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Abstract

Introduction

According to the World Health Organization, the tall cell variant (TCV) is an aggressive sub-

type of papillary thyroid carcinoma (PTC) comprising at least 30% epithelial cells two to

three times as tall as they are wide. In practice, applying this definition is difficult causing

substantial interobserver variability. We aimed to train a deep learning algorithm to detect

and quantify the proportion of tall cells (TCs) in PTC.

Methods

We trained the deep learning algorithm using supervised learning, testing it on an indepen-

dent dataset, and further validating it on an independent set of 90 PTC samples from

patients treated at the Hospital District of Helsinki and Uusimaa between 2003 and 2013.

We compared the algorithm-based TC percentage to the independent scoring by a human

investigator and how those scorings associated with disease outcomes. Additionally, we

assessed the TC score in 71 local and distant tumor relapse samples from patients with

aggressive disease.

Results

In the test set, the deep learning algorithm detected TCs with a sensitivity of 93.7% and a

specificity of 94.5%, whereas the sensitivity fell to 90.9% and specificity to 94.1% for non-

TC areas. In the validation set, the deep learning algorithm TC scores correlated with a

diminished relapse-free survival using cutoff points of 10% (p = 0.044), 20% (p < 0.01), and

30% (p = 0.036). The visually assessed TC score did not statistically significantly predict sur-

vival at any of the analyzed cutoff points. We observed no statistically significant difference

in the TC score between primary tumors and relapse tumors determined by the deep learn-

ing algorithm or visually.
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Conclusions

We present a novel deep learning–based algorithm to detect tall cells, showing that a high

deep learning–based TC score represents a statistically significant predictor of less favor-

able relapse-free survival in PTC.

1. Introduction

Papillary thyroid carcinoma (PTC) has the most favorable outcome among all thyroid carcino-

mas, especially in young patients [1–3]. However, the tall cell variant (TCV) of PTC correlates

with a more aggressive disease and less favorable outcomes [4–6]. TCV is associated with a

greater risk of recurrence and further extra-thyroidal extensions [6–8]. The World Health

Organization (WHO) defines a TCV as a PTC containing at least 30% epithelial cells that are

two to three times as tall as they are wide with an abundant eosinophilic cytoplasm [9]. This

threshold percentage, however, remains debated. A TC score as low as 10% was previously

proposed as correlating with an adverse outcome [5, 10]. Yet, in other studies higher thresh-

olds for the TC score were reportedly needed to identify an adverse outcome, such as thresh-

olds of 30% [6], 50% [7], and 70% [11]. The debate regarding the TCV threshold causes

confusion among pathologists [12, 13].

The visual assessment of the TC composition through conventional microscopy remains a

subjective and time-consuming task, leading to high inter- and intra-observer variability dem-

onstrated through the reevaluation of tissue samples [3, 14]. Whole-slide imaging (WSI) and

computational methods allow for the quantitative analysis of increasingly complex morpho-

logical patterns. Deep learning–based algorithms have been used for a wide range of tasks,

from the detection of cell nuclei [15], mitoses [16], and tumor-infiltrating immune cells [17,

18], to more complex spatial pattern recognition within tumors [19, 20] and tumor grades

[21]. These methods can help tackle inter- and intra-observer variability and subjectivity when

analyzing tissue samples.

In this study, we evaluated the feasibility of a deep learning–based tissue segmentation

method to assess TCs in thyroid carcinomas. The process includes the segmentation of tumor

tissue as the first step, followed by the segmentation of the epithelium into TC and non-TC

areas and, thus, a TC percentage—thus, a TC score, can be calculated. Specifically, we aimed to

evaluate if deep learning (DL) methods can be applied to the quantification of the TC composi-

tion and how that correlates with TC scores assessed by human observers. By using this novel

TCV algorithm, we also studied the association between the TC score and PTC outcomes at

various cutoff points in a selected cohort of PTC patients. As a secondary aim of the study, we

analyzed 71 PTC relapse samples to study how the TC composition correlates to the morphol-

ogy in the primary tumors.

2. Methods

2.1. Patient series

2.1.1. Training series. The DL algorithm was trained using 100 whole-slide images

(WSIs) of hematoxylin and eosin (H&E) stained tissue samples originating from 100 separate

patients with PTC. Among these, 70 WSIs originated from a PTC cohort treated from 1973 to

1996 at the Helsinki University Hospital [2, 11]. To broaden the training dataset and improve

the generalizability of the trained algorithm, 30 additional PTC WSIs were added to the
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training series. These 30 WSIs were downloaded from The Cancer Genome Atlas (TCGA)

[22] (Fig 1), a vast publicly available database of information including genomic data and his-

tological WSIs of 33 different cancer types.

