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ABSTRACT

PURPOSE Response assessment of classical Hodgkin lymphoma (cHL) with positron
emission tomography-computerized tomography (PET-CT) is standard of care
in well-resourced settings but unavailable in most African countries. We aimed
to investigate correlations between changes in PET-CT findings at interim
analysis with changes in blood test results in pediatric patients with cHL in 17
South African centers.

METHODS Changes in ferritin, lactate dehydrogenase (LDH), erythrocyte sedimentation
rate (ESR), albumin, total white cell count (TWC), absolute lymphocyte count
(ALC), and absolute eosinophil count were compared with PET-CT Deauville
scores (DS) after two cycles of doxorubicin, bleomycin, vinblastine, and
dacarbazine in 84 pediatric patients with cHL. DS 1-3 denoted rapid early re-
sponse (RER) while DS 4-5 denoted slow early response (SER). Missing values
were imputed using the k-nearest neighbor algorithm. Baseline and follow-up
blood test valueswere combined into a single difference variable. Datawere split
into training and testing sets for analysis using Python scikit-learn 1.2.2 with
logistic regression, random forests, näıve Bayes, and support vector machine
classifiers.

RESULTS Random forest analysis achieved the best validated test accuracy of 73% when
predicting RER or SER from blood samples. When applied to the full data set, the
optimal model had a predictive accuracy of 80% and a receiver operating
characteristic AUC of 89%. The most predictive variable was the differences in
ALC, contributing 21% to the model. Differences in ferritin, LDH, and TWC
contributed 15%-16%. Differences in ESR, hemoglobin, and albumin contrib-
uted 11%-12%.

CONCLUSION Changes in low-cost, widely available blood tests may predict chemosensitivity
for pediatric cHL without access to PET-CT, identifying patients who may not
require radiotherapy. Changes in these nonspecific blood tests should be
assessed in combination with clinical findings and available imaging to avoid
undertreatment.

INTRODUCTION

Pediatric Hodgkin lymphoma, a focus cancer in the WHO
Global Initiative for Childhood Cancer, is highly curable with
traditional chemotherapy.1 Response-adapted management
of classical Hodgkin lymphoma (cHL) using positron
emission tomography-computerized tomography (PET-CT)
has become the standard approach to determine chemo-
sensitivity bymonitoring functional and anatomic treatment

response.2,3 Interim PET-CT (iPET-CT) assessment is con-
sidered to have excellent negative predictive value (NPV), but
suboptimal positive predictive value (PPV), with a resolution
of metabolic activity providing reassurance of adequate
response, but limited confidence if the iPET-CT shows active
disease.4 Response evaluation performed after two cycles of
chemotherapy is used to identify patients who require
treatment intensification with radiotherapy. Although PET-
CT facilities are present at most major treatment centers in
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South Africa,5 there are periods when this imaging is not
available. PET-CT facilities are also unavailable in most
other African countries and many other low- and middle-
income countries (LMICs),6 necessitating the search for low-
cost alternatives.

The ability to predict which patients will survive (overall
survival [OS]) or experience relapse or refractory disease
(progression-free survival [PFS]) is well described, using
disease-specific parameters such as bulky disease, B
symptoms and tumor volume, as well as various individual
blood tests.7-9 These include total white cell count (TWC),
absolute lymphocyte count (ALC), absolute eosinophil count
(AEC), erythrocyte sedimentation rate (ESR), lactate dehy-
drogenase (LDH), ferritin, copper, and albumin levels.7,9-12

Such parameters have been used to predict OS but not early
response to chemotherapy. In South Africa, these blood tests
are widely available and the cost of these tests in combi-
nation is significantly less than that of a single PET-CT scan.
Despite satisfactory sensitivity, the diagnostic utility of
these markers is limited by their lack of specificity, and the
combination has not been studied in children and adoles-
cents to predict treatment response.

