
ARTIC
LE

 IN
 PRESS

Article in Press

Circulating plasma gelsolin and MRI-based 
radiomics as biomarkers of platinum resistance 
in epithelial ovarian cancer: building a 
multiparameteric prediction algorithm

Journal of Ovarian Research

Received: 26 May 2025

Accepted: 10 November 2025

Cite this article as: Gerber E., Singh R., 
Hwang C.N. et al. Circulating plasma 
gelsolin and MRI-based radiomics as 
biomarkers of platinum resistance in 
epithelial ovarian cancer: building a 
multiparameteric prediction algorithm. 
J Ovarian Res (2025). https://doi.
org/10.1186/s13048-025-01906-w

Emma Gerber, Rahul Singh, Cheuk Nam Hwang, Lei Cai, Alice S. T. Wong, Dylan 
Burger, Karen K. L. Chan, Benjamin K. Tsang & Elaine Y. P. Lee

We are providing an unedited version of this manuscript to give early access to its 
findings. Before final publication, the manuscript will undergo further editing. Please 
note there may be errors present which affect the content, and all legal disclaimers 
apply.

If this paper is publishing under a Transparent Peer Review model then Peer 
Review reports will publish with the final article.

https://doi.org/10.1186/s13048-025-01906-w

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International 
License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate credit 
to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material. You do 
not have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the 
article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain 
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.

https://doi.org/10.1186/s13048-025-01906-w
https://doi.org/10.1186/s13048-025-01906-w
https://doi.org/10.1186/s13048-025-01906-w
http://creativecommons.org/licenses/by-nc-nd/4.0


ARTIC
LE

 IN
 PR

ES
S

1

1 Circulating plasma gelsolin and MRI-based radiomics as biomarkers 

2 of platinum resistance in epithelial ovarian cancer: building a 

3 multiparameteric prediction algorithm

4

5 *Emma Gerber1,2,3,4, *Rahul Singh4, Cheuk Nam Hwang4, Lei Cai5, Alice S.T. 

6 Wong5, Dylan Burger1,2, **Karen K.L. Chan3, **Benjamin K. Tsang1,2,6, 

7 **Elaine Y.P. Lee4

8

9 1. Inflammation and Chronic Disease Program, Ottawa Hospital Research 

10 Institute, Ottawa, ON, Canada.

11 2. Department of Cellular and Molecular Medicine, Faculty of Medicine, 

12 University of Ottawa, Ottawa, ON, Canada.

13 3. Department of Obstetrics and Gynaecology, School of Clinical Medicine, 

14 LKS Faculty of Medicine, University of Hong Kong, Hong Kong (SAR), 

15 People’s Republic of China.

16 4. Department of Diagnostic Radiology, School of Clinical Medicine, LKS 

17 Faculty of Medicine, University of Hong Kong, Hong Kong (SAR), People’s 

18 Republic of China.

19 5. School of Biological Sciences, University of Hong Kong, Hong Kong (SAR), 

20 People’s Republic of China

21 6. Department of Obstetrics and Gynecology, Faculty of Medicine, University 

22 of Ottawa, Ottawa, ON, Canada.

23

ACCEPTED MANUSCRIPTARTICLE IN PRESS



ARTIC
LE

 IN
 PR

ES
S

2

24 *Authors contributed equally

25

26 **Corresponding authors

27 Dr. Elaine YP Lee, Department of Diagnostic Radiology, School of Clinical 

28 Medicine, LKS Faculty of Medicine, University of Hong Kong, HKSAR, China; 

29 Tel: +852 2255-3307; Email: eyplee77@hku.hk 

30

31 Dr. Benjamin K Tsang, Inflammation and Chronic Disease Program, Ottawa 

32 Hospital Research Institute, The Ottawa Hospital (General Campus), Ottawa, 

33 Canada K1H 8L6; Tel: 1-613-798-5555 ext 72926; Email: btsang@ohri.ca

34

35 Dr. Karen KL Chan, Department of Obstetrics and Gynecology, School of 

36 Clinical Medicine, LKS Faculty of Medicine, University of Hong Kong, 

37 HKSAR, China; Tel: +852-2255-4517; Email: kklchan@hku.hk 

ACCEPTED MANUSCRIPTARTICLE IN PRESS

mailto:eyplee77@hku.hk
mailto:btsang@ohri.ca
mailto:kklchan@hku.hk


ARTIC
LE

 IN
 PR

ES
S

3

38 Abstract:

39 Background: Resistance to platinum-based chemotherapy in epithelial 

40 ovarian cancer (EOC) patients is a barrier to disease management. Currently, 

41 there are no biomarkers to predict chemoresistance. Plasma gelsolin (pGSN) 

42 in circulating small extracellular vesicles (sEV) has previously been shown to 

43 predict chemoresistance in treatment-naïve EOC. Here, we expand upon sEV-

44 pGSN as biomarker by incorporating MRI-based radiomics to improve the 

45 prediction of chemoresistance in EOC patients. 

46

47 Methods: In this retrospective study, we used serum from 37 EOC patients 

48 with paired baseline MRI from the University of Hong Kong between 2016 

49 and 2020. sEVs were isolated from serum samples using differential 

50 centrifugation and characterized by nanoparticle tracking analysis, western 

51 blotting, and transmission electron microscopy. Total pGSN and sEV-pGSN 

52 were quantified using sandwich ELISA. Radiomic features were extracted 

53 from the primary tumour on the MRI T2-weighted images (T2), apparent 

54 diffusion coefficient (ADC) maps (b=0,400,800 s/mm2), and post-contrast 

55 images (PC). Highly correlated features (Spearman correlation coefficient of 

56 >0.85) were removed and repeatable features selected using elastic-net 

57 regression. Grid-search 10-fold SCVs was utilized to optimize the hyper-

58 parameters of the K-Nearest Neighbor (ADC and T2+ADC+PC), Gaussian 

59 Naïve Bayes (T2), Linear Discriminant Analysis (PC), and Support Vector 
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60 Machine (T2 + ADC) classifiers to build the prediction models, including total 

61 and sEV-pGSN.