2.1.2. Validation series. We validated the trained DL algorithm on an independent case–

control cohort comprising 90 PTC patients treated at the Hospital District of Helsinki and

Uusimaa (HUS) between 01/01/2003 and 12/31/2013. The follow-up time ended in 12/31/

2018 and therefore allowed all included patients to have a follow-up of at least 5 years. Patients

with an adverse outcome (n = 34) were defined as PTC cases with at least two recurrences (his-

tological confirmation or serum thyroglobulin elevation during follow-up), distant metastases,

or patients who died from PTC. These adverse outcome patients were matched with 1 to 2

controls (n = 56) according to age (within 10 years), gender, and tumor stage (T stage). Micro-

carcinomas (<1 cm in diameter) were excluded from this cohort (Fig 1). Formalin-fixed paraf-

fin-embedded tissue blocks for all patients treated at HUS were retrieved and simultaneously

assessed by two researchers (SS and JA) using a multiview microscope. Based on these slides,

the most representative tissue block for each patient was selected. New tissue sections of these

representative blocks were cut and stained with H&E following standard procedures. The

H&E-stained slides were then digitized with a scanner (Pannoramic 250 FLASH 3DHISTECH

Ltd., Budapest, Hungary) equipped with a plan-apochromat at objective 20x (NA 0.8), a

CMOS camera (Adimec Q-12A-160Fc, Eindhoven, The Netherlands) with a pixel size of

0.2 μm/pixels and a 1.6 adapter. Following digitization of the slides, they were compressed into

a wavelet format (Enhanced Compressed Wavelet, ECW, ER Mapper, Intergraph, Atlanta,

GA, USA) with a compression ratio of 1:9 and imported to an image management platform

(Aiforia Create, Aiforia Technologies Oy, Helsinki, Finland). Patient follow-up time ranged

from 2.1 to 15.8 years (median 10.1 years). The median age at diagnosis was 41.0 years (stan-

dard deviation [SD] ± 16.2) in the adverse outcome group, 41.5 years (SD ± 14.1) in the control

group, and 41 years (SD ± 14.9) for the entire cohort. During follow-up, all 34 patients in the

adverse outcome group experienced disease relapse compared with 14 patients in the control

group. The median relapse–free survival (RFS) was 0.8 years (SD ± 1.2) in the adverse outcome

group and 8.6 years (SD ± 4.5) in the control group. In the adverse outcome group, 2 patients

had distant metastases at the time of primary diagnosis, 34 patients had relapses, and 7 patients

were diagnosed with distant metastases during follow-up, 2 patients died of PTC, and 6

patients died from other causes (Table 1).

2.1.3. Relapse series. All available histologically evaluated tissue samples (n = 71) from

relapses in patients in the adverse outcome group (n = 34) were collected, visually assessed,

and a representative FFPE tissue sample was selected for each of the relapses. New fresh tissue

slices were cut from these representative FFPE tissue samples, stained with H&E, and digitized

according to the same procedure protocol as previously described.

2.2. Training of the deep learning algorithm

The DL-based model trained to assess the TC score consists of two algorithms run in sequence.

The first algorithm was trained to segment the tumor tissue (Fig 2). The second algorithm was

trained to segment the tumor tissue into TC and non-TC areas. Both algorithms were trained

and tested on manual annotations of the regions of interest within the 100 PTC WSIs originat-

ing from 100 separate patients. The manually annotated regions of interest were 2,970 in total

and were carried out by one of the researchers (SS). Among the manual annotations, 90%

(n = 2,674) were used for training and the remaining 10% (n = 296) were used as a holdout test

set for the assessment of the performance of the algorithm (Fig 1). To improve the generaliz-

ability of the model, image augmentations by perturbation of the training data were utilized.
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The augmentations used to train the tumor tissue segmentation algorithm consisted of the

rotation (0–360˚), variation of scale (±10%), shear distortion (±10%), aspect ratio (±10%), con-

trast (±10%), white balance (±10%), and luminance (±10%). The predetermined feature size

was 500 μm. When training the TC segmentation algorithm, the augmentations consisted of

the rotation (0–360˚), variation of scale (±5%), contrast (±20%), white balance (±20%), and

luminance (±20%) with a predetermined feature size of 40 μm. Training of the model was con-

tinued until no decrease in the area error was detected for 500 iterations (training epochs) or

until a total of 10 000 iterations was reached. The final model was trained with 9,521 completed

iterations.

2.3. Tall cell analysis

The TC score for the representative WSIs of the primary tumors as well as the relapse tumors

was visually assessed by one of the researchers (SS) who was blinded to the clinical characteris-

tics of the patients. WSIs were grouped by the visual TC score into three groups of 0–9%, 10–

29%, and�30% TCs (Table 2). The TC scores were also grouped into 10 percentage groups:

0–9%, 10–19%, 20–29%, 30–39%, 40–49%, 50–59%, 60–69%, 70–79%, 80–89%, and 90–100%

(S1 Table in S1 File). The same WSIs were analyzed separately by the trained DL-based

Fig 1. CONSORT flow diagram of the datasets used in the study. Papillary thyroid carcinoma is abbreviated as PTC.

https://doi.org/10.1371/journal.pone.0272696.g001
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algorithm. The TC scores of the DL algorithm were reported using a continuous scale, and

also grouped in 10% incremental percentage groups as well as in three groups of 0–9%, 10–

29%, and�30% TC in order to compare the visually assessed TC scores. The images included

in the study can be viewed via the following URL: https://tinyurl.com/9pbyuuxm.