Predictive modeling is an appealing option to aid early
identification of patients with suboptimal iPET-CT re-
sponse. We aimed to assess whether alterations in multiple
blood markers, individually and collectively, could forecast
rapid early response (RER) or slow early response (SER) on
iPET-CT after two cycles of initial doxorubicin, bleomycin,
vinblastine, and dacarbazine (ABVD) therapy through the
application of machine learning models.

METHODS

The study was approved by the University of the Witwa-
tersrand Human Research Ethics Committee (M1711100),
and the ethics committees of each participating pediatric

oncology unit (POU), and registered on the National Health
Research Database and the seven Provincial Health Research
Databases in which POUs were located. Patients and
guardians signed informed assent or consent for inclusion of
data in this study.

Seventeen POUs prospectively enrolled patients younger than
19 years newly diagnosed with cHL onto a risk-stratified,
response-adapted treatment protocol (SACCSG-HL-2018)
from July 2016 to July 2022. Patients were staged according to
the Ann Arbor staging system and risk-classified. Low-risk
disease included stages IA, IB, and IIA; intermediate-risk
disease was defined as stages I and II with risk factors
(bulky or extranodal disease) and stage IIIA; and high-risk
disease included stage II with both bulky disease and extra-
nodal disease, stage III with any risk factors (B symptoms,
bulky disease or extranodal disease), and all stage IV disease.13

For the majority of patients treated in the state sector, blood
tests were performed at National Health Laboratory Services,
an integrated network of accredited laboratories.14 Patients
treated in the private sector had blood tests performed at
Lancet Laboratories and Ampath Laboratories, which are
multiply accredited and considered reference laboratories for
various African countries.15,16 Blood samples were withdrawn
by qualified nurses, phlebotomists, and doctors, and each test
was performed once, as standard of care was provided and
resources are limited.

Patients with low- and intermediate-risk disease received
four and six courses of ABVD, respectively. Patients with
high-risk disease received two courses of ABVD, followed by
four courses of cyclophosphamide, vincristine, prednisone,
and dacarbazine. Those with SER on the basis of persistent
metabolic activity and those with bulky mediastinal disease
received consolidation radiotherapy.

Data were entered into a secure, online REDCap database17 at
each POU and collated in a central database by the PI who

CONTEXT

Key Objective
Using machine learning models, we predicted interim positron emission tomography-computerized tomography by using
changes in blood test results in pediatric patients with classical Hodgkin lymphoma in 17 South African centers.

Knowledge Generated
The most predictive variable was the difference in absolute lymphocyte count, followed by changes in ferritin, lactate
dehydrogenase, and total white cell count. Differences in erythrocyte sedimentation rate, hemoglobin, and albumin
contributed less to the model.

Relevance
The findings are not currently applicable in clinical contexts. Once we have accrued more data, we will be able to run
simulations to determine whether these findings can be used to direct treatment of individual patients.
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managed the database and initiated meetings, both online
and in person, to facilitate uniformity of data capture and
quality control.

Sample size estimation by the Bland-Altman method de-
termined that data sets from 41 patients were required to
calculate the receiver operating characteristic (ROC) curves
to detect or fail to detect a difference of 3.6% from the re-
ported AUC at 80% power and 5% significance.18,19 We an-
alyzed relative changes in hematologic values (TWC, ALC,
AEC, and hemoglobin) and nonspecific markers (ferritin,
LDH, ESR, albumin, and copper) in comparison with
Deauville scores (DS) on iPET-CT assessment after two
cycles of ABVD. The first time point was at diagnosis and
the second was at early response evaluation, at the start of
the third cycle of chemotherapy. RER was classified as DS
1-3, while SER was classified as DS 4-5.20 We included
patients who had a PET-CT performed both at baseline and
response evaluation. The iPET-CT was performed as close
as possible before the third cycle of chemotherapy without
delaying the next cycle. Marker values at baseline and
response evaluation were reported as mean, median, and
range, and differences between clinical characteristics
were assessed with the paired t-test for normally dis-
tributed data or the Wilcoxon signed-rank test for non-
parametric data.21,22

We excluded patients with HIV infection as values of ESR,
albumin, LDH, ferritin, TLC, AEC, andhemoglobinmay differ
from those of HIV-negative patients23 and may not reflect
the same PPV for the iPET-CT response.