62

63 Results: Among the 37 EOC patients (5611 years old), 65% presented at 

64 advanced stage (FIGO III-IV, n=24). Thirty-one patients were chemosensitive 

65 and six were chemoresistant (progression free interval <12 months). The 

66 combination of total and sEV-pGSN could predict chemoresistance (AUC = 

67 0.591), however the inclusion of MRI radiomic features improved the test 

68 performance. The prediction model based on total pGSN, sEV-pGSN, and 4 

69 selected T2 radiomic features showed the best performance in predicting 

70 chemoresponsiveness with the following mean performance metrics: AUC 

71 (0.973), sensitivity (0.833), specificity (0.968) and accuracy (0.946). 

72

73 Conclusion: Our prediction model using total and sEV-pGSN and T2 features 

74 demonstrated excellent diagnostic ability in predicting chemoresistance in 

75 EOC patients, which could be used to facilitate alternate tailored 

76 therapeutics. Building on this work in larger multicentre studies will further 

77 validate these findings and clarify the utility of a combined radiomics/EV 

78 biomarker approach to chemoresistance prediction in EOC.

79

80 Key words: Epithelial ovarian cancer, small extracellular vesicles, plasma 

81 gelsolin, magnetic resonance imaging, radiomics, chemoresistance, 

82 biomarkers.
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83 Background:

84 Platinum-based chemotherapy is part of the first-line treatment for 

85 epithelial ovarian cancer (EOC) (1). Although it is expected that most patients 

86 will eventually develop resistance to chemotherapy (2), there is no clinical 

87 biomarker to guide clinical management of the disease. CA125 is the 

88 biomarker used to monitor disease progression and platinum sensitivity 

89 during and after treatment (3), but it is unable to predict responsiveness in 

90 chemo-naïve patients. While many studies investigating methods to predict 

91 chemoresistance have been reported in the context of response monitoring 

92 during treatment (4), this information is too late for clinical management. 

93 Rather, we should be aiming to prevent subjecting non-responsive patients to 

94 these toxic substances with systemic effects that compromise quality of life 

95 (5). By identifying biomarkers of platinum-resistance in chemo-naïve patients, 

96 we hope to enable the ability for physicians to offer individualized treatment 

97 options, thus improving their survival outcomes.

98

99 The use of liquid biopsy biomarkers offers useful information in 

100 personalized care for cancer patients through minimally invasive sample 

101 collection (6). Such biomarkers are particularly of interest for cancer 

102 diagnosis, progression monitoring, and guiding therapeutic approaches (6). 

103 Our group has highlighted plasma gelsolin (pGSN), a secreted actin binding 

104 protein, as a circulating biomarker of EOC. We have shown its utility in 

105 predicting stage of disease and residual disease, as well as 
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106 chemoresponsiveness in chemo-naïve patients (7,8). At the cellular level, 

107 pGSN is secreted from chemoresistant EOC cells in small extracellular 

108 vesicles (sEVs), which confer resistance in neighbouring chemosensitive EOC 

109 cells (9). Indeed, we were able to demonstrate that when circulating sEV-

110 pGSN was considered alongside total circulating pGSN, that they contributed 

111 to efficient prediction of chemoresponsiveness (sensitivity of 74% and 

112 specificity 72%) (8). 

113

114 Diagnostic imaging, such as magnetic resonance imaging (MRI), 

115 computed tomography (CT), and ultrasound, is part of the standard 

116 diagnostic algorithm for EOC patients. These offer valuable information on 

117 the characteristics of ovarian masses, including size, presence of necrotic 

118 tissue, and ascites (10). Radiomics is a field of study that takes advantage of 

119 this whole tumour imaging. From these images, quantitative features are 

120 extracted, and the resulting data is thought to reflect the pathophysiology of 

121 the tissue (11). Predictive models based on radiomic features have been 

122 shown to differentiate type I and type II EOC tumours (12). and high-grade 

123 vs non-high-grade serous adenocarcinoma (13). This highlights the utility of 

124 radiomics to distinguish between tumour differences at a molecular level (i.e., 

125 subtypes of EOC) using macroscopic imaging features. Whether MRI-based 

126 radiomics can assist in the prediction of chemoresistance in EOC remains to 

127 be shown.

128
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129 In this study, we have aimed to combine MRI-based radiomic features 

130 with the pre-established circulating total and sEV-pGSN to improve upon the 

131 prediction of chemoresistance in treatment-naïve EOC patients. 

132

133 Materials and Methods:

134 Patient samples

135 Serum samples for this retrospective study were collected from 

136 patients diagnosed with EOC at Queen Mary Hospital in Hong Kong between 

137 2016 and 2020. Serum collection was approved by the designated research 

138 ethics board (IRB # UW11-298) and patients provided written informed 

139 consent for their participation. Clotted blood samples were centrifuged at 

140 2000 rpm at 20°C (Thermo Scientific, Sorvall ST 40R) for 20 minutes. The 

141 serum was transferred to a 2mL tube and centrifuged again at 8000 rpm at 

142 4°C (Hitachi, CT15RE) for 10 minutes. The resulting serum was stored at -

143 20°C.

