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Ultrasound genomics related mitochondrial gene signature for
prognosis and neoadjuvant chemotherapy resistance in triple
negative breast cancer
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Abstract: Background: Neoadjuvant chemotherapy (NAC) significantly enhances clinical outcomes in patients with
triple-negative breast cancer (TNBC); however, chemoresistance frequently results in treatment failure. Consequently,
understanding the mechanisms underlying resistance and accurately predicting this phenomenon are crucial for
improving treatment efficacy. Methods: Ultrasound images from 62 patients, taken before and after neoadjuvant
therapy, were collected. Mitochondrial-related genes were extracted from a public database. Ultrasound features
associated with NAC resistance were identified and correlated with significant mitochondrial-related genes.
Subsequently, a prognostic model was developed and evaluated using the GSE58812 dataset. We also assessed this
model alongside clinical factors and its ability to predict immunotherapy response. Results: A total of 32 significant
differentially expressed genes in TNBC across three groups indicated a strong correlation with ultrasound features.
Univariate and multivariate Cox regression analyses identified six genes as independent risk factors for TNBC
prognosis. Based on these six mitochondrial-related genes, we constructed a TNBC prognostic model. The model’s
risk scores indicated that high-risk patients generally have a poorer prognosis compared to low-risk patients, with the
model demonstrating high predictive performance (p = 0.002, AUC = 0.745). This conclusion was further supported
in the test set (p = 0.026, AUC = 0.718). Additionally, we found that high-risk patients exhibited more advanced
tumor characteristics, while low-risk patients were more sensitive to common chemotherapy drugs and
immunotherapy. The signature-related genes also predicted immunotherapy response with a high accuracy of 0.765.
Conclusion: We identified resistance-related features from ultrasound images and integrated them with genomic data,
enabling effective risk stratification of patients and prediction of the efficacy of neoadjuvant chemotherapy and
immunotherapy in patients with TNBC.
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Breast cancer remains the second leading cause of cancer-
related deaths among women, with incidence rates rising
significantly over the past four decades. In 2020,
approximately 2.3 million new cases were reported globally,
resulting in around 685,000 deaths, with prevalence and
mortality rates varying widely across different economic
regions [1]. Clinically, breast tumors are categorized into
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three primary groups based on the presence of estrogen
receptor (ER), progesterone receptor (PR), and human
epidermal growth factor receptor 2 (HER2): ER-positive
(ER+), HER2-positive (HER2+), and triple-negative breast
cancer (TNBC) [2]. TNBC, which accounts for about 15%
of breast cancer cases, primarily affects younger women and
is often diagnosed at a higher grade, contributing
disproportionately to breast cancer mortality [2,3]. Due to
the absence of ER, PR, and HER2 receptors, treatments
effective for other breast cancer subtypes are not suitable for
TNBC. The molecular diversity, varied pathology, and
distinct clinical features of TNBC result in different
sensitivities to various chemotherapy drugs [3,4]. Given the
heterogeneous biological characteristics and aggressive
clinical progression of TNBC, molecular profiling through
the identification of gene expression is crucial for risk
stratification and precision treatment of this condition.

Over the past decade, genomics-based molecular
profiling studies have significantly advanced and been
successfully implemented in clinical practice, benefiting
patients with TNBC [5]. For instance, gene expression
analysis has identified two distinct subtypes of TNBC, each
exhibiting unique responses to various therapies. These
subtypes include two oxidative stress-related groups, each
characterized by specific gene signatures. The study
underscored the effectiveness of immune checkpoint
inhibitors  (ICIs) for TNBC subtypes, supporting
personalized treatment approaches [6]. Researchers from
Fudan University proposed the Fudan subtypes for TNBC
based on mRNA expression, identifying four distinct
subtypes with different prognoses and suggesting specific
targeted therapies for each. This demonstrates the potential
for more effective, personalized treatments for TNBC [7].
These studies illuminate new avenues for treating and
predicting the prognosis of TNBC and emphasize the
potential for personalized therapies tailored to distinct
molecular subtypes.

