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Simple Summary: This study investigates the long-term effects of COVID-19 on cancer
patients, who are more vulnerable due to weakened immune systems. Many individuals
experience lingering symptoms, referred to as PCC, even after recovering from the initial
infection. To better understand this condition, the researchers analysed data from hospi-
talised cancer patients in Moscow, aiming to predict which patients are most at risk of
developing PCC. By applying machine learning models, they identified patterns that can
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help clinicians detect and manage these long-term symptoms. The findings contribute to
improving care for cancer patients affected by COVID-19 and offer insights that could aid
the broader medical community in understanding the long-term impacts of the virus.

Abstract: Background: The COVID-19 pandemic has led to widespread long-term compli-
cations, known as post-COVID conditions (PCC), particularly affecting vulnerable popula-
tions such as cancer patients. This study aims to predict the incidence of PCC in hospitalised
cancer patients using the data from a longitudinal cohort study conducted in four major
university hospitals in Moscow, Russia. Methods: Clinical data have been collected during
the acute phase and follow-ups at 6 and 12 months post-discharge. A total of 49 clinical
features were evaluated, and machine learning classifiers including logistic regression,
random forest, support vector machine (SVM), k-nearest neighbours (KNN), and neural
network were applied to predict PCC. Results: Model performance was assessed using the
area under the receiver operating characteristic curve (AUC), sensitivity, and specificity.
KNN demonstrated the highest predictive performance, with an AUC of 0.80, sensitivity
of 0.73, and specificity of 0.69. Severe COVID-19 and pre-existing comorbidities were
significant predictors of PCC. Conclusions: Machine learning models, particularly KNN,
showed some promise in predicting PCC in cancer patients, offering the potential for early
intervention and personalised care. These findings emphasise the importance of long-term
monitoring for cancer patients recovering from COVID-19 to mitigate PCC impact.

Keywords: post-COVID conditions; cancer patients; machine learning classifiers;
predictive modelling

1. Introduction
The global COVID-19 pandemic has placed unprecedented strain on healthcare sys-

tems worldwide [1]. While most patients recover from the acute phase of coronavirus dis-
ease 2019 (COVID-19), a significant subset continues to experience persistent symptoms [2].
This condition is often referred to as long COVID, post-COVID-19 condition (PCC) [3], post-
acute sequelae of SARS-CoV-2 infection (PASC) [4], or patients have been labelled COVID
long-haulers [5]. The World Health Organisation (WHO) defined PCC as a condition charac-
terised by a variety of “symptoms that persist for at least three months after the initial onset
of COVID-19, lasting for two or more months without an alternative diagnosis” [6]. These
symptoms are highly variable and commonly include muscle pain, fatigue, respiratory
issues such as shortness of breath, cough, chest pain, neurological symptoms, gastrointesti-
nal problems, and skin manifestations [7–9]. Patients are still facing challenges in receiving
appropriate recognition, support, medical assessment, and care [10,11].

PCC represents a substantial health burden, affecting an estimated 3 to 5 million
individuals [12], and up to 70% of patients who were previously hospitalised during their
initial infection may face PCC in the future [8,13,14]. It is estimated that 5% to 15% of cancer
patients experience severe acute coronavirus disease (COVID-19) infection, with mortality
rates reaching as high as 25% [15]. As patients recover from an initial SARS-CoV-2 infection,
new concerns have emerged about mortality and long-term health effects after hospital
discharge, especially in relation to PCC [16]. It was suggested that cancer patients may be
particularly vulnerable to PCC development due to their compromised immune system
and reduced physiological reserve [17,18]. Some of comprehensive reviews highlighted the
burden of prolonged symptoms and emphasised the need for detailed research to identify
the risk factors and clinical characteristics associated with PCC [19]. There is a lack of
research examining the long-term effects of SARS-CoV-2 infection on cancer patients.
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Cancer patients are shown to be vulnerable against PCC [20]. The major risk factors
for developing PCC among cancer patients were having multiple comorbidities [20,21].
Most common PCC manifestations were fatigue, respiratory symptoms, myalgia, sleep
disturbance [20] and gastrointestinal symptoms [22]. Cancer patients hospitalised with
COVID-19 infection were shown to have lower survival compared to non-cancer hospi-
talised patients [13]; however, the prevalence of PCC among survivors at different time
points in a year after hospital discharge was shown not to differ significantly from the
prevalence of PCC of non-cancer patients hospitalised with COVID-19.