144

145 MRI scans from the patients whose serum had been collected were 

146 retrieved from the University of Hong Kong Department of Diagnostic 

147 Radiology database. These scans were obtained at baseline, before the 

148 patients had undergone any treatment. Examinations were performed on a 

149 3.0T-MRI platform with the same scanning parameters, which included: T2-

150 weighted imaging (T2), diffusion weighted imaging [DWI; b=0, 400, and 800 

151 s/mm2 were used to construct an apparent diffusion coefficient (ADC) map 
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152 for analysis], and post-contrast imaging (PC) (Table 1). Curation of these 

153 scans for the purpose of this study was approved by the designated research 

154 ethics board (IRB #UW18-607).

155

156 Table 1. Summary of MRI scanning parameters. TR: repetition time. TE: 

157 echo time. FOV: field of view. T2W1: T2-weighted imaging. DWI: diffusion 

158 weighted imaged.

Sequences Axial 
T2W1

DWI Contrast-enhanced 3D 
T1W1

Coverage Diaphragm 
to the 
groin

Diaphragm 
to the 
groin

Diaphragm to the groin

TR/TE (msec) 622/10 1210/53 3/1.4
FOV (cm) 1200 x 

1200
480 x 480 640 x 640

Matrix size 580 x 438 160 x 157 248 x 245
Slice Thickness 

(mm)
4 4 3

Receiver 
Bandwidth (kHz)

218 3004 724

159

160 Clinical information collected included histologic subtype, FIGO stage, 

161 progression free survival, overall survival, CA125 at diagnosis, 

162 chemotherapy, and surgical information. BRCA testing was only performed 

163 for 16 of the 37 patients included in the cohort. Other genetic testing, 

164 including TP53 and other homologous recombination deficiency (HRD) was 
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165 not performed routinely at the time that samples were collected, therefore 

166 that information is not available for this group. Likewise, KELIM scores were 

167 not recorded in Hong Kong during the study period, therefore we were unable 

168 to compare our prediction algorithm to this predictor. Overall survival and 

169 progression free survival (PFS) was defined as the time between diagnosis 

170 (based on the date of imaging) and death or recurrence, respectively. 

171 Recurrence was defined based on increasing levels of CA125. For the 

172 purposes of this study, we stratified patients into chemosensitive and 

173 chemoresistant groups based on a PFS of 12 months, where those who 

174 experienced recurrence prior to 12 months were considered chemoresistant.

175

176 Small EV Isolation

177 All phosphate buffered saline (PBS) used in the isolation of extracellular 

178 vesicles was first centrifuged at 100,000g for 2 hours and the top 90% 

179 fraction was saved for use. 100µL of serum from each patient was diluted in 

180 400µL of PBS and mixed well by pipetting. Samples were centrifuged at 

181 20,000g for 20 minutes to pellet any cellular debris and large EVs. The 

182 supernatant was reserved for the following centrifugation step and the pellet 

183 was discarded. The supernatant was transferred to a micro-ultracentrifuge 

184 tube and an additional 500uL of PBS was added. Samples were then 

185 centrifuged at 100,000g for 90 minutes using the CP100NX ultracentrifuge 

186 with the P50A3 rotor from Himac. Following centrifugation, the supernatant 

ACCEPTED MANUSCRIPTARTICLE IN PRESS



ARTIC
LE

 IN
 PR

ES
S

10

187 was carefully removed and discarded and the pellet was resuspended in 

188 500uL of PBS. All samples were stored at -80°C.

189  

190 Western blot

191 Isolated sEVs were lysed prior to western blot analysis. To do so, equal 

192 volumes of sEVs in PBS and 2X RIPA buffer (Millipore cat. # 20-188) were 

193 combined and incubated on ice for 30 minutes. Samples were then sonicated 

194 using a probe sonicator and incubated on ice for another 15 minutes. The 

195 samples were centrifuged at 12,000g for 30 minutes and the supernatant was 

196 reserved for western blot analysis. Samples were prepared in sample loading 

197 buffer (Cell Signaling Technology 3X Blue Loading Buffer and 30X reducing 

198 reagents, cat.#56036S) and heated to 100°C for 5 minutes prior to loading 

199 in a 10% SDS-acrylamide gel. A molecular weight ladder was included 

200 (BioRad, Precision Plus Protein Dual Color Standards, cat.#1610374). 

201 Electrophoresis was carried out at 100V for 30 minutes followed by 60 

202 minutes at 120V. BioRad 10X Tris/Glycine/SDS buffer was used as a running 

203 buffer (cat.#1610772). For the transfer, BioRad 10X Tris/Glycine buffer 

204 (cat.#1610771) was prepared with 20% methanol. PVDF membrane (BioRad, 

205 Immuno-blot PVDF membrane, cat.#1620177) was activated in methanol for 

206 30 seconds and then rinsed in water. The activated membrane, acrylamide 

207 gel, sponges, and filter paper were soaked in transfer buffer prior to the 

208 transfer. The wet transfer was run at 110V for 90 minutes on ice and at 4°C. 

209 The resulting membrane was stained with Ponceau stain and rinsed with 
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210 water to assess the success of the protein transfer. The membrane was then 

211 blocked with 5% bovine serum albumin (BSA) prepared in tris-buffered saline 

212 with Tween-20 (TBST) for 1 hour at room temperature. Finally, the proteins 

213 of interested were probed with primary antibodies overnight at 4°C. The 

214 following day, the membrane was washed two times for 5 minutes with TBST 

215 and then probed with the secondary antibody for 1 hour at room temperature. 