Abandonment and loss to follow-up were censored in the
survival curves. OS was defined as the time from diagnosis to
death from any cause. PFS was defined as the time from
diagnosis to date of confirmation of relapsed or refractory
disease, or death. Patients who did not experience an event
were censored at the date of the last follow-up, and data lock
was on 30 June 2023.

Data analysis was performed by health data science experts
with Python 3.10 and scikit-learn 1.2.2. The baseline and
interim blood test values were combined into a single dif-
ference variable. Datawere split into training and testing sets
for analysis with a set of machine learning models (logistic
regression, random forests, näıve Bayes, and support vector
machine classifiers). Missing values were imputed using a
k-nearest neighbor (KNN) algorithm. For a given missing
feature value in a row, KNN identifies k closest rows
(neighbors) on the basis of similarity across other available
features. These k closest rows are then used to determine the
value of missing feature using summary statistics, such as
mean and median. This provides an estimated value to
impute for the missing data point. In our case, we used k5 2.
We excluded copper from the final model because it had
missing values due to unanticipated difficulties performing
the test (37% missing at first presentation and 57% missing
at interim assessment).

We derived random forestmodels that (1) predict response to
chemotherapy and (2) supply important information into
which characteristics contribute most to the response.
Random forest is a machine learning algorithm comprising
multiple decision trees to aggregate predictions from these
trees and select the majority vote to determine the final
outcome. Instead of using all available features, random
selection is made at each split to reduce overfitting. We
tested multiple standard machine learning classifiers and
random forest achieved the highest performance on our data
set, using methodology similar to Meti et al.24

ROC analysis was performed to assess the utility of baseline
markers at diagnosis and at response evaluation for pre-
dicting iPET-CT response and to determine the best
threshold values. For the ROC-derived AUC, P values were
calculated to determine the cutoff points for the most ac-
curate response-to-therapy prediction. Sensitivity, speci-
ficity, accuracy, PPV, and NPV were calculated using ROC
curve threshold values. PPV was defined as the ability to
predict SER on iPET-CT. Misclassification rates, calculated
from the confusion matrix, express how often the confusion
matrix is incorrect in predicting actual positive and negative
outputs.

RESULTS

Patient Population

We enrolled 132 consecutive previously untreated patients
with histologically proven cHL in the SACCSG HL-2018
study. PET-CT was performed at baseline in 111; of these, 96
had an iPET-CT performed. Twelve patients (13%) with HIV
were excluded while 84 (87%) were HIV-negative and were
analyzed in this study (Fig 1).

The median age was 9.7 years (range, 2.3-16.9 years; IQR,
6.9-12.7 years), with seven patients (8%) classified as
low-risk, 24 (29%) as intermediate-risk, and 53 (63%) as
high-risk. Comorbidities included tuberculosis in two pa-
tients, vanishing bile duct syndrome (1), idiopathic central
precocious puberty (1), noncommunicating hydrocephalus
(1), dilated cardiomyopathy (1), vitiligo (1), and decreased
cardiac ejection fraction (1). After iPET-CT, 57 patients
(68%) demonstrated RER and 27 (32%) demonstrated SER
(Table 1).

Hematologic values and nonspecific markers

None of the patients with hypoalbuminemia had nephrotic
syndrome. At response evaluation, significant rises in he-
moglobin and albumin (P < .001) and decreases in TWC, ESR,
copper, LDH, and ferritin (all P < .001) were noted. Elevations
in ALC and AEC were not statistically significant (P5 .14 and
.88, respectively; Fig 2; Data Supplement, Table S1).