Mitochondria, as the only extranuclear organelles
containing genetic material, play a crucial role in
carcinogenesis through their communication with and
retrograde regulation of the nucleus [8]. Reactive oxygen
species (ROS) within mitochondria have been implicated in
promoting tumor cell proliferation, migration, and apoptosis
[9]. Research has shown that TNBC cells exhibit distinct
metabolic alterations, such as high glucose uptake, increased
lactate production, and reduced mitochondrial respiration,
compared to other breast cancer subtypes. This suggests that
TNBC cells may be particularly susceptible to treatments
targeting glycolytic pathways, presenting a potentially
effective therapeutic strategy for this aggressive cancer
subtype [10]. Additionally, recent advancements emphasize
the role of mitochondria in the tumor microenvironment
(TME), contributing to the aggressiveness of TNBC [11,12].
One study found that targeting the prooxidant effects of
manganese superoxide dismutase can significantly inhibit
TNBC progression and reduce the functionality of M2
macrophages, which typically support tumor growth under
oncogenic stress. By reducing mitochondrial ROS, this
approach can mitigate the immunosuppressive TME and
curb the advancement of TNBC [12].
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Building on the aforementioned research, neoadjuvant
therapy has emerged as a key strategy for treating TNBC,
significantly reducing tumor burden in patients. However,
current methods for assessing therapeutic response
primarily rely on clinical and pathological indicators, which
have limitations, such as subjective evaluation criteria and
the inability to fully and accurately predict treatment
outcomes. The development of ultrasound genomics,
powered by deep learning technology, offers a promising
solution to these challenges. Recent breakthroughs in
medical-industrial cross-research have advanced ultrasound
genomics in predicting tumor treatment efficacy. In
particular, ultrasonic genomics enables precise localization
and classification of key targets from visual data, such as
images and videos, providing valuable guidance for early
tumor signal recognition.

In this study, we aimed to identify resistance-related
features and classify TNBC using ultrasound genomics. By
analyzing risk stratification, we will examine the
chemotherapy sensitivity and mitochondria-related gene
expression profiles of each group to develop personalized
treatment strategies. This approach has the potential to offer
an effective therapeutic strategy for this aggressive breast
cancer subtype.

Materials and Methods

Data acquisition and preprocessing

A total of 62 patients who received neoadjuvant chemotherapy
(NAC) were enrolled in this study, with 39 of them failing to
achieve pathological complete response (pCR). Inclusion
criteria: a). Patients diagnosed with breast cancer and
pathologically confirmed TNBC subtype after puncture. b).
Patients are standardized to receive neoadjuvant
chemotherapy and complete the entire NAC patient. ¢).
Patients with complete pre- and post-treatment ultrasound
images of NAC. d). Patients who voluntarily sign the
informed consent to participate in the study. Exclusion
Criteria: a). Patients who did not complete the entire course of
NAC. b). Patients who had previously received chemotherapy
or radiotherapy. ¢). Patients with incomplete or missing
medical records, imaging or pathology data. d). Patients with
significant comorbidities or other diseases that may affect the
efficacy of chemotherapy. e). Patients who refuse to sign the
informed consent. Ultrasound images taken before and after
neoadjuvant therapy, along with clinical information, were
collected from these patients. Transcriptomic (Fragments per
kilobase of transcript per million; FPKM) and clinical data of
breast cancer patients were obtained from The Cancer
Genome Atlas (TCGA; https://www.cancer.gov/ccg/research/
genome-sequencing/tcga) (accessed on 25 September 2024).
The preprocessing steps included the exclusion of low-
expression genes and data normalization. We integrated 1,336
mitochondrial-related gene sets, sourced from existing
literature, for subsequent analyses. The validation dataset was
obtained from GSE58812 (https://www.ncbinlm.nih.gov/geo/
query/acc.cgitacc=GSE58812) (accessed on 25 September
2024), including 107 TNBC samples. The workflow is
illustrated in Fig. 1.
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Differential expression gene analysis

Using the profile of 1366 mitochondrial-related genes, we
performed differential expression analysis with the edgeR
package (version 4.2.1), comparing normal tissue with non-
triple-negative breast cancer (no-TNBC), normal tissue with
TNBC, and no-TNBC with TNBC. Genes with |log2Fold
Change| > 1 and p < 0.05 were defined as differentially
expressed genes. We then applied the Robust Rank
Aggregation (RRA) algorithm to further analyze the
differential expression results across the three comparisons,
identifying significant differentially expressed mitochondrial
genes (DEM) in the three groups.