2.4. Statistical analysis

All statistical analyses were calculated using a general-purpose statistical software package

(Stata 16.1 for Mac, Stata Corp., College Station, TX, USA). The performance of the DL algo-

rithm was evaluated by calculating the sensitivity and specificity based on the independent test

set. The F1 score of the independent test set was also assessed as a harmonic mean of the sensi-

tivity (recall) and positive predictive value (precision). The statistical distribution of the sam-

ples according to their TC score were analyzed using the Mann–Whitney U test. The Fisher’s

exact test was used to statistically assess the differences between groups for nominal variables

and the Cochran–Armitage tests for trends between ordinal variables. Agreement between the

researcher’s and the algorithm’s TC score was tested with weighted kappa statistics with linear

weights. The Kaplan–Meier method with the log-rank test and the Cox proportional hazard

regression model were calculated for the survival analyses. Relapse-free survival (RFS) was

defined as the time between the primary operation until relapse or end of follow-up. Overall

survival (OS) was defined as the time between the primary operation and death from any

Table 1. Characteristics of papillary thyroid carcinoma (PTC) patient cohort. The cohort comprised 34 patients

with an adverse outcome and 56 age-, sex-, and tumor stage–matched control PTC patients.

Patient characteristics Adverse outcome (n = 34) Control (n = 56)

Female 23 (68%) 41 (73%)

Male 11 (32%) 15 (27%)

Nodal metastases 25 (74%) 28 (50%)

Primary distant metastases 2 (6%) 0 (0%)

Relapse 34 (100%) 14 (25%)

Distant metastases during follow-up 7 (21%) 0 (0%)

Died during follow-up 6 (18%) 2 (4%)

Died of PTC 2 (6%) 0 (0%)

Primary RAI 33 (97%) 55 (98%)

Median age at diagnosis (in years) 41.0 41.5

Median follow-up time (in years) 10.4 9.7

Median relapse-free survival (in years) 0.8 8.6

Stage of tumor�

• T1 5 10

• T2 10 19

• T3 17 25

• T4 2 2

RAI times (mean) 3.4 3.0

Algorithm TC score (median) 32% 23%

Visual TC score group (median) 30–39% 0–9%

Figures represent number of patients unless otherwise stated

RAI, radioiodine ablation

�T classification and TNM stage according to the TNM classification, seventh edition of the American Joint

Committee on Cancer staging of papillary thyroid cancer.

https://doi.org/10.1371/journal.pone.0272696.t001
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cause. We used tall cell score as the primary exposure in survival analyses. Spearman’s rank

correlation coefficient evaluated correlations between variables. We considered p< 0.05 as sta-

tistically significant using two-tailed tests.

2.5. Ethical statement

We used retrospective samples that were routinely collected. This study complies with the Dec-

laration of Helsinki and was approved by the Surgical Ethics Committee of the Helsinki Uni-

versity Hospital (DNo. HUS 226/E6/06, extension TMK02 §66 17.04.2013). The National

Supervisory Authority of Health and Welfare granted us permission to use the tissue samples

without requiring individual informed consent in this retrospective study (Valvira DNo.

10041/06.01.03.01/2012).

Fig 2. The convolutional neural network model consisted of two algorithms. a) A segmentation algorithm detects the tumor tissue (blue), which is

fed as an input to a b) tall cell (TC) segmentation algorithm trained to detect TC epithelial regions (red) as well as non-TC epithelial regions (green).

Finally, the TC score of the total epithelial area was calculated.

https://doi.org/10.1371/journal.pone.0272696.g002

Table 2. The interrater agreement between the visually assessed tall cell (TC) percentage and the algorithm’s TC area–based percentage in the primary tumors. An

interrater agreement analysis was performed and yielded a weighted kappa value of 0.31 (SD ± 0.068).

Algorithm TC score assessment Total

<10% 10–29% �30%

Visual TC score assessment <10% 6 27 7 40

10–29% 1 7 8 16

�30% 1 7 26 34

Total 8 41 41 90

https://doi.org/10.1371/journal.pone.0272696.t002
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3. Results

3.1 The deep learning algorithm

In the test set containing 296 manual annotations, the algorithm detecting tumor tissue

reached a positive predictive value (PPV; precision) of 99%, a sensitivity of 99%, and an F1

score of 99%. The subsequent TC segmentation algorithm detected TC regions with a PPV of

95%, sensitivity of 94%, and F1 score of 94%. Non-TC regions were detected with a PPV of

94%, sensitivity of 91%, and F1 score of 92% (Fig 3). In the validation dataset, the DL algorithm

detected the median TC percentage area—that is, a TC score of 22.8% (SD ± 13.0%) in the con-

trol group and 31.6% (SD ± 11.8%) in the group with an adverse outcome. The algorithm

results can be visually assessed via the following link: https://tinyurl.com/bde78hby.

3.2. Agreement between visual and algorithm-based tall cell scores

The interrater agreement between the human and algorithm TC scoring when analyzed

according to three groups (<10%, 10–29%, and�30%) yielded a weighted kappa value of 0.31

(SD ± 0.068), which translates to a fair agreement (Table 2). The interrater agreement was also

calculated using all ten TC score groups, yielding a weighted kappa value of 0.36 (SD ± 0.058;

S1 Table in S1 File).

3.3. Algorithm-based tall cell score and survival

Overall, a higher algorithm-based TC score correlated with an adverse outcome (p = 0.005).