After Bayesian optimization of model hyperparameters,
random forest analysis achieved a validated test accuracy of
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77% when predicting RER or SER from blood samples. The
performance of other classifiers was inferior. The optimal
model had a predictive accuracy of 86% and an ROC AUC of
93%, with a 95% confidence interval of 87%-98% (Fig 3A).

The sensitivity was 85% and the specificity was 86%, with a
misclassification rate of 14% (Fig 3B). Themodel has a PPV of
74% in determining SER, and an NPV of 93% in predicting
RER. Differences in ferritin, LDH, and TWC contributed 16%,
15%, and 14% respectively. Differences in ESR, hemoglobin,
and albumin each contributed 11%-12%.

After a median follow-up of 2 years (range, 0.1-7.6 years),
the 2-year OSwas 95.3% for patientswithRER and96.4% for
patients with SER (P 5 .72). PFS was 91.5% for patients with
RER and 85.1% for patients with SER (P 5 .3; Fig 4).

DISCUSSION

We show that the combined changes in certain hematologic
parameters and nonspecific laboratory markers correlate
with chemotherapy response on the basis of iPET-CT after
two cycles of ABVD in pediatric patients with cHL. The most
significant contributors to the study model were changes in
ALC. Following closely were differences in LDH, AEC, and
ferritin, which also showed strong predictive capabilities.
Changes in TWC, ESR, hemoglobin, and albumin had a
slightly lesser impact on the model’s predictions. In com-
bination, the changes in these simple blood markers offer
more information than singly and can be used to predict
response on iPET-CT.

As PET-CT has been shown to have a high number of
false-positive FDG-avid lesions, it has more utility in ex-
cluding treatment failure and less in identifying treatment

failure.25,26 The findings of this study highlight the potential
benefits of monitoring changes in these blood tests as a
means to predict the response to chemotherapy. Specifically,
the observed changes in blood tests demonstrate a notable
advantage in predicting RER rather than SER.

Although the changes in these blood tests cannot assist with
the assessment of anatomic response, they offer value in
assessing functional or metabolic response. In a previous
study, an analysis of the individual baseline blood tests did
not demonstrate the ability to predict 2-year OS.13 The
current study does not focus on the prediction of survival but
on the prediction of iPET-CT response after two cycles
of ABVD.

Chemosensitivity is commonly predicted by iPET-CT per-
formed after two cycles of chemotherapy, including ABVD.27

This response is used to guide further treatment by increasing
treatment intensity, consolidating with radiotherapy or de-
creasing treatment intensity as in the de-escalation of es-
calated BEACOPP.8,25,28 iPET-CT has better PPV for predicting
which patientswill be long-term survivors but is less accurate
at predicting which patients will develop progressive or re-
lapsed disease.25 It thus has limited value in identifying pa-
tients who require intensification.

The limitations of nonspecific tumor markers in pediatric
cHL highlight the need for more specific and sensitive di-
agnostic tools. PET-CT also has several limitations, in-
cluding exposure to radiation, time commitment, and high
cost, making it inaccessible in many low- and middle-
income settings.6 Incorporating changes in sizes of malig-
nantmasses using chest x-rays and CT scans in combination
with changes in blood tests may prove to be useful in
resource-constrained settings.

Hodgkin lymphoma (N = 132)

Excluded                     (n = 36)
  No baseline PET-CT (n = 21)
  No interim PET-CT   (n = 15)
  HIV positive              (n = 12)

Included (n = 84)

Intermediate risk
(n = 17)

Low risk
(n = 5)

High risk
(n = 35)

Intermediate risk
(n = 7)

Low risk
(n = 2)

High risk
(n = 18)

Slow early response
(n = 27)

Rapid early response
(n = 57)

FIG 1. Interim assessment and risk stratification of pediatric patients on SACCSG-HL-2018. PET-
CT, positron emission tomography-computerized tomography.
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There is thus a need to identify alternative methods that
provide similar or better response assessment capabilities. By
identifying biomarkers, clinicians could effectively monitor
the progress of the disease and adjust the treatment regimen
accordingly, leading to improved outcomes. Such markers
must be at least as specific and sensitive as FDG-PET-CT
imaging which, in itself, is insufficiently specific.