There is a need to develop predictive models for PCC development which can guide
future management strategies and address the severe effects of this condition on the
quality of life for those impacted [13]. Machine learning has shown promise in clinical
prediction tasks, particularly when dealing with complex datasets and heterogeneous
patient populations. This cohort study aimed to predict the development of PCC 6 months
after hospital discharge in cancer patients admitted to hospitals in Moscow during the
pandemic by developing and validating a machine learning model based on clinical features.
We evaluated multiple machine learning approaches and compared their performance
using a standardised follow-up data collection protocol established by the International
Severe Acute Respiratory and Emerging Infection Consortium (ISARIC) Global Paediatric
COVID-19 Follow-up Working Group.

2. Materials and Methods
2.1. Study Design, Setting, and Participants

A longitudinal prospective cohort of adults previously hospitalised with COVID-19 to
Sechenov University Hospital Network (four major tertiary university hospitals in Moscow,
Russia). Inclusion criteria comprised adult patients (18 years of age) with either reverse tran-
scriptase polymerase chain reaction (RT-PCR) confirmed SARS-CoV-2 infection or clinically
confirmed infection when laboratory test results were negative, inconclusive, or unavail-
able. Comprehensive details on the demographic profiles, hospitalisation requirements,
and cohort origination are available elsewhere [23,24].

Acute phase data were extracted from electronic medical records (EMR) and the Local
Health Information System (HIS) at the host institutions, using the modified and translated
ISARIC WHO Clinical Characterisation Protocol (CCP) [25]. The data collected during
the acute phase included baseline demographics, comorbidities at the time of the hospital
admission, initial symptoms at admission, chest computed tomography (CT) findings, and
disease severity.

Data collection and entry were conducted by a team of trained medical students and
physician residents with extensive research experience, using telephone interviews and the
Research Electronic Data Capture (REDCap) database [23,24,26]. To ensure data integrity
and consistency, the process was closely supervised by senior academic researchers.

Patient follow-up was carried out through structured telephone interviews at approx-
imately 6 (±2) and 12 (±2) months after hospital discharge. The data collection process
utilised the Tier 1 ISARIC Long-Term Follow-Up Study Case Report Form (CRF), a stan-
dardised tool developed by the ISARIC Global COVID-19 Follow-Up Working Group.
To ensure linguistic and conceptual accuracy, the CRF underwent independent forward
and backward translation into Russian. The follow-up assessments focused on evalu-
ating changes in patients’ physical and mental health status, systematically identifying
new symptoms that developed post-discharge, and recording their onset and duration, as
previously described [24].
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2.2. Data Management

Data collection, storage, and management were conducted using REDCap elec-
tronic data capture tools (Vanderbilt University, Nashville, TN, USA), hosted at Sechenov
University, alongside Microsoft Excel version 16.93.1 (Microsoft Corp, Redmond, WA,
USA) [27,28].

2.3. Definitions

PCC definition was aligned with the WHO case definition and for the purpose of
this study defined as the presence of any symptom that began within three months post-
hospital discharge and persisted for a minimum of two months [6]. Symptom duration
was calculated from the hospital discharge date, due to the lack of reliable medical records
indicating the initial appearance of symptoms.

Patients were classified as severe cases if required non-invasive or invasive ventilation,
or ICU care during the acute COVID-19 phase.

2.4. Statistical Analysis

In this study, a comprehensive set of 49 features, describing demographics, symptoms
at admission, and preexisting comorbidities, was initially considered for inclusion in the
prediction model, comprising two continuous variables and 47 categorical variables. The
49 clinical factors used in this study were selected based on prior research identifying key
risk factors for both long-term COVID and cancer outcomes [19,23].

To ensure the robustness of the model, an initial statistical analysis was conducted
to identify the most relevant features. Descriptive statistics were calculated for all clinical
characteristics. Continuous variables were expressed as medians with interquartile ranges
(IQR), while categorical variables were summarised using frequencies and percentages.
The association between categorical variables was assessed using Fisher’s exact test. For
quantitative variables, the Wilcoxon signed-rank test was employed to compare distribu-
tions between groups, as this non-parametric test is particularly suited for data that do
not follow a normal distribution. Fisher’s exact test and the Wilcoxon signed-rank test
were selected for their suitability in analysing categorical and non-normally distributed
continuous data, respectively, ensuring a robust initial assessment of variable associations.