When studying the TC score in 10% increments for the correlation between adverse versus

control outcome groups, we observed a significant difference at the 10% and 20% thresholds,

where a TC score above the threshold associated with a significantly less favorable outcome

(p = 0.022 and p = 0.013, respectively). We observed no significant difference at the 30%, 40%,

or 50% thresholds (p = 0.054, p = 0.15, and p = 0.38, respectively). The log-rank survival analy-

sis showed a significant correlation between a reduction in RFS at the TC score thresholds of

10% (p = 0.044), 20% (p< 0.01), and 30% (p = 0.036; Fig 4). We observed no significant associ-

ation with a shorter OS at any of the TC thresholds. When splitting the samples according to

the TC score into three groups of<10%, 10–29%, and�30%, we found that a higher TC score

significantly associated with a less favorable RFS (log rank = 0.038; Fig 5). In the Cox univari-

ate regression analysis, the TC score correlated with a diminished RFS at thresholds 20% and

30% (HR = 2.46, p< 0.01 and HR = 1.84, p = 0.039, respectively) and for the� 30% TC group

in a three-group split using <10% TC as reference (HR = 7.48, p = 0.049). In Cox multivariate

regression analysis adjusted for age, RFS was significantly reduced for a 20% threshold

(HR = 2.47, p = 0.009), 30% threshold (HR = 1.83, p = 0.041) and for the�30% TC group in a

three-group split using<10% TC as reference group (HR = 7.45, p = 0.049) (Table 3). A higher

age at diagnosis did not significantly correlate with a higher TC score (Spearman’s rho =

-0.028, p = 0.80).

3.4. Visually assessed tall cell score and survival

When evaluated using 10% increments for the visual TC score, the median TC score for the

controls was 0–9% and 30–39% for the adverse outcome group. Overall, the visual TC score

was significantly higher in the adverse outcome group compared with the controls (p = 0.008).

Examining the visual TC score in 10% increments, we observed a significant difference in the

distribution between the adverse outcome group and controls when using the 10%, 20%, 30%,

40%, and 50% thresholds (p = 0.030, p = 0.031, p = 0.026, p = 0.030, and p = 0.024, respectively;

Fig 4). We observed no significant correlation at the 60%, 70%, or 80% thresholds (p = 0.094,
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Fig 3. a) A zoomed-out view of a papillary thyroid carcinoma tissue sample in which the results of the deep learning (DL) algorithm’s first layer are

shown (blue). From the registered carcinoma area, the DL algorithm then registers the carcinoma epithelium as either b) tall cell (TC) (red) or c) non-

TC area (green). The DL algorithm determines the percentage of the epithelium covered by TCs, that is, the TC score.

https://doi.org/10.1371/journal.pone.0272696.g003

Fig 4. Kaplan–Meier curves for relapse-free survival (RFS) among patients with papillary thyroid cancer according to three tall cell percentage

thresholds: 10%, 20%, and 30% based on visual assessment (a–c) and using the algorithmic assessment (d–f). In the figure, tall cell is abbreviated as

TC.

https://doi.org/10.1371/journal.pone.0272696.g004
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Fig 5. Kaplan–Meier curves for relapse-free survival (RFS) among patients with papillary thyroid cancer according to tall cell percentage

thresholds:<10%, 10–29%, and�30% based on a) visual assessment and b) algorithmic assessment. In the figure, tall cell is abbreviated as TC.

https://doi.org/10.1371/journal.pone.0272696.g005

Table 3. Cox univariate and multivariate regression analysis for relapse-free survival (RFS) among patients with papillary thyroid carcinoma.

Univariate analysis Multivariate analysis

Parameters Hazard ratio p value 95% CI Hazard ratio p value 95% CI

Age >45 years 0.91 0.74 0.51–1.62

Algorithm TC thresholds�

�10% 6.00 0.076 0.83–43.6 5.93 0.079 0.81–43.2

�20% 2.46 0.009 1.25–4.86 2.38 0.013 1.20–4.70

�30% 1.84 0.039 1.03–3.27 1.83 0.041 1.02–3.26

Algorithm TC three group split†

<10% - - - - - -

10–29% 4.80 0.13 0.64–35.7 4.81 0.13 0.64–35.8

�30% 7.48 0.049 1.01–55.2 7.45 0.049 1.01–55.0

Multivariate adjusted for age‡ 0.96 0.88 0.53–1.71

Visual TC thresholds�

�10% 1.23 0.49 0.69–2.19 1.24 0.46 0.69–2.23

�20% 1.29 0.38 0.73–2.28 1.30 0.37 0.74–2.30

�30% 1.32 0.34 0.75–2.34 1.32 0.34 0.75–2.35

Visual TC three group split†

<10% - - - - - -

10–29% 1.02 0.96 0.45–2.34 1.04 0.92 0.45–2.40

�30% 1.33 0.37 0.71–2.48 1.34 0.36 0.72–2.40

Multivariate adjusted for age‡ 0.90 0.72 0.50–1.61

�The two group splits are analyzed for 10%, 20% and 30% TC thresholds and are studied as separate models as illustrated with dashed borders.
†<10% TC group used as reference group when analyzing the three-group split of <10% TC, 10–29% TC, and�30% TC.
‡Multivariate Cox regression analysis adjusted for age threshold of 45 years was analyzed according to the seventh edition of the American Joint Committee on Cancer

staging of papillary thyroid cancer.