Neoadjuvant chemotherapy drug resistance-related ultrasound
feature extraction

We conducted feature extraction from ultrasound images
using Python, followed by dimensionality reduction analysis
using the LASSO regression algorithm to identify key NAC
resistance-related ultrasound features. Subsequently, we
performed a propensity-matching study to align patient
image features with genomic data. DEMs with a correlation
greater than 0.1 and p-values less than 0.05 were designated
as key resistance genes.

Prognostic model development and evaluation

We defined the outcome event of the model as Overall
Survival (OS) and input the identified significant
mitochondrial-related genes into a univariate Cox regression
model to determine risk factors affecting the prognosis of
TNBC patients. These risk factors were then entered into a
multivariate Cox regression model to identify independent
risk factors influencing patient prognosis. Using the
coefficients from the multivariate Cox regression and the
corresponding gene expression levels, we constructed a
mitochondrial-related gene signature. To verify the model’s
robustness, we used the GSE58812 dataset as the test set.
Before model validation, we applied the combat package to
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remove batch effects between the two datasets, thereby
eliminating biases. Finally, we evaluated the model’s
predictive performance by calculating the area under the
receiver operating characteristic curve.

Prognostic model and clinical variables

To assess the clinical utility of the model, we analyzed the
relationship between the gene signature and variables such
as age, lymph node status, and tumor staging. We also
conducted survival analyses based on different clinical
variables to determine survival differences between high-
and low-risk patients within subgroups. The log-rank test
was used to analyze survival differences between groups.

Prognostic model and chemotherapy drugs for TNBC

We further examined the sensitivity of high- and low-risk
patients in the model to 11 commonly used chemotherapy
drugs, aiming to assess the model’s potential in guiding
chemotherapy response predictions. The chemotherapy
drugs were sourced from the GDSC database, and drug
sensitivity was assessed using the R package pRRophetic
(version 0.5), with ICs, values serving as the sensitivity
measure.

TNBC immunotherapy under strata by prognostic model
Given the importance of immunotherapy as an adjuvant
treatment for TNBC, we analyzed immune infiltration in
high- and low-risk patients using the ESTIMATE and
CIBERSORT algorithms. The distribution of immune
checkpoints between the high- and low-risk groups was
compared using the Wilcoxon test. Immunotherapy data
were obtained from the Imvigor 210 dataset. We first
assessed the differences in treatment outcomes between the
high- and low-risk groups following immunotherapy.
Subsequently, we combined multiple machine learning
algorithms to predict immunotherapy responses based on
the signature genes.

Ultrasound Genomics Reveals a MCs Related Signature for Predicting Therapy Response in TNBC
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Statistical analysis

For continuous variables with a normal distribution, a t-test
was used to assess differences between groups. For non-
normally distributed data, a rank sum test was employed.
Survival differences were evaluated using the log-rank test,
and univariate and multivariate Cox regression analyses
were conducted to identify independent prognostic factors.
p-values less than 0.05 were considered statistically significant.

Results

DEM-related genes in triple-negative breast cancer
Differential expression analysis identified 140 genes
differentially expressed between normal tissue and non-
TNBC tissue, 209 genes between normal tissue and TNBC
tissue, and 55 genes between non-TNBC and TNBC tissues
(Fig. 2A-C). The RRA algorithm further identified 32
significant genes across these three groups, with the top 10
genes strongly correlated with ultrasound features displayed
in Fig. 2D. These significant genes were extracted from the
original matrix, forming a new expression matrix for
subsequent analysis.