216 A final washing was performed three times for 15 minutes with TBST. The 

217 membrane was soaked in ECL (BioRad, Clarity Western ECL Substrate, 

218 cat.#1705061) for 1 minute. Blots were developed using X-ray film in a dark 

219 room. The antibodies used included the following: Calnexin, 1/1000 prepared 

220 in 5% BSA in TBST, negative sEV marker (Cell Signalling Technology, 

221 cat.#2679). CD9, 1/1000 in 3% BSA in phosphate-buffered saline with Tween-

222 20 (PBST), sEV marker (abcam, cat.# ab236630). TSG101, 1/1000 in 3% BSA 

223 in PBST, sEV marker (abcam, cat.#ab125011). Β-actin, cytosolic sEV marker 

224 (Invitrogen, cat.#MA5-15739). Secondary antibodies included: Donkey anti-

225 rabbit, 1/2000 in 5% BSA in TBST (Cytiva, cat.# NA934). Sheep anti-mouse, 

226 1/2000 in 5% BSA in TBST (Cytiva, cat. #NA931). See Figure 1A.

227
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228

229 Figure 1. Characterization of sEVs. (A) Western plot of isolated sEVs. CD9 

230 and TSG101 are sEV markers. β-actin is a cytosolic marker to confirm the 

231 isolation of intact EVs. Calnexin is a negative marker and should not be 

232 detected in EVs. (B) Size distribution curve of sEVs from nanoparticle 

233 tracking analysis. The expected size range of sEVs is 30-150nm. (C) Electron 

234 transmission microscopy images to visualize sEVs in the sample.

235

236 Nanoparticle tracking analysis
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237 To further validate the isolation of sEVs, we performed nanoparticle 

238 tracking analysis (NTA) to evaluate particle size. Briefly, isolated sEVs were 

239 diluted in ddH2O to a level that permitted a view of 100-200 particles per 

240 frame using the ZetaView nanoparticle tracking system (Particle Metrix, 

241 Germany) (14,15). We used size-mode analysis with ZetaView software 

242 (version 8.02.12) following calibration with polystyrene beads (105 and 500 

243 nm). Samples were analyzed at a minimum of 10 camera positions with 2-

244 second video length at 23°C. See Figure 1B.

245

246 Transmission electron microscopy 

247 Transmission electron microscopy (TEM) was used to further visualize 

248 the isolated sEVs. Here, 10µL of the resuspended sEVs were added to a 400-

249 mesh copper grid with carbon-coated formvar film. After a 2-minute 

250 incubation, the extra liquid was removed, and the grid was briefly placed on 

251 10µL of uranyl acetate. This was then washed twice with 100µL of MilliQ 

252 water. The dried EVs on the grid were visualized using a Philips CM100 

253 microscope. EVs were identified as structures with a lipid bilayer and a size 

254 between 100-200nm. See Figure 1C.

255

256 Enzyme-linked immunosorbent assay

257 To quantify total and sEV-pGSN from patient serum samples, we used 

258 sandwich enzyme-linked immunosorbent assay (ELISA). The human soluble 

259 plasma gelsolin sandwich ELISA kit from Aviscera Bioscience Inc. (SK00384-
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260 01) was used as per the manufacturer’s instructions. To measure total pGSN, 

261 samples were diluted by a factor of 15,000. For sEV-pGSN, lysed samples 

262 were and diluted by a factor of 100. Concentrations were measured using a 

263 standard curve with seven points (0.78-50ug/mL) in singlet and the blank 

264 optical density (OD) was subtracted from all samples. Intra-assay and inter-

265 assay precision are 4-6% and 4-9%, respectively. Total pGSN concentrations 

266 are reported in µg/mL while sEV-pGSN concentrations are reported in ng/mL.

267

268 Tumour segmentation on MR images

269 Segmentation, or outlining of the tumour on the MRI images, was 

270 performed manually using the segmentation tool on ITK-SNAP (16) (version 

271 4.0.1; http://www.itksnap.org/). This was done for each scan from all three 

272 MRI sequences. Segmentations were reviewed and confirmed by E.L., a 

273 board-certified radiologist with more than 15 years post-fellowship 

274 experience and clinical expertise in gynaecologic imaging. The volumes of 

275 interest (VOIs) were used for subsequent feature extraction.

276

277 Image perturbation

278 Due to the small sample size of 40 patients, we incorporated controlled 

279 image perturbations on both the images and their corresponding masks to 

280 synthetically increase the sample size. The objective of this step was to 

281 improve efficacy of feature selection for subsequent modeling. Four different 

282 types of perturbations were applied: rotation, scaling, shear, and zoom. 
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283

284 Rotation was applied along the z-axis within the axial (x, y) plane at 

285 angles of ±5° and ±10°, generating four variations per image. This was 

286 intended to simulate minor orientation shifts that could occur due to 

287 variability in patient positioning or acquisition protocols. Scaling 

288 transformations, with factors of 0.8, 0.9, 1.1, and 1.2, adjusted the image size, 

289 mimicking potential alterations in spatial resolution or voxel dimensions 

290 during acquisition. Shear transformations, with shear factors of 0.1 and -0.1, 

291 introduced geometric distortions by skewing the coordinate grid, simulating 

292 minor deformations due to equipment inconsistencies or motion. Zoom 

293 perturbations, applied with factors of 0.9 and 1.1, modified the focal scale, 

294 simulating changes in the field of view that may arise from variations in 

295 scanning protocols. With 12 image perturbations plus the original image, this 

296 increased our sample size 13-fold for each sequence.

297

298 Radiomics Feature Extraction

299 The radiomics features were extracted from the VOIs of the original 

300 images and their corresponding perturbed images using the open-source 

301 PyRadiomics package (version 3.0.1; 

302 http://www.radiomics.io/pyradiomics.html) (17), which is Image Biomarker 

303 Standardization Initiative compliant (18). For each MRI sequence, radiomic 

304 features were extracted using a bin width of 25, with seven distinct feature 

305 classes. These classes included shape, first-order statistics, gray-level co-

ACCEPTED MANUSCRIPTARTICLE IN PRESS

http://www.radiomics.io/pyradiomics.html


ARTIC
LE

 IN
 PR

ES
S

16

306 occurrence matrix (GLCM), gray-level size zone matrix (GLSZM), gray-level 

307 run-length matrix (GLRLM), gray-level dependence matrix (GLDM), and 

308 neighboring gray-tone difference matrix (NGTDM) features. Beyond these 

309 primary features, advanced texture features were generated through the 

310 application of Laplacian of Gaussian filters (with σ values ranging from 1 to 

311 5) and wavelet transformations, which yielded eight image decompositions. 