Abbreviation: TC, tall cell.

https://doi.org/10.1371/journal.pone.0272696.t003
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p = 0.19, and p = 0.14, respectively). The log-rank survival analysis revealed no significant cor-

relation between the visually assessed TC score and RFS at any of the 10% increments in the

TC score thresholds. Similarly, we observed no significant correlation between the visual TC

score and overall survival. When split into three groups of<10%, 10–29%, and�30% TCs, we

also detected no statistically significant association between the TC score and RFS (log

rank = 0.63; Fig 5). In Cox univariate nor multivariate Cox regression analysis, none of the TC

thresholds correlated with a reduction in RFS. Nor did the three-group split of<10% TC, 10–

29% TC, and�30% TC correlate with a reduction in RFS (Table 3).

3.5. Tumor relapse samples

When visually evaluating the 71 slides from tumor relapses, the median TC score group was

10–19%. The median algorithm-based TC score was 27.3% (SD ± 11.45%), which is compara-

ble to the 31.6% reported for primary tumors among the adverse outcome patients (p = 0.36).

The agreement metric analysis yielded a weighted kappa value of 0.22 (SD ± 0.07) when

patients were divided into TC score groups<10%, 10–29% and�30% (Table 4). When analyz-

ing the TC score groups based on 10% increments, the agreement analysis yielded a weighted

kappa value of 0.25 (SD ± 0.06; S2 Table in S1 File). The algorithm TC scoring of the relapse

samples can be visually assessed via the following link: https://tinyurl.com/bde78hby.

4. Discussion

TCV PTC results in more adverse outcomes compared with the classical variant of PTC and

should, therefore, be treated more aggressively [23]. Here, we present a TCV algorithm that

quantifies the percentage of tumor epithelial area containing TCs in whole-slide images from

H&E-stained PTC samples with a high sensitivity and specificity (https://tinyurl.com/

bde78hby). Survival analysis demonstrated that the algorithm-based TC score significantly

predicts relapse-free survival (RFS), whereas we detected no statistically significant association

between the visually assessed TC score and RFS.

Inter- and intra-observer variability represents a major challenge in TCV classification [3,

14], and an improved reproducibility of TC identification and quantification is needed.

Although the WHO defines TC as a cell that is two to three times as tall as it is wide, it is quite

difficult for humans to strictly follow this rule when visually evaluating a PTC slide [13]. We

hypothesized that using a DL algorithm to evaluate the TC score could meet the demand for a

more objective and more consistent means of evaluating the presence and number of TCs in a

sample. As debate continues related to the optimal cutoff point for visually assessed TCV [12],

automated methods similar to that proposed here could be used to more systematically analyze

and establish TC score cutoff points that provide clinically meaningful subgroups according to

the proportion of TCs in PTC tissue samples.

The highest TC score given by the algorithm was only 52%, indicating a more conservative

scoring compared to reliance on a human investigator. Interestingly, the TCV algorithm also

Table 4. Interrater agreement between the visually assessed tall cell (TC) percentage and the algorithm-based TC score in tumor relapse samples.

Algorithm TC score assessment Total

<10% 10–29% �30%

Visual TC score assessment <10% 2 23 6 31

10–29% 0 7 9 16

�30% 0 7 17 24

Total 2 37 32 71

https://doi.org/10.1371/journal.pone.0272696.t004
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more rarely identified a tumor sample as having a low TC score of<10% (Table 2). Thus, it is

possible that the TC score is both over- and underestimated through visual assessment. When

studying TC thresholds using 10% increments, no statistically significant association was

observed between the visually assessed TC score and recurrence-free survival at any of the

thresholds. Using the algorithm-based TC score assessment, we observed a significant associa-

tion between a higher TC score and a less favorable RFS using thresholds set to 10%, 20%, and

30% (Fig 4). This finding agrees with previous studies, emphasizing the clinical impact of a low

percentage of TCs, while percentages as low as 10% should be reported by pathologists [5, 10].

In univariate Cox regression analysis, a significant reduction in RFS could be observed for

both a 20% and 30% TC threshold for the algorithm TC scoring. In multivariate analysis we

observed a significant reduction with a 20% and 30% threshold. In an age-adjusted multivari-

ate Cox regression analysis of the three-group split of algorithm TC scoring using<10% TC as

reference, we observed a significant reduction in RFS for the�30% TC group but not for the

10–29% TC (Table 3). These findings show that a 30% threshold indeed should be considered

for diagnosing TCV, which is in line with WHO’s recommendations [9]. The findings also

suggests that cases with 10–29% TCs (HR = 4.81) could have a worse prognosis compared to

<10% TC but the sample size of the current study could not prove this in a multivariate Cox

regression analysis (p = 0.13) (Table 3).

Patients in the validation case–control cohort were all diagnosed within the same hospital

district. Thus, they were all offered similar initial treatment—that is, surgery in combination

with radioiodine ablation therapy. This rather aggressive initial treatment protocol could

explain why we found so few cases of PTC with an adverse outcome when collecting data ret-

rospectively. Aggressive disease was classified as a tumor relapsing at least twice. Such cases

could potentially have been missed or even misclassified as control cases due to the initial

aggressive treatment protocol. This could be considered a limitation of the present study, and,

in future studies, we recommend carrying out a multicenter study to limit the impact of treat-

ment protocols adopted by specific hospital districts.

