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Our research helps us understand how immune cells called macrophages change and adapt. This
knowledge can lead to better cancer treatments by improving how we predict and influence immune
responses. Ultimately, it can enhance our ability to fight diseases and improve public health.

We developed a model to understand gene behavior in immune cells called
macrophages. By focusing on genes that preserved a history of their changes (hysteresis genes), we
created a method to predict how these genes behave during cell reprogramming. Our model accurately
simulated gene activity, helping us explore how immune cells adapt. This research could improve our
understanding of immune responses related to macrophages and lead to better cancer treatments.
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(Background at the start of research)

The advances in single-cell sequencing techniques have opened up new horizons for
complex cell analysis, with a profound impact. A significant breakthrough in this field
was the identification of inherent changes in gene expression, such as RNA velocity
and cell differentiation lineage. However, these methods often fall short in capturing
the dynamics of cells in complex scenarios due to their simplistic assumptions. In
this research, 1 propose a novel approach that incorporates single-cell multiomics
data to address this limitation. By harnessing the power of fuzzy logic, gene regulatory
networks, and information from scRNA + ScATAC data, | aim to develop a computational
method that can analyze the joint effects of transcription factors and gene expression
in defining cell types and lineage processes. This innovative methodology could
revolutionize exploratory analysis and in-silico perturbation and prediction of cell
states, thereby enhancing cell reprogramming in gene therapy.

(Research objectives)

Wash Bufer .-+~

& o 240 M1 96h reb1_M2
iM!m‘df \ M1 Stimudi #
8 — M1 polarization

; M2 Stimuli |

©h MO ————————# M2 polarization
__________ »  Depolarization

Hysteresis

iw.sum.n
96h deMO_M2
-

Figure 1. Data used in this project involves polarization/ repolarization
of Macrophages at different time points. (Zhang et al., 2023)

During the course of this research, several similar methods, such as CellOracle, were
published in renowned journals. Then, to improve the impact of our work, we focused on
a specific problem: the cell reprogramming scenario in macrophages. In a paper we
published during this research (Zhang Y. et al., 2023), we investigated a set of genes
displaying a "hysteresis" profile during the reprogramming of macrophages from MO to
M1 or M2 and vice versa (Liu S.X. et al., 2020). Our focus shifted to designing a fuzzy
logic model to estimate expression levels in macrophages, specifically targeting a set
of hysteresis genes, such as those that retain an M1 profile after repolarization to
MO.

Figure 1 depicts the data used in this research, which involves polarization and
repolarization data of MO, M1, and M2 macrophages at different time points.

The revised objectives of this project are:

(1) To develop a fuzzy logic model for simulating the gene expression of hysteresis
genes in macrophages.

(2) To simulate expression levels of hysteresis genes at time points for which data is
not available.

(Research method)
Figure 2 illustrates the workflow for estimating the expression levels of hysteresis

genes during macrophage polarization. This workflow is similar to our original proposal
but excludes gene regulatory networks. The steps are as follows:
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Figure 2. Fuzzy model for estimating gene expression of macrophages
(1) Definition of clusters: Clusters are defined in the data, with the granularity
adjusted according to the heterogeneity of the samples. In this case, as we are
analyzing sorted macrophage cells, we set a low granularity.

(2) Training linear models: For each cluster, we train a linear model to estimate gene
expression based on the expression levels of other genes. This can be viewed as a gene-
gene model, where the expression level of a specific gene depends on the expression
levels of other genes. In this model, the diagonal is set to zero to avoid self-
dependence during training.

(3) Merging models using fuzzy logic: Using the trained linear models for each cluster,
we create a final model by merging them using fuzzy logic rules. The distance between
clusters is used as a variable to guide the interpolation between models. Ultimately,
each cell will have its own gene-gene matrix according to its distance from the cluster
centers.

(4) Simulating gene expression changes: The obtained model is then used to simulate
changes in the expression of hysteresis genes.

(Research results)
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(2) Creating cluster-specific models: After setting the lambda parameter, we obtained
a linear model for each macrophage cluster. Figure 3A shows the PCA representation of
the macrophage clusters and an example of the gene-gene matrix obtained for each; only
the most significant interactions are shown for simplicity.

(3) Assembling the final model: I assembled the final model using the cluster-specific
gene-gene interaction matrices, guided by the distance of cluster centroids in the PCA
space for fuzzy interpolation. Figure 3 B shows an example of this interpolation.

(4) Testing the model: Once the fuzzy logic model was assembled, we tested it by
predicting gene expression levels 6 hours after repolarization to M1. It is important
to note that this dataset was not used for training, eliminating any bias towards the
training dataset. Figure 4 shows the comparison of simulated versus real gene expression
levels for a set of hysteresis genes. Some genes showed a high similarity between the
simulated and real expression distributions (Ccl3 and Cxcl9), while others showed low
agreement, indicating potential improvements needed in the modeling (Ccl5 and Cxcl10).

In summary, we trained a fuzzy linear model to predict the gene expression levels of
hysteresis genes 1in macrophages after repolarization from M1 to MO. The model
successfully reproduced the observed distribution of transcription levels when compared
with an unseen dataset, highlighting its potential for investigating dynamic changes
in cells. While some gene distributions differed from expectations, as shown in Figure
4B, we view this as an opportunity for future improvements to achieve more accurate
cell dynamics modeling.

These results will be included in a subsequent publication of our previous findings,
which we expect to be ready for publication later this year.
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Figure 4. Simulated vs. observed expression
levels of hysteresis genes in the M1 6hrs dataset.
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