Subsequently, only those features with a p-value below the threshold of 0.25 were
selected for inclusion in the prediction model. The p-value threshold of 0.25 was chosen
to allow for a more inclusive selection of features in this exploratory phase, ensuring that
potentially predictive features were not prematurely excluded [29]. This approach helps
avoid the premature exclusion of meaningful predictors while capturing relevant variables
that could contribute to the model’s robustness. Statistical analysis was performed using
R version 3.5.1.

2.5. Model Implementation and Evaluation

Following feature selection, data standardisation was performed to ensure that all
variables, particularly the continuous ones, were on a comparable scale. This step is crucial
to prevent features with larger numerical ranges from disproportionately influencing
the model.

Considering the potential for class imbalance within the dataset, the Synthetic Minority
Over-sampling Technique (SMOTE) [30] was applied to the training data. This technique
generates synthetic samples to balance the dataset, thereby enhancing the model’s ability
to learn from minority class examples without overfitting. However, it is important to note
that while SMOTE improves class balance, it does not address all forms of bias that may
exist in the data.
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The dataset was then divided into training and testing subsets, with a 70:30 split ratio.
This split was carefully stratified to maintain the proportion of the outcome classes across
both subsets, ensuring that the training process accurately reflects the distribution of the
139 original data. This stratified sampling approach is particularly important in healthcare
datasets, where class imbalance can significantly impact the model’s performance and
141 generalizability.

Following the data preprocessing and feature selection, we applied a range of machine
learning classifiers to predict PCC in cancer patients. The classifiers selected for this study
include logistic regression, random forest, support vector machine (SVM), and k-nearest
neighbours (KNN). In addition to traditional machine learning classifiers, we included
a neural network model in the form of a multi-layer perceptron (MLP). The MLP was
configured with a single hidden layer consisting of 100 neurons, using the ReLU activation
function and the Adam optimizer. The model was trained for a maximum of 500 iterations
to ensure convergence. These models were chosen due to their proven efficacy in handling
structured healthcare data and their ability to capture complex relationships between
features. Additionally, various parameters were adjusted using the grid search method,
exploring different values to attain optimal performance.

To assess the performance of each classifier, key metrics were calculated, including
the area under the receiver operating characteristic curve (AUC), sensitivity, and speci-
ficity. These metrics were selected because they provide a balanced view of the model’s
performance in both detecting the condition (sensitivity) and correctly identifying those
without the condition (specificity). The 95% confidence intervals (CI) for each classifier’s
performance metrics were computed using a bootstrap method with 1000 resamples. This
approach ensured a reliable assessment of each model’s predictive capabilities, which is
crucial for accurately identifying long-term PCC in cancer patients.

Machine analysis was performed using Python version 3.11.5.

3. Results
3.1. Descriptive Analysis of Population and Their Clinical Features

The 6-month follow-up interviews were conducted between 21 November 2020 and
10 October 2021, when the dominant SARS-CoV-2 genetic linages in Moscow were Wuhan
(March 2020–May 2021) and Delta (May 2021–December 2021). In this study, we aimed
to evaluate the long-term effects of COVID-19 on cancer patients, especially given the
increased vulnerability of this population. The median time between hospital discharge
and follow-up interview was 6.99 months (IQR 6.63–7.29 months), which allowed for an
adequate window to assess recovery and lingering symptoms in this population. This
follow-up period is considered sufficient to capture both short-term and persistent health
issues that could affect cancer treatment and overall recovery.

In total, 205 respondents with oncologic conditions participated in the follow-up
survey and were included in the analysis, reflecting a diverse sample of cancer patients
affected by COVID-19. Of them, 100 respondents were males (48.8%), providing a fairly
balanced gender distribution. The median age was 69 years (IQR 61–76 years), indicating
an older patient cohort. A total of 203 respondents (99.0%) required ICU admission during
hospitalisation, indicating high rates of severe COVID-19 in this group. The most common
pre-existing comorbidities were hypertension (145 cases, 70.7%) and chronic cardiac disease
(91 cases, 44.4%), which are frequently observed in cancer patients and may contribute
to higher severity of COVID-19 cases in this population. The overall prevalence of PCC
was 53.17%.

