformer
AUC Area Under the Curve
TP True Positives
FP False Positives
FN False Negatives
TN True Negatives
ACC Accuracy
PRE Precision
REC Recall
F1 Fl-score
00D Out-of-Distribution
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