312 PyRadiomics extracted a total of 1151 features from each MRI sequence for 

313 every patient. After eliminating irrelevant features, 1106 radiomics features 

314 remained for subsequent analysis. These features were standardized using 

315 the z-score method before feature selection to assure a similar scale amongst 

316 all features. 

317

318 Feature Reduction and Selection

319 Once the radiomic features were extracted, highly correlated features 

320 were eliminated by Spearman rank correlation using threshold of 0.85. This 

321 step led to the retention of 68, 55, and 56 features for T2, ADC, and PC 

322 images, respectively. To identify highly repeated and reproducible features 

323 that could potentially contribute to the prediction of chemoresistance, we 

324 employed elastic net regression, which was conducted 100 times with 5-fold 

325 cross-validation, yielding 500 iterations. Features that were selected in over 

326 300 of these iterations were retained for the subsequent step of feature 

327 selection. Thereafter, the Mann-Whitney U test was conducted to evaluate 

328 the statistical significance of the retained features, with a significance 
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329 threshold set at p < 0.05. This approach resulted in the selection of 4, 5, and 

330 4 significant features for the T2, ADC, and PC sequences, respectively. The 

331 feature reduction and selection steps were also applied to the combined 

332 sequences. The initially extracted 1106 radiomics features from each imaging 

333 sequence were pooled for joint feature reduction and selection. For the 

334 T2+ADC model, 11 statistically significant features (6 from T2 and 5 from 

335 ADC) were identified, while the T2+ADC+PC model yielded 6 features (2 

336 from T2, 3 from ADC, and 1 from PC). The sEV-pGSN, as well as 

337 predetermined CA125 were also subjected to Mann-Whitney U test. Both 

338 measures of pGSN were found to be statistically significant, while CA125 was 

339 not. Consequently, CA125 was excluded from the following predictive 

340 modelling. 

341

342 Machine Learning-Based Model Building

343 We trained and evaluated the performance of different machine 

344 learning (ML) base classifiers, including Logistic Regression (LR), K-Nearest 

345 Neighbors (KNN), Gaussian Naive Bayes (GNB), Support Vector Machines 

346 (SVMs) and Linear Discriminant Analysis (LDA) using 10-fold cross validation 

347 (CV) for predicting chemoresponsiveness in EOC patients. Each classifier was 

348 trained on every MRI sequence and combined sequences utilized respective 

349 statistically significant features including total pGSN and sEV-pGSN. The 

350 predictive performance was quantified by evaluating the AUC, accuracy, 

351 sensitivity, and specificity. To improve the predictive performance and avoid 
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352 potential overfitting, Grid-search CV was applied in the best performing base 

353 classifier, which searches the hyperparameter space for optimal 

354 combinations of the hyperparameters.

355

356 Results

357 Patient demographics

358 In this cohort of patients, we had paired serum samples and MRI scans 

359 from 37 patients with EOC. All patients underwent carboplatin 

360 chemotherapy, and serum samples and MRI were collected prior to any 

361 treatment. The two histologic subtypes accounting for most cases were clear 

362 cell carcinoma (CCC, 38%) and high-grade serous carcinoma (HGSC, 27%). 

363 Approximately 2/3 of patients had late-stage cancer, including 43% and 22% 

364 with FIGO stage 3 and 4, respectively. BRCA testing was only performed for 

365 16 of the 37 patients, of which 5 tested positive. Chemoresponsiveness was 

366 stratified by a PFS of 12 months, in which patients who experienced 

367 recurrence before 12 months were considered resistant to chemotherapy, 

368 while those with recurrence after 12 months were chemosensitive. For this 

369 group, 84% of patients were chemosensitive and 16% chemoresistant. All but 

370 one patient underwent cytoreductive surgery. The patient who did not 

371 receive surgery had stage 3 clear cell carcinoma and experienced disease 

372 progression on chemotherapy. Therefore, this was not followed by 

373 cytoreduction. A breakdown of these patient characteristics can be seen in 

374 Table 2.
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375

376 Table 2. Patient demographics. FIGO: International Federation of 
377 Gynecology and Obstetrics.
378

Characteristics Number 
(n=37)

Percentage 
(%)

Age (range: 31-82, mean 
56)
<56
≥56

18
19

48
52

Histopathologic Subtype
High grade serous
Low grade serous
Endometrioid
Mucinous
Clear cell
Mixed
Other

10
0
5
1

14
2
5

27
0

13.5
3

38
5

13.5
FIGO Stage
1
2
3
4

10
3

16
8

27
8

43
22

Progression Free Survival
< 12 months
> 12 months

6
31

16
84

Chemotherapy
Neo-adjuvant
Adjuvant

12
25

32
68

Response to chemotherapy
Complete response 32 86
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Progressive disease
Stable disease
Not reported

3
1
1

8
3
3

Cytoreductive surgery
Surgery
No surgery

36
1

97
3

Surgical outcome
Complete cytoreduction
Residual disease
Not applicable

28
8
1

75.5
21.5

3
379

380 Total and sEV-pGSN levels in chemoresistant patients

381 To compare pGSN between chemoresistant and chemosensitive 

382 patients, we quantified total and sEV-pGSN in the serum samples of all 

383 patients. We found that total pGSN tended to be lower in chemoresistant 

384 (mean±SEM: 113.45±22.40µg/mL) compared to chemosensitive patients 

385 (mean±SEM: 145.07 ±13.81µg/mL), although this finding was not 

386 statistically significant (p=0.259; Figure 2A). This trend was also seen when 