A detailed summary of the demographic and clinical characteristics of both groups
is provided in Table 1. Continuous variables are presented as medians with interquartile
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ranges (IQR), while categorical variables are reported as percentages. Ten features with
(p < 0.25) were identified, highlighting their potential relevance in predicting PCC in cancer
patients. The selected features included age, sex, COVID-19 antibodies, cough, runny
nose, shortness of breath, headache, confusion, inability to walk, and muscle aches. These
features were subsequently utilised for further analysis and model development.

Table 1. Comparison of PCC and non-PCC groups in 6 months after hospitalisation with their
corresponding p-values.

Variable PCC Non-PCC p-Value

Continuous variables

Length of stay, median [IQR] 15.0 [12.0–18.25] 15.0 [13.0–21.0] 0.299

Age, median [IQR] 67.5 [59.75–73.25] 70.0 [63.0–78.0] 0.096

Categorical variables

Sex

Male 57 (59.4%) 43 (39.4%)
0.05

Female 39 (40.6%) 66 (60.6%)

ICU 95 (99%) 108 (99.1%) 1

Antibodies found 40 (41.7%) 63 (57.8%) 0.025

Symptoms at hospital admission

Fever 90 (93.8%) 101 (92.7%) 0.789

Cough 59 (61.5%) 89 (81.7%) 0.002

Sore throat 6 (6.2%) 6 (5.5%) 1

Runny nose 2 (2.1%) 14 (12.8%) 0.004

Wheezing 10 (10.4%) 11 (10.1%) 1

Shortness of breath 63 (65.6%) 82 (75.2%) 0.166

Lower chest wall indrawing 0 (0%) 0 (0%)

Chest pain 8 (8.3%) 12 (11%) 0.639

Conjunctivitis 1 (1%) 1 (0.9%) 1

Lymphadenopathy 2 (2.1%) 2 (1.8%) 1

Headache 17 (17.7%) 28 (25.7%) 0.18

Loss of smell 16 (16.7%) 23 (21.1%) 0.478

Loss of taste 9 (9.4%) 11 (10.1%) 1

Seizures 0 (0%) 0 (0%)

Fatigue 85 (88.5%) 94 (86.2%) 0.678

Anorexia 15 (15.6%) 18 (16.5%) 1

Altered consciousness/confusion 3 (3.1%) 0 (0%) 0.101

Muscle aches 10 (10.4%) 20 (18.3%) 0.118

Joint pain 4 (4.2%) 5 (4.6%) 1

Inability to walk 2 (2.1%) 0 (0%) 0.218

Abdominal pain 0 (0%) 2 (1.8%) 0.5

Diarrhoea 14 (14.6%) 14 (12.8%) 0.839
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Table 1. Cont.

Variable PCC Non-PCC p-Value

Vomiting 7 (7.3%) 14 (12.8%) 0.25

Rash 1 (1%) 1 (0.9%) 1

Bleeding 2 (2.1%) 1 (0.9%) 0.601

Comorbidities

Chronic cardiac disease 43 (44.8%) 48 (44%) 1

Hypertension 70 (72.9%) 75 (68.8%) 0.542

History of revascularization 8 (8.3%) 12 (11%) 0.639

Chronic pulmonary disease 8 (8.3%) 14 (12.8%) 0.368

Asthma 5 (5.2%) 5 (4.6%) 1

Chronic kidney disease 9 (9.4%) 14 (12.8%) 0.509

Obesity 20 (20.8%) 27 (24.8%) 0.618

Moderate liver disease 3 (3.1%) 3 (2.8%) 1

Mild liver disease 4 (4.2%) 3 (2.8%) 0.708

Asplenia 0 (0%) 0 (0%)

Chronic neurological disorder 7 (7.3%) 5 (4.6%) 0.553

Chronic hematologic disease 8 (8.3%) 6 (5.5%) 0.581

Diabetes Mellitus 28 (29.2%) 26 (23.9%) 0.429

Rheumatologic disorder 3 (3.1%) 6 (5.5%) 0.506

Dementia 2 (2.1%) 2 (1.8%) 1

Tuberculosis 1 (1%) 0 (0%) 0.468

Malnutrition 2 (2.1%) 2 (1.8%) 1

Smoking 13 (13.5%) 9 (8.3%) 0.262

Further analysis highlighted statistically significant differences between the PCC
and non-PCC groups. Patients with PCC were more likely to have detectable COVID-19
antibodies at follow-up (41.7% vs. 57.8%, p = 0.025). Respiratory symptoms such as cough
were also significantly more prevalent in the PCC group (61.5% vs. 81.7%, p = 0.002), as
was the presence of a runny nose (2.1% vs. 12.8%, p = 0.004).