In the present study, we used a commercially available image management and machine

learning platform (Aiforia Create, Aiforia Technologies Oy, Helsinki, Finland), The exact

architecture of the algorithm is proprietary and thus could not be reported which is a limita-

tion. However, the same platform can be used in future studies to fully reproduce the

experiment.

Previously, little research focused on the morphologies of PTC metastases. Therefore, we also

assessed the TC score in 71 metastatic samples obtained from 32 patients with relapses, that is,

aggressive disease, using both visual evaluation and the algorithm-based TC score. We hypothe-

sized that a higher TC score could be seen in samples taken from metastatic tissue. This, how-

ever, seems not to be the case, since we observed no statistically significant difference between

the median TC score in the primary tumor versus the relapse tumors (27.3% and 31.6%, respec-

tively, p = 0.36). This result suggests that the TCV morphology is retained in metastatic tissue as

well. Thus, TC score quantification could possibly also be completed for metastatic samples.

One strength to this study lies in the carefully matched adverse outcome case–control

cohort we used as the validation dataset. Patients were matched by age of diagnosis (within 10

years), sex, and tumor stage. All patients in the validation dataset were treated within the same

hospital district and offered a similar initial treatment. However, adhering to such stringent

criteria also limited the cohort size to only 90 patients. Since death from disease is a rare out-

come in PTC, we defined an adverse outcome as having at least two relapses, distant metastases

at primary diagnosis, or death from disease. The eligibility criteria of including patients with

two relapses in the dataset representing an adverse PTC could mean that we might have

allowed more benign cases to be included as aggressive cases. To only use death from disease
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as the single criteria for aggressive disease is preferable but leads to a low number of events in

single-center series. Another strength lies in the training dataset used for the TC score algo-

rithm. During training, we used a previous PTC series of 70 WSIs. Furthermore, we included

30 WSIs from the TCGA database in order to broaden the spectrum of stain variations in the

training set and, thus, improve the generalizability of the TCV algorithm. The colors and con-

trasts in the selected H&E stained TCGA WSIs visually differed from the corresponding H&E-

stained slides in the Helsinki series used to train the algorithm. Furthermore, these WSIs con-

tained morphologies of non-TCV PTC as well as those of TCV. To address the potential vari-

ability in the sample properties, we utilized both the color and scale augmentations of the

training samples to improve the generalizability. This resulted in a high sensitivity and speci-

ficity in the independent test set and also visually accurate segmentation of both TC and non-

TC tumor epithelium in the validation set. However, we expect that the performance will

decline when testing algorithms on samples from different centers [24]. Thus, in future studies,

the performance of the trained TC score algorithm requires validation on external datasets

within a multicenter validation study.

In conclusion, we show that the DL-based algorithm was better than the human observer in

identifying TCVs. The algorithm could prove useful as a clinical tool for pathologists when

evaluating PTC samples and can potentially significantly improve the consistency of TCV case

assessment. To our knowledge, no such algorithm has previously been described. The results

indicate that a 30% threshold should be used in diagnosing TVC. However, all cases with more

than 10% TCs should be included in the pathologist’s reports. Our results also suggest that a

higher TC score in PTC assessed using the DL algorithm is associated with less favorable sur-

vival. Finally, we show that TC morphology is retained, although the proportion of the TC

area does not increase in the tumor tissue from relapsed patients, suggesting that the diagnosis

of TCV can rely on metastatic tissue as well.

Supporting information

S1 File.

(DOCX)

Acknowledgments

We thank the FIMM Digital Microscopy and Molecular Pathology Unit supported by the Hel-

sinki Institute of Life Science and Biocenter Finland for excellent assistance. The results

reported here are in part based upon data generated by the TCGA Research Network (https://

www.cancer.gov/tcga).

Author Contributions

Conceptualization: Sebastian Stenman, Caj Haglund, Johanna Arola, Johan Lundin.

Data curation: Sebastian Stenman, Mikael Lundin.

Formal analysis: Mikael Lundin, Johanna Arola.

Funding acquisition: Caj Haglund, Johanna Arola, Johan Lundin.

Investigation: Sebastian Stenman, Johanna Arola.

Methodology: Sebastian Stenman, Nina Linder.

Project administration: Caj Haglund, Johan Lundin.

PLOS ONE Deep learning to detect tall cells in thyroid carcinoma

PLOS ONE | https://doi.org/10.1371/journal.pone.0272696 August 9, 2022 12 / 14

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272696.s001
https://www.cancer.gov/tcga
https://www.cancer.gov/tcga
https://doi.org/10.1371/journal.pone.0272696


Resources: Johan Lundin.

Software: Mikael Lundin, Johan Lundin.

Supervision: Nina Linder, Caj Haglund, Johanna Arola, Johan Lundin.

Writing – original draft: Sebastian Stenman.

Writing – review & editing: Nina Linder, Caj Haglund, Johanna Arola, Johan Lundin.

References
1. Mazzaferri EL. Long-term outcome of patients with differentiated thyroid carcinoma: effect of therapy.