387 comparing sEV-pGSN, although still with no statistically significant 

388 difference (mean±SEM; sensitive: 639.45 ±104.18 µg/mL; resistant: 355.46 

389 ±112.40 µg/mL. p=0.215; Figure 2B). When comparing receiver operating 

390 characteristic curves (ROC), the combination of total and sEV-pGSN showed 

391 a higher area under the curve (AUC) compared to each individual metric 

392 (combination: 0.591, total: 0.527, sEV: 0.543; Table 3). Despite these 

393 improved performance metrics for the combined pGSN prediction model, 

394 there was no statistically significant difference between these models 
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395 (combined vs. total pGSN: p=0.575; combined vs. sEV-pGSN: p=0.674) 

396 (Table 4). 

397

398

399 Figure 2. Total and sEV-pGSN tend to be lower in chemoresistant 

400 patients. (A) Quantification of total pGSN from patient serum samples of 

401 chemosensitive (PFS>12 months) and chemoresistant (PFS<12 months) 

402 patients. (B) Quantification of sEV-pGSN from patient serum samples of 
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403 chemosensitive and chemoresistant patients. (C) ROC curve comparing 

404 sensitivity and specificity of total pGSN, sEV-pGSN, and their combination.
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405 Table 3. Performance of pGSN and T2 radiomic models. 

Model AUC Sensitivity Specificity Accuracy
Total pGSN 0.527 0.720 0.417 0.474
sEV-pGSN 0.543 0.600 0.524 0.511

Total pGSN + sEV-pGSN 0.591 0.600 0.591 0.568
T2 only 0.903 0.790 0.903 0.885

T2 + total pGSN 0.919 0.790 0.927 0.905
T2 + sEV-pGSN 0.946 0.790 0.920 0.898

T2 + total pGSN+ sEV-
pGSN

0.973 0.833 0.968 0.946

406

407 Table 4. Statistical comparison of pGSN and T2 radiomic models. 

T2 only sEV-
pGSN

Total 
pGSN

Total pGSN
+ sEV-
pGSN

T2 + sEV-
pGSN

T2 + 
total 
pGSN

T2 + total 
pGSN +

sEV-pGSN
T2 only NA

sEV-pGSN p<0.001 NA
Total pGSN p<0.001 0.889 NA

Total pGSN + sEV-pGSN p<0.001 0.674 0.575 NA
T2 + sEV-pGSN 0.482 p<0.001 p<0.001 p<0.001 NA
T2 + total pGSN 0.807 p<0.001 p<0.001 p<0.001 0.644 NA

T2 + total pGSN + sEV-
pGSN 0.207 p<0.001 p<0.001 p<0.001 0.556 0.302 NA
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409 Predictive modelling of chemoresistance with MRI-based radiomics

410 Using MRI-based radiomic features, total pGSN, and sEV-pGSN, we 

411 generated predictive models of chemoresistance for all three MRI sequences 

412 and their combination (Figure 3). The T2 with total and sEV-pGSN 

413 outperformed the ADC and PC models with higher sensitivity, specificity, and 

414 accuracy (Table 5). To better understand how the combination of features 

415 from different MRI sequences would impact the prediction algorithm, we 

416 repeated the machine learning with the selected sequence features. The 

417 T2+ADC+PC model outperformed the ADC and PC models alone, but not the 

418 individual T2 model (Table 5). Given lower performance of the PC features 

419 alone in predicting chemoresistance, we generated a T2+ADC model to avoid 

420 a combined model being negatively skewed by the PC features. This model 

421 performed similarly to its individual sequences. While the combined 

422 T2+ADC+PC model was not statistically different from the T2 model alone 

423 (p=0.214), the elevated AUC and fewer model parameters encouraged our 

424 further analysis  with the T2 model alone (Table 6). Compared to the 

425 combined total and sEV-pGSN prediction model, the inclusion of T2 radiomic 

426 features significantly improved the test performances, including AUC, 

427 sensitivity, specificity, and accuracy (Figure 4A, Table 3). The combined 

428 model also outperformed the algorithm that considered T2 features alone, 

429 however not statistically significantly (Table 4). 

430
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431

432 Figure 3. Radiomics pipeline. Tumours from individual MR images were 

433 delineated and image perturbation was used to synthetically increase the 

434 sample size for feature extraction. Statistically important features for 

435 predicting chemoresistance were selected for model building. The 

436 performance of the model in predicting responsiveness to chemotherapy was 

437 evaluated.

ACCEPTED MANUSCRIPTARTICLE IN PRESS



ARTIC
LE

 IN
 PR

ES
S

26

438
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439 Table 5. Performance of radiomic models including total and sEV-pGSN. T2: T2-weighted 

440 imaging. ADC: apparent diffusion coefficient. PC: post contrast.

Sequence AUC Sensitivity Specificity Accuracy No. of model
parameters

T2 0.973 0.833 0.968 0.946 6
ADC 0.914 0.880 0.822 0.831 7
PC 0.855 0.820 0.800 0.804 6

T2 + ADC 0.946 0.720 0.976 0.933 13
T2 + ADC + 

PC
0.941 0.840 0.960 0.940 8

441

442 Table 6. Statistical comparison of radiomic models including total and sEV-pGSN. T2: T2-

443 weighted imaging. ADC: apparent diffusion coefficient. PC: post contrast.