On the other hand, symptoms like shortness of breath, while more common in non-
PCC patients (65.6% vs. 75.2%, p = 0.166), did not reach statistical significance. Neurological
symptoms such as confusion (3.1% vs. 0%, p = 0.101) and physical impairments like inability
to walk (2.1% vs. 0%, p = 0.218) were reported exclusively in the PCC group, although their
sample sizes were too small to establish statistical significance. These findings underscore
the multifaceted nature of PCC, particularly in vulnerable populations with cancer.

3.2. Predictive Model Performance

Using the ten features most critical for discriminating the data, predictive models were
developed for assessing PCC in cancer patients. Five machine learning classifiers were
evaluated. Table 2 presents the performance metrics for each classifier, including the AUC
with 95% confidence intervals, calculated using bootstrapping with 1000 resamples, as well
as sensitivity and specificity.
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Table 2. Performance metrics of various machine learning models for predicting PCC in cancer patients.

Model AUC (95% CI) Sensitivity Specificity

Logistic Regression 0.70 (0.56–0.81) 0.67 0.66

Random Forest 0.61 (0.47–0.75) 0.7 0.47

Support Vector Machine 0.73 (0.59–0.86) 0.87 0.63

K-nearest Neighbours 0.80 (0.69–0.90) 0.73 0.69

Multi-Layer Perceptron 0.68 (0.53–0.80) 0.67 0.53

Among the models, the KNN algorithm demonstrated the highest AUC value of 0.80,
with a confidence interval ranging from 0.69 to 0.90, indicating strong discriminatory power.
KNN also achieved a sensitivity of 0.73 and a specificity of 0.69, reflecting a balanced ability
to identify patients with and without PCC across the selected features.

The SVM model achieved an AUC of 0.73, with a sensitivity of 0.87 and a specificity of
0.63, indicating that it performed well in identifying patients with PCC, though it was less
accurate in distinguishing patients without PCC. Other models, such as logistic regression
and MLP, demonstrated moderate AUC values of 0.70 and 0.68, respectively, with both
sensitivity and specificity lower than those of KNN and SVM. The random forest model
showed the lowest performance, with an AUC of 0.61 and a specificity of 0.47, indicating
limited predictive capacity for distinguishing between patients with and without PCC.

Figure 1 visually represents the AUC for each classifier, highlighting their comparative
performance. The KNN’s ROC curve, which encloses the largest area under the curve,
confirms its superior performance, as indicated by the highest AUC value. All models
exhibited some overlap in their confidence intervals, reflecting variability in performance
across different resamples. KNN and SVM demonstrated higher sensitivity, whereas
the random forest model displayed the largest gap between sensitivity and specificity.
These results illustrate notable variability in the predictive performance of the models in
identifying PCC in this patient population.
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4. Discussion
In this study, we aimed to predict the incidence of PCC in cancer patients using a cohort

from hospitals in Moscow. Our results highlight significant insights into the long-term
consequences of COVID-19 in this vulnerable population, particularly in relation to PCC.
Among the models tested, the KNN classifier demonstrated the best performance, with
an AUC of 0.80, suggesting its potential as a valuable tool for predicting PCC. This study
contributes to the growing body of literature on PCC, addressing the particular vulnerability
of cancer patients, who may face increased risk due to compromised immunity and the
physiological impact of their underlying condition.

The KNN classifier outperformed other models, with strong discriminatory power
(AUC 0.80), while SVM also performed well in terms of sensitivity (0.87), making it par-
ticularly effective in detecting patients likely to develop PCC. This suggests that machine
learning models, especially KNN, can be effective in identifying PCC risks in cancer patients.
The high sensitivity of SVM may be advantageous in clinical settings where under-detection
of PCC could lead to prolonged suffering for patients, particularly in a cohort where timely
intervention is crucial.

