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Abstract Anemia remains a major global health problem, while standard diagnosis still depends on invasive
hemoglobin testing, which may be less practical for repeated and resource-limited screening.
Photoplethysmography (PPG) offers a potential non-invasive alternative, but the contribution of different
wavelength configurations to anemia classification remains unclear. This preliminary subject-based
validation study evaluated the effect of PPG wavelength configuration and recording duration on low-
complexity anemia classification. A public dataset containing green, red, and infrared PPG recordings from
52 subjects was used, consisting of 42 normal and 10 anemia subjects. Eight morphological and temporal
features were extracted from each wavelength. Seven signal configurations, namely Green, Red, IR,
Green+Red, Green+IR, Red+IR, and all channels, were evaluated across 30, 45, 60, and 90 s recording
durations. Support Vector Machine, Logistic Regression, Random Forest, and Extra Trees classifiers were
trained using class-weighted learning and assessed with 5-fold subject-based cross-validation to reduce
subject-level data leakage. The Red+IR configuration with a class-weighted SVM at 90 s achieved the best
pooled performance, with a macro F1-score of 0.754, F1-Anemia of 0.588, anemia recall of 0.500, anemia
precision of 0.714, accuracy of 0.769, and an error rate of 0.231. Fold-wise analysis showed substantial
variability, with a macro F1-score of 0.617 * 0.251, sensitivity of 0.467 * 0.506, specificity of 0.846 * 0.144,
ROC-AUC of 0.864 * 0.150, and PR-AUC of 0.694 * 0.344. These findings suggest that adding more PPG
wavelengths does not necessarily improve classification performance. However, the model still missed 5
of 10 anemia cases, and the limited anemia recall, small minority class, and demographic imbalance
indicate that the results should be interpreted as preliminary and require validation on larger, more
balanced datasets.

Keywords anemia; photoplethysmography; multispectral PPG; anemia screening; non-invasive detection;
support vector machine; binary classification.

personnel, and is less practical for repeated or large-
scale screening [5]. These limitations motivate the
development of simpler, faster, and more deployable

l. Introduction

Anemia screening in low- and middle-income settings
remains constrained by limited access to laboratory

facilities and trained personnel, while the prevalence of
anemia is still high among women of reproductive age
and children [1][2]. Anemia can reduce physical
capacity, cause fatigue, impair cognitive function, and
increase the risk of health complications [3]. Early
detection is therefore important to support timely
intervention and prevent disease progression. At
present, the diagnosis of anemia still relies mainly on
hemoglobin measurements from venous or capillary
blood samples [4]. Although this approach remains the
clinical standard, it is invasive, requires trained

non-invasive screening approaches. In this context,
photoplethysmography (PPG) is a promising technique
because it records peripheral blood-volume changes
non-invasively using low-cost optical instrumentation
that can be integrated into portable or wearable devices
[61[7].

Previous studies have explored non-invasive
hemoglobin estimation and anemia detection using
smartphone imaging and wearable optical systems
[8][9][10]. Other studies have examined hyperspectral
imaging, diffuse reflectance spectroscopy, and PPG-
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based analysis [11][12][13]. Among these approaches,
PPG is attractive because its waveform reflects not
only pulsatiie blood-flow dynamics but also
morphological information influenced by vascular,
tissue, and optical sensing characteristics [14].
Machine learning has therefore been increasingly used
to extract clinically relevant patterns from PPG signals
in healthcare applications [15]. In addition to anemia-
related analysis, PPG has been applied to arrhythmia
detection, microcirculation monitoring, and cuffless
blood-pressure estimation [16][17][18]. In the context of
anemia, earlier studies have demonstrated the
feasibility of using PPG features for hemoglobin
estimation and classification [19][20]. Recent studies
have further extended this direction using multispectral
PPG and ensemble-based models for hemoglobin
estimation or anemia-related classification [21][22][23].
Multi-wavelength PPG is physiologically relevant
because different wavelengths have different
penetration depths and optical sensitivities to blood and
tissue properties [24][25]. Similar ideas have also been
used for glycated hemoglobin and VO2 estimation
[26][27].

Despite these advances, an important gap remains
in determining which PPG wavelength configuration is
most useful for anemia classification [28][29]. Many
previous studies have used a single PPG wavelength,
a limited subset of optical channels, or multi-
wavelength input as a fixed design, without
systematically comparing whether one-channel, two-
channel, or three-channel configurations provide the
best classification trade-off [30][31]. Smartphone-
based non-invasive anemia detection has also been
reported, but this approach does not directly address
the role of PPG wavelength configuration [32]. This
issue is important because adding more wavelengths
may increase hardware complexity without necessarily
improving classification performance. Therefore, the
novelty of this work lies not in proposing a new sensor
or classifier, but in evaluating whether increasing
wavelength complexity actually improves anemia
classification performance. Specifically, this study
compares seven PPG signal configurations: Green,
Red, IR, Green+Red, Green+IR, Red+IR, and all
channels. This comparison is designed to determine
whether the best performance is obtained from a
single-channel, dual-channel, or three-channel
configuration. In addition, careful model evaluation is
required in PPG-based machine-learning applications
because performance can be influenced by feature
selection, validation design, and data partitioning
strategies [33]. Rigorous validation is also needed
because data leakage can occur when multiple
segments from the same subject appear in both

training and test sets [34][35]. Therefore, subject-based
data partitioning is needed to reduce overly optimistic
performance estimates in supervised biomedical
machine-learning studies [36].