The ideal biomarker would have high PPV and NPV, be cost-
effective, minimally invasive, readily available, sensitive and

specific to changes in disease status with high PPV and NPV,
and have a short turnaround time to facilitate decision
making.29 Thymus and activation-regulated chemokine
(TARC) is a promising biomarker that is easily measurable,
sensitive, and specific for the disease, andmay have a higher
PPV than iPET-CT for progressive disease.30,31 The platform
to set up a TARC testing system is less expensive than setting
up a nuclear medicine facility, and an additional blood test is
less invasive and inconvenient for patients.29 Other potential
serum biomarkers are microRNAs associated with tumor-
secreted extracellular vesicles in the circulation of patients
with cHL.32 The combination of microRNA with TARC
measurements has an AUC of 93%, 93.5% sensitivity, 85%
specificity, and an NPV of 96%, but these tests are generally
available only in the research setting, and certainly not
in LMIC.

Most countries in Africa do not have access to PET-CT and, in
those settings where PET-CT machines are available, access
may still be limited because of the overwhelming patient
numbers, cost, and transport limitations.6 Access to traditional
chemotherapy is still limited in many countries.33,34 Salvage
options such as autologous stem-cell transplant and novel
targeted agents such as drug-conjugated antibodies and im-
mune checkpoint inhibitors are out of reach for themajority.35

Nevertheless, relatively high survival rates have been achieved
with conventional chemotherapy and radiotherapy in many
countries using a strategic approach34,36 and the results of this
study may contribute to improving response-adapted treat-
ment in similar resource-constrained settings.

The ability to predict RER is clinically significant, enabling
health care professionals to make informed decisions about
treatment plans and allowing for timely adjustments if
necessary. The choice to avoid radiotherapy has long-term
consequences, decreasing the chances of the development of
subsequent malignant neoplasms and other late effects of
radiotherapy.3 Conversely, patients who demonstrate SER
may require alternative treatment strategies ormodifications
to their current regimen. By identifying SER timeously,
health care providers can proactively address the situation,
potentially avoiding delays in achieving the desired thera-
peutic outcome.

In this study, we used advanced machine learning tech-
niques applied to baseline and interim data to derive a
reliable method for discrimination between later RER and
SER. A range of classification models, each having strong
previous evidence of utility and performance, were fine-
tuned using Bayesian optimization to identify the model
setting that gave the best validatedmodel performance. The
model with the best performance was random forests, a
nonparametric stochastic ensemble method that aggre-
gates the results of many individual decision tree models
to both guard against overfitting the supplied data and
return a model with low predicted error when applied to
new and/or unseen cases. The random forest approach
method also allows the identification of themost important

TABLE 1. Baseline Characteristics of Children and Adolescents With
Hodgkin Lymphoma

Parameter No. (%)

Sex

Male 21 (25)

Female 63 (75)

Age, years

Median (IQR) 9.7 (6.9-12.7)

Range 2.3-16.9

BMI

Obese/overweight 3 (4)

Adequate 63 (75)

<2 standard deviations 18 (21)

Histologic subtype

Nodular sclerosing 51 (61)

Mixed cellularity 19 (23)

Lymphocyte-rich 2 (2)

Lymphocyte-depleted 1 (1)

HL NOS 11 (13)

Stage

I 2 (2)

II 29 (35)

III 27 (32)

IV 26 (31)

B symptoms

Yes 52 (62)

No 32 (38)

Bulky disease

Yes 52 (62)

No 32 (38)

Autoimmune manifestations of HL

Yes 7 (8)

No 77 (92)

Risk group

Low risk 7 (8)

Intermediate risk 24 (29)

High risk 53 (63)

Response

Rapid early response 57 (68)

Slow early response 27 (32)

Abbreviations: HL, Hodgkin lymphoma; NOS, not otherwise specified.
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factors that underpin a prediction of later RER or SER. We
show that differences in ESR, ferritin, and albumin are less
important for this study, suggesting that future studies
should prioritize differences in hemoglobin, ALC, LDH,
AEC, and TWC.