Endocr Pract 2000 Nov-Dec; 6(6):469–476. https://doi.org/10.4158/EP.6.6.469 PMID: 11155222

2. Siironen P, Louhimo J, Nordling S, Ristimaki A, Maenpaa H, Haapiainen R, et al. Prognostic factors in

papillary thyroid cancer: an evaluation of 601 consecutive patients. Tumour Biol 2005 Mar-Apr; 26

(2):57–64. https://doi.org/10.1159/000085586 PMID: 15870511

3. Michels JJ, Jacques M, Henry-Amar M, Bardet S. Prevalence and prognostic significance of tall cell var-

iant of papillary thyroid carcinoma. Hum Pathol 2007 Feb; 38(2):212–219. https://doi.org/10.1016/j.

humpath.2006.08.001 PMID: 17097131

4. DeLellis RA, Lloyd RV, Heitz PU, Eng C. Tumours of the thyroid and parathyroid. World Health Organi-

zation Classification of Tumours. Pathology & Genetics Tumours of Endocrine Organs Lyon: IARC

Press; 2004. p. 49–66.

5. Dettmer MS, Schmitt A, Steinert H, Capper D, Moch H, Komminoth P, et al. Tall cell papillary thyroid

carcinoma: new diagnostic criteria and mutations in BRAF and TERT. Endocr Relat Cancer 2015 Jun;

22(3):419–429. https://doi.org/10.1530/ERC-15-0057 PMID: 25870252

6. Ganly I, Ibrahimpasic T, Rivera M, Nixon I, Palmer F, Patel SG, et al. Prognostic implications of papillary

thyroid carcinoma with tall-cell features. Thyroid 2014 Apr; 24(4):662–670. https://doi.org/10.1089/thy.

2013.0503 PMID: 24262069

7. Ghossein R, Livolsi VA. Papillary thyroid carcinoma tall cell variant. Thyroid 2008 Nov; 18(11):1179–

1181. https://doi.org/10.1089/thy.2008.0164 PMID: 18925842

8. Okuyucu K, Alagoz E, Arslan N, Emer O, Ince S, Deveci S, et al. Clinicopathologic features and prog-

nostic factors of tall cell variant of papillary thyroid carcinoma: comparison with classic variant of papil-

lary thyroid carcinoma. Nucl Med Commun 2015 Oct; 36(10):1021–1025. https://doi.org/10.1097/MNM.

0000000000000360 PMID: 26225942

9. Lloyd RV, Osamura RY, Kloppel G. WHO Classification of Tumours: Pathology and Genetics of

Tumours of Endocrine Organs. 4th Edition. Lyon, France: IARC; 2017.

10. Beninato T, Scognamiglio T, Kleiman DA, Uccelli A, Vaca D, Fahey TJ 3rd, et al. Ten percent tall cells

confer the aggressive features of the tall cell variant of papillary thyroid carcinoma. Surgery 2013 Dec;

154(6):1331–6; discussion 1336. https://doi.org/10.1016/j.surg.2013.05.009 PMID: 24238051

11. Stenman S, Siironen P, Mustonen H, Lundin J, Haglund C, Arola J. The prognostic significance of tall

cells in papillary thyroid carcinoma: A case-control study. Tumour Biol 2018 Jul; 40

(7):1010428318787720. https://doi.org/10.1177/1010428318787720 PMID: 30010512

12. Baloch ZW, LiVolsi VA. Special types of thyroid carcinoma. Histopathology 2018 Jan; 72(1):40–52.

https://doi.org/10.1111/his.13348 PMID: 29239042

13. Hernandez-Prera JC, Machado RA, Asa SL, Baloch Z, Faquin WC, Ghossein R, et al. Pathologic

Reporting of Tall-Cell Variant of Papillary Thyroid Cancer: Have We Reached a Consensus? Thyroid

2017 Dec; 27(12):1498–1504. https://doi.org/10.1089/thy.2017.0280 PMID: 29020884

14. Ghossein RA, Leboeuf R, Patel KN, Rivera M, Katabi N, Carlson DL, et al. Tall cell variant of papillary

thyroid carcinoma without extrathyroid extension: biologic behavior and clinical implications. Thyroid

2007 Jul; 17(7):655–661. https://doi.org/10.1089/thy.2007.0061 PMID: 17696836

15. Xing F, Yang L. Robust Nucleus/Cell Detection and Segmentation in Digital Pathology and Microscopy

Images: A Comprehensive Review. IEEE Rev Biomed Eng 2016; 9:234–263. https://doi.org/10.1109/

RBME.2016.2515127 PMID: 26742143

16. Dif N, Elberrichi Z. Deep Learning Methods for Mitosis Detection in Breast Cancer Histopathological

Images: A Comprehensive Review. 2020. p. 279–306.