T2 ADC PC T2 + ADC T2 + ADC + 
PC

T2 N/A
ADC p<0.001 N/A
PC p<0.001 p<0.001 N/A

T2 + ADC p<0.001 p<0.001 p<0.001 N/A
T2 + ADC + 

PC
0.214 0.058 p<0.001 0.317 N/A
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445

446

447 Figure 4. The combination of T2 radiomics and total and sEV-pGSN 

448 have the best performance in predicting chemoresistance.  (A) ROC 

449 curve comparing the sensitivity and specificity of total pGSN, sEV-pGSN, T2 

450 radiomic features alone, and their combination. (B) SHAP (SHapley Additive 

451 exPlanations) values for variable included in the final T2+total pGSN+sEV-

452 pGSN model to predict chemoresponsiveness in EOC patients.

453
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454 Discussion

455 In this pilot exploratory study, we have demonstrated that the inclusion 

456 of MRI-based radiomics with circulating total and sEV-pGSN provides the 

457 best prediction of chemoresistance in EOC patients. Notably, the samples 

458 used in this investigation included serum collected from chemo-naïve patients 

459 and MRI scans taken at baseline and could help to guide therapeutic options 

460 in a first-line setting. It is anticipated that 80% of EOC patients will 

461 experience recurrence, and approximately one third of patients are resistant 

462 to first-line platinum-based chemotherapy (19,20). Therefore, a clinical tool 

463 to predict whether patients will respond to first line therapy could open doors 

464 to more personalized treatment with greater chance for treatment response.

465

466 We demonstrated that total circulating pGSN and sEV-pGSN tend to be 

467 lower in chemoresistant compared to chemosensitive patients in this cohort. 

468 In our previous study, we observed a decrease in total pGSN in 

469 chemoresistant patients (8), aligning well with our current results. We 

470 believe that this measure of pGSN is reflective tissue damage in the body. 

471 Several publications have indicated an association between decreased pGSN 

472 and increased disease severity, including in hospitalizations (21), sepsis (22), 

473 and COVID-19 (23). Given the role of pGSN in actin clearance (22), it could 

474 be hypothesized that in the case of systemic tissue damage, pGSN might be 

475 depleted through clearance of actin. In alignment with this hypothesis, we 

476 found that tumour elongation and flatness were predictive of 
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477 chemoresistance (Figure 4B). There is an association between 

478 chemoresistance and aggressive tumours (24). This relationship has also 

479 been observed in other radiomic studies. For example, both flatness and 

480 elongation were associated with invasiveness in bladder cancer (25). 

481 Elongation was associated with Ki67 staining, a marker of cell proliferation, 

482 in lung tumours (26). Moreover, in a CT-based radiomic study on omental 

483 lesions in high grade-serous EOC patients, elongation was positively 

484 associated with response to neoadjuvant chemotherapy (27). Rapidly 

485 progressing and invasive tumours could increase damage to neighbouring 

486 healthy tissue, thus relating to decreased circulating pGSN. Ultimately, we 

487 propose that pGSN and these macroscopic radiomic features are 

488 complementary in their representation of disease severity, which is 

489 associated with chemoresistance. We believe this complementarily 

490 contributes to the improved prediction algorithm when pGSN and radiomic 

491 features are combined.

492

493 Contrary to our previous study, sEV-pGSN tended to be lower in 

494 chemoresistance patients in the current cohort, compared to increased sEV-

495 pGSN in the prior cohort (8). In our 2023 study, we proposed that increased 

496 sEV-pGSN in chemoresistant patients was reflective of chemoresistant EOC 

497 cells that secrete more pGSN in their EVs. A possible contributor to the 

498 opposing finding in this cohort is the use of serum samples, compared to the 

499 previous use of plasma. Serum is the liquid collected from blood after the 
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500 sample has undergone coagulation, while plasma is the liquid collected from 

501 blood that was collected in the presence of an anticoagulant. During the 

502 coagulation process, platelets are known to secrete many EVs, which changes 

503 the composition of the EVs in in serum compared to plasma (28). We expect 

504 that such an increase in overall EVs in the sample might overshadow those 

505 from the tumour and could explain the difference between study cohorts. 

506 Identifying the tumour-EVs in the isolated sEVs would allow us to better 

507 conclude the impact of using plasma or serum. Standardization of the sample 

508 type used in this assay will ensure the validity of the test result. Another 

509 notable difference between our studies is geographical location and therefore 

510 the ethnicity of included patients. A 2017 publication highlighted the 

511 different trends in incidence of different histological subtypes of EOC in 

512 different countries. Importantly, the rates of clear cell carcinoma is elevated 

513 in many Asian countries compared to Canada and the United States of 

514 America, where serous carcinoma is more common (29). This is reflected in 

515 our own study cohorts, where the majority of patients from the Canadian 

516 study had serous EOC (8), but more than half of the Hong Kong cohort had 

517 clear cell carcinoma (Table 2). These differences in the composition of 

518 histological subtypes between studies could also contribute to the differences 

519 in results. A larger study population representing various ethnicities and 

520 histologic subtypes could address possible differences between populations.