More recently, an important goal has been to predict the
subset of patients who will relapse to intensify treatment for

these patients.29 iPET-CT alone is insufficient for this
purpose, but the combination of blood tests and iPET-CT
results may in time yield further useful information. The
potential correlation between iPET-CT and patient survival
is as yet inconclusive in our patient cohort, as demonstrated
by the similar 2-year OS in patients with RER and SER. We
may postulate that by escalating treatment guided by iPET-
CT, the survival disparity has effectively been reduced. The
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quest to predict relapse or progression continues, especially
in settings where salvage options are limited.

Although the results of this study are useful in predicting
iPET-CT response, the challenge remains to tailor treatment
safely and appropriately, to effect cure with minimal side
effects, and to identify those patients who require treatment
intensification with accuracy. These findings highlight the
importance of monitoring changes in blood tests as they
offer valuable insights into the prediction of RER to che-
motherapy. By leveraging these predictive markers, health
care professionals in resource-limited settings may be able

to optimize treatment plans, personalize care, and enhance
patient outcomes. However, caution should be exercised in
settings with potentially diverse patient populations: dif-
ferent patient groups may exhibit variations in baseline
hematologic parameters or levels of nonspecific markers.
These variations may be influenced by a range of factors,
including underlying medical conditions, demographic
characteristics, and environmental factors.

Challenges now include the translation of these results into a
format with clinical utility. The envisaged solution is the
development of a practical scoring system or a mobile
smartphone application. Such toolswould allow for the input
of blood test results to generate a score indicating whether
radiotherapy can be safely avoided. In settings where radi-
ation therapy is not available, such tools may not be as
relevant, but may still be of value to predict survival. Ulti-
mately, the goal is to tailor the treatment regimen for each
patient to achievemaximal efficacywithminimal side effects
while accurately identifying patients who require treatment
intensification.

The study required a minimum of 41 complete patient data
sets to ensure precise evaluation through ROC curves. Be-
cause of the unavailability of complete data sets, imputation
techniques were used. The limitation associated with im-
puting missing values is anticipated to be addressed to some
extent by using 84 data sets, double the required sample size
calculation. The final random forest model selected would
benefit from more baseline, interim, and outcome data, and
hence the results reported in this study are indicative of
future model performance rather than definitive. The scope
of this investigation solely encompassed analysis of the
potential of changes in blood tests to predict iPET-CT re-
sponse,without considering the subsequent relapse status of
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these patients. We did not include risk classification at
presentation in the machine learning models as the sample
size was too small to provide suitable power.

In conclusion, the pooled changes in certain hematologic
parameters and nonspecific laboratory markers exhibit a
strong correlation with chemosensitivity, as evaluated
through iPET-CT scans after two cycles of ABVD treatment
in pediatric patients with cHL.We predicted RER or SER from
blood samples with a high level of accuracy. In resource-
constrained environments with limited access to PET-CT,
these findings offer potential tools to predict chemo-
sensitivity. In such settings, these changes could serve as

substitutes for iPET-CT and thus assist with the identifi-
cation of pediatric patients with cHL who can safely forgo
radiotherapy and avoid its subsequent late effects. These
results are not definitive in isolation and should be inter-
preted in conjunction with other diagnostic tests and clinical
findings to establish chemosensitivity accurately. Although
these hematologic and nonspecific tumor markers provide
valuable insights into disease progression and treatment
response, their lower specificity imposes limitations. Con-
sequently, additional research efforts are warranted to
identify more specific response-assessment tools for pe-
diatric cHL to give patients in LMIC the best possible chance
of cure with high quality of life.
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