A six-mitochondrial-related-gene signatures that guides patient
stratification

A univariate Cox regression analysis on the new expression
matrix revealed that 12 genes are associated with TNBC
prognosis. Multivariate Cox regression analysis further
identified six genes as independent risk factors affecting
TNBC prognosis. Using the regression coefficients and gene
expression levels, we constructed a TNBC prognostic model
based on these six mitochondrial-related genes (Fig. 2E). To
ensure a sufficient sample size, we incorporated the
GSE58812 dataset into the study. To prevent data bias, batch
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effects were removed from both the GSE58812 and the
original TCGA datasets (Fig. 2F). Based on the risk scores
generated by the model, we categorized patients into high-
risk and low-risk groups. Survival analysis of the training set
demonstrated that high-risk patients generally have a poorer
prognosis compared to low-risk patients, with the model
showing high predictive performance (Fig. 3A-C). These
findings were further validated in the test set (Fig. 3D-F).
High-risk  patients  indicate advanced  tumor
characteristics

Subgroup analysis by age suggested that younger patients tend
to have higher risk scores compared to older patients
(Fig. 4A). However, further analysis revealed no significant
survival difference between high-risk and low-risk younger
patients, while a significant survival difference was observed
between high-risk and low-risk older patients (Fig. 4B-C).
Our analysis also confirmed that high-risk patients are more
likely to be associated with lymph node metastasis.
Subgroup survival analysis indicated that, regardless of
lymph node status, high-risk patients consistently have a
worse prognosis compared to low-risk patients (Fig. 4D-F).
A subgroup analysis based on tumor stage similarly showed
that high-risk patients tend to present with more advanced
tumor stages. High-risk patients also exhibited poorer
prognoses in advanced stages, although this trend was not
observed in early-stage breast cancer (Fig. 4G-I).

more

Low-risk patients are more sensitive to common chemotherapy
drugs

We selected 11 commonly used chemotherapy drugs from the
GDSC database (https://www.cancerrxgene.org/) (accessed on
25 September 2024) and analyzed the sensitivity of high-risk
and low-risk patients with TNBC to these drugs. No
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differences in sensitivity were observed for Cisplatin,
Dasatinib, Gefitinib, Lapatinib, Nilotinib, Sorafenib, and
Paclitaxel between the two groups (Fig. 5A-G). However,
compared to high-risk patients, low-risk patients appeared
to be more sensitive to Parthenolide, Docetaxel,
Doxorubicin, and Vinorelbine (Fig. 5SH-K).

Low-risk patients are more sensitive to immunotherapy

The ESTIMATE algorithm’s immune infiltration analysis
indicated that low-risk patients have higher immune
infiltration and stromal scores compared to high-risk
patients (Fig. 6A). The CIBERSORT algorithm results
suggested that high-risk patients exhibit higher infiltration
levels of M2 macrophages (Fig. 6B). Analysis of common
immune checkpoints revealed that low-risk patients have
relatively higher expression of immune checkpoints,
suggesting that they may benefit more from immunotherapy
(Fig. 6C). Additionally, analysis of the Imvigor 210 database,
using the IMvigor210CoreBiologies package (version 2.0.0),
showed that low-risk patients who received immunotherapy
had higher complete response (CR)/PR rates (Fig. 6D).

Signature-related genes predict immunotherapy response
accuracy

To enhance the clinical application of the model, we input the
six genes from the signature into various machine-learning
models to identify the best model for accurately predicting
immunotherapy response. The results indicated that the k-
nearest neighbors model (K = 2) achieved the best
predictive performance, with a training set accuracy of
0.829, a test set accuracy of 0.643, and a training set area
under the curve (AUC) of 0.765 (Fig. 6E-F).

Discussion

Despite TNBC’s initial sensitivity to chemotherapy, early CR
does not correlate with OS, and relapse rates remain high
within  3-5 years. Neoadjuvant anthracycline-based
chemotherapy achieves a higher pCR in TNBC compared to
non-TNBC subtypes, yet metastatic relapse rates are
significantly higher. Immunotherapy, particularly ICIs such
as pembrolizumab [13], nivolumab [14], atezolizumab [15],
and ipilimumab [16], has shown promise in other cancers
and represents a hopeful strategy for TNBC. However, not
all patients with TNBC benefit from these new treatment
options [17], highlighting the importance of identifying
patient subgroups that are most likely to benefit from
different therapies.