These findings align with previous research highlighting the prevalence of PCC among
cancer patients [31–33]. The increased risk for PCC in these patients could be due to their
weakened immune systems and the systemic inflammation often associated with cancer and
its treatment. Additionally, recent studies link immune exhaustion and T-cell dysfunction in
long COVID patients, similar to cancer patients. This may impact cancer patients’ long-term
recovery from COVID-19 due to a weakened immune response [34].

In this study, the most relevant clinical features selected for model training included
pre-existing comorbidities and the severity of the acute COVID-19 infection, which are
consistent with previously established risk factors for PCC. While our cohort does not
reflect the higher female predominance observed in other studies, this could be due to the
specific characteristics of our population, such as the severity of the initial infection and
other demographic factors. Future studies with larger, more diverse populations could
provide more insight into this aspect.

Our study’s findings are consistent with research emphasising the importance of long-
term monitoring for cancer patients recovering from COVID-19 [13,35]. Previous studies
have identified a wide range of persistent symptoms in COVID-19 survivors, including
fatigue, respiratory issues, and neurocognitive dysfunction. However, few studies have
focused specifically on cancer patients, and our study fills this critical gap by leveraging
a predictive approach. Notably, the success of KNN and SVM models in predicting PCC
resonates with studies using machine learning for COVID-19 outcome prediction in general
populations. However, our study is unique in that it applies these techniques to a high-risk,
clinically distinct population.

The selection of features such as age, length of stay, and shortness of breath suggests
that both demographic factors and the clinical severity of the acute infection are crucial
predictors. Age and pre-existing comorbidities are well-known risk factors for severe
COVID-19, and this study extends these findings by demonstrating their relevance for
predicting PCC in cancer patients. Features such as shortness of breath and cough align
with the literature on persistent respiratory symptoms in patients with PCC, especially
those with compromised immunity [13,32].

The ability to predict PCC in cancer patients using machine learning offers a promising
approach to enhancing post-COVID care. Identifying high-risk patients could allow for
early intervention, personalised rehabilitation programmes, and closer monitoring, which
may mitigate the long-term burden of PCC. Furthermore, by using widely available clinical
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data, the models developed in this study could be integrated into existing healthcare
systems to streamline patient assessments.

Moreover, KNN’s high predictive power suggests that it could be implemented as
a decision-support tool in clinical environments, helping healthcare providers prioritise
follow-up care for patients at the highest risk of developing PCC. Given the growing recog-
nition of PCC as a significant healthcare challenge, our study’s findings could influence
clinical guidelines, advocating for systematic long-term monitoring of cancer patients
with PCC.

This study has several limitations that should be considered when interpreting the
results. First, the relatively small sample size and the focus on a specific population (cancer
patients in Moscow) may limit the generalisability of the findings to other populations
or regions. Additionally, the use of a predefined set of 49 clinical features, based on the
prior literature, may have excluded other potentially relevant variables that could enhance
model performance. Moreover, some symptoms, such as confusion and inability to walk,
had small sample sizes and did not reach statistical significance, which may have affected
the conclusions about their relevance. Although our model demonstrated strong predictive
performance, its clinical applicability requires validation in prospective cohorts to ensure
its effectiveness in practice.

Future research should explore larger, more diverse cohorts and include a broader
range of clinical and demographic variables. In particular, increasing sample sizes for
less common symptoms could provide more robust insights into their role in predicting
PCC. Moreover, our study relied on cross-sectional follow-up data, which limits the ability
to capture the temporal progression of symptoms. The integration of longitudinal data
could improve the predictive accuracy of models by capturing the temporal evolution of
symptoms and their relationship with PCC. Additionally, incorporating biomarker analysis
and mechanistic studies could provide deeper insights into the pathophysiology of PCC
in cancer patients. Finally, future research could explore the integration of these models
into real-time clinical decision-support systems to evaluate their effectiveness in improving
patient outcomes.

5. Conclusions
In conclusion, this study contributes to the growing body of research aimed at under-

standing and predicting PCC, particularly among cancer patients. As the long-term impacts
of COVID-19 continue to emerge, targeted predictive models like the one developed in
this study could play a crucial role in guiding clinical decision-making and improving
patient care. The findings underscore the importance of long-term monitoring and person-
alised care for cancer patients recovering from COVID-19, particularly in preventing and
managing the sequelae of PCC.
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