17. Stenman S, Bychkov D, Kucukel H, Linder N, Haglund C, Arola J, et al. Antibody Supervised Training of

a Deep Learning Based Algorithm for Leukocyte Segmentation in Papillary Thyroid Carcinoma. IEEE J

Biomed Health Inform 2021 Feb; 25(2):422–428. https://doi.org/10.1109/JBHI.2020.2994970 PMID:

32750899

PLOS ONE Deep learning to detect tall cells in thyroid carcinoma

PLOS ONE | https://doi.org/10.1371/journal.pone.0272696 August 9, 2022 13 / 14

https://doi.org/10.4158/EP.6.6.469
http://www.ncbi.nlm.nih.gov/pubmed/11155222
https://doi.org/10.1159/000085586
http://www.ncbi.nlm.nih.gov/pubmed/15870511
https://doi.org/10.1016/j.humpath.2006.08.001
https://doi.org/10.1016/j.humpath.2006.08.001
http://www.ncbi.nlm.nih.gov/pubmed/17097131
https://doi.org/10.1530/ERC-15-0057
http://www.ncbi.nlm.nih.gov/pubmed/25870252
https://doi.org/10.1089/thy.2013.0503
https://doi.org/10.1089/thy.2013.0503
http://www.ncbi.nlm.nih.gov/pubmed/24262069
https://doi.org/10.1089/thy.2008.0164
http://www.ncbi.nlm.nih.gov/pubmed/18925842
https://doi.org/10.1097/MNM.0000000000000360
https://doi.org/10.1097/MNM.0000000000000360
http://www.ncbi.nlm.nih.gov/pubmed/26225942
https://doi.org/10.1016/j.surg.2013.05.009
http://www.ncbi.nlm.nih.gov/pubmed/24238051
https://doi.org/10.1177/1010428318787720
http://www.ncbi.nlm.nih.gov/pubmed/30010512
https://doi.org/10.1111/his.13348
http://www.ncbi.nlm.nih.gov/pubmed/29239042
https://doi.org/10.1089/thy.2017.0280
http://www.ncbi.nlm.nih.gov/pubmed/29020884
https://doi.org/10.1089/thy.2007.0061
http://www.ncbi.nlm.nih.gov/pubmed/17696836
https://doi.org/10.1109/RBME.2016.2515127
https://doi.org/10.1109/RBME.2016.2515127
http://www.ncbi.nlm.nih.gov/pubmed/26742143
https://doi.org/10.1109/JBHI.2020.2994970
http://www.ncbi.nlm.nih.gov/pubmed/32750899
https://doi.org/10.1371/journal.pone.0272696


18. Linder N, Taylor JC, Colling R, Pell R, Alveyn E, Joseph J, et al. Deep learning for detecting tumour-infil-

trating lymphocytes in testicular germ cell tumours. J Clin Pathol 2019 Feb; 72(2):157–164. https://doi.

org/10.1136/jclinpath-2018-205328 PMID: 30518631

19. Corredor G, Wang X, Zhou Y, Lu C, Fu P, Syrigos K, et al. Spatial Architecture and Arrangement of

Tumor-Infiltrating Lymphocytes for Predicting Likelihood of Recurrence in Early-Stage Non-Small Cell

Lung Cancer. Clin Cancer Res 2019 Mar 1; 25(5):1526–1534. https://doi.org/10.1158/1078-0432.CCR-

18-2013 PMID: 30201760

20. Bychkov D, Linder N, Turkki R, Nordling S, Kovanen PE, Verrill C, et al. Deep learning based tissue

analysis predicts outcome in colorectal cancer. Sci Rep 2018 Feb 21; 8(1):3395-018-21758-3. https://

doi.org/10.1038/s41598-018-21758-3 PMID: 29467373

21. Couture HD, Williams LA, Geradts J, Nyante SJ, Butler EN, Marron JS, et al. Image analysis with deep

learning to predict breast cancer grade, ER status, histologic subtype, and intrinsic subtype. NPJ Breast

Cancer 2018 Sep 3; 4:30-018-0079-1. eCollection 2018.

22. Cooper LA, Demicco EG, Saltz JH, Powell RT, Rao A, Lazar AJ. PanCancer insights from The Cancer

Genome Atlas: the pathologist’s perspective. J Pathol 2018 Apr; 244(5):512–524. https://doi.org/10.

1002/path.5028 PMID: 29288495

23. Coca-Pelaz A, Shah JP, Hernandez-Prera JC, Ghossein RA, Rodrigo JP, Hartl DM, et al. Papillary Thy-

roid Cancer-Aggressive Variants and Impact on Management: A Narrative Review. Adv Ther 2020 Jul;

37(7):3112–3128. https://doi.org/10.1007/s12325-020-01391-1 PMID: 32488657

24. Wang F, Casalino LP, Khullar D. Deep Learning in Medicine—Promise, Progress, and Challenges

INTEMED 2019; 179(3):293–294.

PLOS ONE Deep learning to detect tall cells in thyroid carcinoma

PLOS ONE | https://doi.org/10.1371/journal.pone.0272696 August 9, 2022 14 / 14

https://doi.org/10.1136/jclinpath-2018-205328
https://doi.org/10.1136/jclinpath-2018-205328
http://www.ncbi.nlm.nih.gov/pubmed/30518631
https://doi.org/10.1158/1078-0432.CCR-18-2013
https://doi.org/10.1158/1078-0432.CCR-18-2013
http://www.ncbi.nlm.nih.gov/pubmed/30201760
https://doi.org/10.1038/s41598-018-21758-3
https://doi.org/10.1038/s41598-018-21758-3
http://www.ncbi.nlm.nih.gov/pubmed/29467373
https://doi.org/10.1002/path.5028
https://doi.org/10.1002/path.5028
http://www.ncbi.nlm.nih.gov/pubmed/29288495
https://doi.org/10.1007/s12325-020-01391-1
http://www.ncbi.nlm.nih.gov/pubmed/32488657
https://doi.org/10.1371/journal.pone.0272696