Previous research has firmly established the link between
mitochondrial gene function and breast cancer progression
[18]. In TNBC, overexpression of mitochondrial ERP
(mitoERB) has been demonstrated to suppress tumor
proliferation, implying that mitoERp regulation may be
critical in preventing recurrence and developing targeted
therapies for TNBC [18]. Our study identified PDE2A,
NT5DC2, ACSM5, RECQL4, BCL2A1, and COX7B2 as
pivotal genes closely linked to OS in TNBC patients.
PDE2A, a phosphodiesterase responsible for regulating
mitochondrial respiration and mitogenic clearance [19], is
highly expressed in TNBC but is downregulated following
NAC [20]. Notably, another independent TNBC cohort also
exhibited PDE2A downregulation [19], suggesting that the
discrepancy may stem from TNBC’s inherent heterogeneity.
NT5DC2, encoding the 5’-nucleotidase domain-containing
protein 2, plays a role in nucleotide metabolism [21].
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Research has demonstrated that NT5DC2 is upregulated in
TNBC, promoting tumor progression and neuropathic pain
through interactions with the epidermal growth factor
receptor (EGFR) to activate downstream signaling.
Knockdown of NT5DC2 in TNBC cells reduces
proliferation, migration, invasion, and metabolic activity,
while also inhibiting tumor growth and neuropathic pain in
mouse models by deactivating the EGFR pathway [19].
ACSM5, a member of the Acyl-CoA Synthetase (ACS)
enzyme family, was previously identified via TCGA data as
a significant breast cancer biomarker, with reduced
expression in malignant tissues [22]. In our study, which
integrates TCGA and GSE58812 data, ACSM5 was re-
evaluated and confirmed as a risk factor influencing TNBC
survival, underscoring the unique biological aspects of
TNBC captured by our comprehensive genetic and
phenotypic dataset. Furthermore, the 6-gene signature
identified in our study effectively stratifies TNBC patients
into high- and low-risk groups, with low-risk patients

exhibiting significantly better prognoses and demonstrating
superior predictive accuracy compared to previously
established signatures [23]. Functional annotation of the
DEGs between the two risk groups revealed enrichment in
metabolic-related  biological processes and pathways.
Collectively, these studies, along with our findings,
underscore the involvement of mitochondrial-related genes
in TNBC onset and progression, and their association with
disease prognosis.

Recent studies have underscored the pivotal role of
mitochondria in promoting tumor chemoresistance,
particularly through mechanisms involving dynamin-related
protein 1 and high-mobility group box 1 protein [24,25].
While drugs such as atovaquone have demonstrated
potential in enhancing chemosensitivity by targeting
mitochondrial respiration, the specific relationship between
mitochondria and chemoresistance in breast cancer remains
insufficiently explored. Our study, in addition to its capacity
to predict survival outcomes, identified that a risk score
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based on a six-gene signature that correlates with the ICs,
values of traditional chemotherapy drugs, including
Docetaxel, Doxorubicin, Parthenolide, and Vinorelbine.
Notably, patients classified in the low-risk group exhibited
greater sensitivity to these treatments, consistent with their
superior OS compared to those in the high-risk group.
These findings suggest that our model could be instrumental
in identifying TNBC patients likely to benefit from
traditional chemotherapy in future clinical practice,
representing a significant advancement in personalized
cancer treatment.

Immunotherapy has extended survival across various
tumor types and offers a promising treatment approach for
TNBC. Among the most effective immunotherapeutic
strategies are immune ICIs, which target checkpoints such
as PD-L1 and PD-1, thereby enhancing the cytotoxicity and
proliferation of tumor-infiltrating immune cells [26].
However, translating these findings into clinical practice
remains challenging. The phase II KEYNOTE-086 study
(NCT02447003) reported an objective response rate of only
5.3% among 170 patients with PD-L1-unselected, previously
treated tumors [27], highlighting that a substantial
proportion of patients did not benefit from the treatment.
This underscores the need to explore the mechanisms
influencing immunotherapy efficacy and to identify
biological markers that can predict treatment outcomes.