521
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522 The greatest limitation of this study was the small sample size. When 

523 using large datasets, such as in radiomic analysis, it is important to use 

524 sufficiently large sample sizes for the results to be generalizable to a larger 

525 population. The consequence of a small sample size is possible overfitting, in 

526 which we cannot generalize our findings. To address this, we applied image 

527 perturbation for feature selection, allowing us to synthetically increase the 

528 sample size (30). More specifically, we were able to increase our sample size 

529 13-fold by generating MRI images that were slight deviations of the original, 

530 accounting for real-life variability. Additionally, when assessing the 

531 performance of the radiomics models, our selected model (T2-radiomics + 

532 total pGSN + sEV-pGSN) had fewer variables than the combined models. This 

533 further lowers the risk of overfitting by decreasing the computational 

534 complexity of the algorithm. Given the important risk of overfitting the model, 

535 we cannot conclude that the absolute values of the performance metrics of 

536 these models, such as AUC, sensitivity, or specificity, are translatable to a 

537 larger population. Rather, we hope to demonstrate the added value of 

538 considering both radiomic data and circulating biomarkers together to 

539 predict chemoresistance. To expand on this proof-of-concept study, a 

540 multicentre study with a larger sample size will enable us to more robustly 

541 apply machine learning and include internal and external validation sets, all 

542 while better representing heterogeneity in patient populations (31,32). 

543
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544 Few published studies have investigated the use of MRI-based 

545 radiomics for predicting chemoresistance and infrequently to predict survival 

546 (33). One recent example by Na et al. demonstrated that a prediction model 

547 combining radiomic features with clinical parameters improved performance 

548 of the prediction compared to radiomic features or clinical parameters alone 

549 (34). Our results align well with this finding, in which we included both 

550 radiomic features and blood biomarkers in our best performing algorithm. 

551 Indeed, we included these circulating biochemical markers (CA125, total 

552 pGSN, and sEV-pGSN) in the feature selection process. As anticipated, CA125 

553 was not selected as a statistically relevant variable in the model. This is not 

554 surprising, as many studies have shown that pre-treatment CA125 is not 

555 associated with chemoresistance (or survival, which is used to inform 

556 resistance clinically) in  EOC patients (8,35,36). Total and sEV-pGSN, 

557 however, were both selected with the radiomic features for inclusion in the 

558 prediction model. We found these to be influential variables for the 

559 algorithm’s decision making.

560

561 In the best performing model (T2-radiomics + total pGSN + sEV-

562 pGSN), we noted that the pGSN variables greatly enhanced the test 

563 specificity, improving our ability to capture those chemoresistant patients by 

564 decreasing the false-negative rate. These patients could be offered 

565 alternative therapeutic options or re-directed to clinical trials that they could 

566 benefit from, knowing that they are at risk of not responding to conventional 
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567 platinum-based chemotherapy. It is important, however, to recognize the 

568 limitations in the translation of radiomic and EV-based biomarkers to clinical 

569 settings. Radiomic analysis is computationally demanding and requires 

570 expertise for data processing, which is time consuming. These challenges are 

571 being addressed by groups focused on automating steps in the radiomics 

572 pipeline, such as image segmentation (37,38). Likewise, EV isolation required 

573 to measure sEV-pGSN is a labour intensive, low-throughput process. To 

574 address this, development of microfluidics devices are enabling faster and 

575 more pure EV isolation along with biomarker detection (39). Altogether, these 

576 ongoing research advancements will contribute to the successful translation 

577 of radiomic and EV-based biomarkers in clinical practice.

578

579 Conclusion

580 Taken all together, we have demonstrated that MRI-based radiomics 

581 showed promise to improve upon our prediction of chemoresistance in 

582 treatment-naïve EOC patients using total and sEV-pGSN in this pilot 

583 exploratory study. To the best of our knowledge, this is the first piece of 

584 literature using MRI radiomics in combination with circulating biomarkers to 

585 generate a predictive model of chemoresistance in EOC. We hope for this 

586 work to demonstrate the feasibility of generating a multiparametric 

587 algorithm that combines MRI-based radiomics with circulating biomarkers to 

588 predict chemoresistance. Our next steps will include building upon this in a 

589 prospective, multicentre study. Important considerations when establishing 
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590 this study will be the standardization of the type of biospecimen collected, 

591 collection of additional genomic data (i.e., BRCA status), and automated 

592 segmentation methods. The incorporation of this type of tool into the clinic 

593 will be critical in guiding personalized treatment for patients.
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594 List of abbreviations:

595 ADC: Apparent diffusion coefficient

596 AUC:  Area under the curve

597 BSA: Bovine serum albumin

598 CA125: Cancer antigen 125

599 CCC: Clear cell carcinoma

600 CT: Computed tomography

601 CV: Cross validation

602 DWI: Diffusion weighted imaging

603 ECL: Enhanced chemiluminescence

604 ELISA: Enzyme-linked immunosorbent assay

605 EOC: Epithelial ovarian cancer

606 EV: Extracellular vesicle

607 FIGO: International federation of gynecology and obstetrics

608 GLCM: Gray level co-occurrence matrix

609 GLDM: Gray level dependence matrix

610 GLRLM: Gray level run length matrix

611 GLSZM: Gray level size zone matrix

612 GNB: Gaussian naïve bayes

613 HGSC: High-grade serous carcinoma

614 HRD: Homologous recombination deficiency

615 KNN: K-nearest neighbour

616 LDA: Least discriminant analysis
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617 LR: Logistic regression

618 MRI: Magnetic resonance imaging

619 NGTDM: Neighbouring gray tone difference matrix

620 NTA: Nanoparticle tracking analysis

621 OD: Optical density

622 PBS: Phosphate buffered saline

623 PBST: Phosphate buffered saline-Tween 20

624 PC: Post contrast imaging

625 pGSN: Plasma gelsolin

626 PVDF: polyvinylidene difluoride

627 RIPA: Radioimmunoprecipitation assay buffer

628 ROC: Receiver operating characteristic

629 SCV: Stratified cross validation

630 SDS: Sodium dodecyl sulfate

631 SEM: Standard error of mean

632 sEV: Small extracellular vesicle

633 SVM: Support vector machines

634 T2: T2-weighted imaging

635 TBST: Tris-buffered saline-Tween 20

636 TEM: Transmission electron microscopy

637 VOI: Volume of interest
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