Immune metabolism, an emerging concept, refers to the
influence of the metabolic state of immune cells on their
functional output within the TME, which in turn affects the
therapeutic impact of immunotherapy on tumors [28]. A
prognostic model based on mitochondrial metabolism-
related genes (MMRGs) has established a significant
association between 12 MMRGs and breast cancer survival,
identifying the MMRG risk score. This model revealed that
patients in the low-risk group exhibited higher immune
activity and increased sensitivity to specific chemotherapy
drugs, suggesting the potential for personalized therapeutic
strategies based on MMRG profiles [29]. Unlike the study
mentioned, our approach not only employs mitochondrial-
related signatures to predict treatment responses but also
further investigates immune infiltration and common
immune cell checkpoints associated with different risk
scores. This provides novel insights into the immunotherapy
of TNBC. Our findings indicate that a higher abundance of
immune cells and lower levels of M2 macrophages are both
linked to a better prognosis, consistent with previous studies
[30]. Notably, the low-risk group in our study demonstrated
higher expression of immune checkpoints, including CD274
(PD-L1), CD47, CTLA4, and PDCDI1 (PD-1). Despite the
immunosuppressive environment induced by immune
checkpoints, TNBC has been identified as a key target for
immunotherapy [31]. Additionally, research has shown that
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FIGURE 6. Immune infiltration analysis of high- and low-risk groups in the model and drug sensitivity prediction of model genes. Compared
to high-risk patients, the low-risk patient has higher immune infiltration with higher Macrophages M2 infiltration (A, B). Low-risk patients
have positive expression with immune checkpoints, (C) and get more CR/PR rates (D) from ICIs therapy. k-nearest neighbors (KNN) model
(K = 2) achieved the best predictive performance, with a training set accuracy of 0.829, testing set accuracy of 0.643, to predict the immune

therapy response (E, F).

PD-L1 can serve as a favorable prognostic marker for patients
with early-stage TNBC, and its elevated expression in residual
disease following NAC suggests a strong potential for using
immune checkpoint inhibitors in the post-neoadjuvant
treatment setting [32]. To reconcile these seemingly
contradictory conclusions, scholars have suggested that
while certain immune markers such as PD-1, PD-L1, and
OX40L expressed in immune cells correlate with longer
progression-free survival (PFS), OX40 expression in tumor
cells is associated with shorter PFS [33]. The differential
expression of these markers across various cell types, leading
to varying prognoses, may explain our results. However, it is
evident that due to the high expression of immune
checkpoints, patients in the low-risk group are more likely
to benefit from ICI treatment. This conclusion has been
validated through the model we constructed, demonstrating
the potential efficacy of tailored immunotherapy approaches
based on immune profiling.

In summary, we developed a model based on
mitochondrial-related gene signatures that not only predicts
patient prognosis but also forecasts the efficacy of traditional
chemotherapy and immunotherapy, thereby aiding in
treatment stratification. The model exhibited robust
predictive capabilities. However, our study has several
limitations. First, TNBC is a highly heterogeneous tumor,
and the stability and validity of our model require further
validation in larger and more diverse cohorts. Second, given
the complexity of the TME, our study’s reliance on bulk

RNA data precluded the evaluation of gene expression
differences at the single-cell level. This limitation prevents
the discrete analysis of immune checkpoint markers in
tumor cells vs. those in the TME, potentially introducing
biases into our findings. Third, although our results suggest
a role for mitochondrial-related genes in the progression
and treatment response of TNBC, the precise mechanisms
underlying these associations require further experimental
validation.

Conclusion

We identified resistance-related features from ultrasound
images and integrated them with genomic data, enabling
effective risk stratification of patients and prediction of the
efficacy of NAC and immunotherapy in TNBC.
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