This study addresses these gaps by examining how
wavelength configuration and signal duration jointly
affect machine-learning performance in preliminary
PPG-based anemia classification. The dataset
consisted of 52 subjects with triple-wavelength PPG
recordings and reference hemoglobin values [37]. In
addition, PPG waveform analysis can provide
complementary biomarkers related to cardiovascular
and vascular characteristics [38]. The role of signal
duration also requires further investigation, because
shorter recordings are more practical for screening,
while longer recordings may provide more stable
morphological features and signal-derived indices
[39][40]. Remote PPG has also been investigated for
hemoglobin-related assessment, supporting the
broader potential of optical physiological signals for
non-invasive screening applications [41].

Therefore, the aim of this study is to evaluate how
different PPG wavelength configurations and recording
durations affect the performance of preliminary anemia
classification using classical machine learning models.
Seven channel configurations representing single-
wavelength, dual-wavelength, and three-wavelength
inputs were evaluated across four recording durations:
30, 45, 60, and 90 s. The evaluated configurations were
Green, Red, IR, Green+Red, Green+IR, Red+IR, and
all channels. Four classical machine learning classifiers
were compared, namely Support Vector Machine,
Logistic Regression, Random Forest, and Extra Trees,
using class-weighted learning to reduce the effect of
class imbalance. All experiments used subject-based
cross-validation to obtain a more reliable internal
validation estimate and to prevent subject-level data
leakage.

The specific contributions of this study are as follows:

1. A systematic comparison of Green, Red, IR,
Green+Red, Green+IR, Red+IR, and all-channel
PPG configurations was performed to identify which
level of wavelength complexity provides the best
anemia-classification performance.

2. The effect of recording duration was evaluated at
30, 45, 60, and 90 s under the same subject-based
validation framework, allowing the interaction
between wavelength configuration and signal length
to be examined.

3. Four classical machine learning classifiers, namely
Support Vector Machine, Logistic Regression,
Random Forest, and Extra Trees, were evaluated
using class-weighted learning and subject-based
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cross-validation to reduce the effect of class
imbalance and subject-level data leakage.

4. The best-performing configuration was interpreted
using clinically relevant evaluation metrics,
including anemia recall, specificity, balanced
accuracy, ROC-AUC, PR-AUC, confusion matrices,
baseline comparison, and fold-wise variability.

The remainder of this paper is organized as follows.
Section Il describes the research method, including the
dataset, data processing, classification procedure, and
evaluation strategy. Section Il presents the
experimental results, including comparisons of channel
configurations, performance across signal durations, a
baseline comparison, and additional validation. Section
IV discusses the findings in terms of model
performance, signal configuration, and study
limitations. Finally, Section V concludes the paper.

Il. Method
A. Dataset

The overall experimental workflow is illustrated in Fig.
1. The diagram clarifies the complete pipeline from
public PPG-Hb dataset selection, duration-based

segmentation, preprocessing and signal-quality
checking, PPG feature extraction, wavelength-
configuration construction, class-weighted

classification, subject-based validation, and final
performance evaluation. This block diagram also
separates the main experimental factors, namely
recording duration, wavelength setting, model
selection, and leakage-control strategy.

This study was conducted in two experimental
stages. The first stage used features extracted from the
full 90 s recording to compare classification models and

signal combinations. The second stage evaluated the
effect of signal duration by analyzing configurations of
30 s, 45 s, 60 s, and 90 s. This two-stage design
allowed the best-performing model from the initial
experiment to be examined more closely under
different duration settings.

The task was formulated as a binary classification
problem between anemia and normal classes. Subjects
were labeled as anemic when Hb < 12 g/dL and as
normal when Hb = 12 g/dL. A total of 52 subjects were
successfully processed, consisting of 42 normal
subjects and 10 anemia subjects. This distribution
indicates a clear class imbalance, with anemia
representing only a small minority of the dataset.
Preliminary exploratory analysis also showed a
demographic imbalance: all anemia cases were
female, and the average age of the anemia group was
higher than that of the normal group. The mean age
was 22.3 years in the normal group and 28.8 years in
the anemia group, with a Mann-Whitney U test
indicating a statistically significant age difference
between the two groups (p = 0.0006). No missing
values or infinite values were found in the generated
feature dataset.

Although age and sex were available in the raw
dataset, they were not used as predictors in the final
model. The exclusion of age and sex was intended to
reduce the direct demographic dependence of the
classifier. However, this step does not fully eliminate
demographic confounding, as sex and age may still
indirectly influence PPG morphology. Therefore, the
results should be interpreted cautiously, particularly
because the classifier may still learn signal patterns
associated with demographic differences rather than
anemia-specific physiological characteristics. For this
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Fig. 1. Flowchart of research experimental design for anemia detection based on multispectral PPG signals
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reason, this study focused only on features derived
from the PPG signals, which aligns with the objective
of evaluating a low-complexity, signal-only
classification approach.

As the output of the data-preparation stage, the
pipeline generated multiple feature datasets for each
duration configuration. The 30 s configuration produced
156 segments, the 45 s configuration produced 104
segments, and the 60 s and 90 s configurations
produced 52 segments each. Each dataset contained
PPG features derived from the green, red, and infrared
channels together with metadata required for subject-
based validation, including subject identity and fold
assignment. These datasets were then used to
compare model performance across channel
combinations and signal durations for preliminary non-
invasive anemia classification.

B. Data Processing

Each raw recording contains three PPG channels:
LEDC1 (green, 535 nm), LEDC2 (infrared, 880 nm),
and LEDC3 (red, 660 nm) [37]. These wavelengths
differ in tissue penetration depth and optical sensitivity,
which is central to the channel-comparison design of
this study [23]. The analysis used the filtered version of
the public PPG dataset. No additional digital filtering,
motion-artifact removal, or baseline correction was
applied beyond the dataset preparation stage and the
peak/trough selection procedure used during feature
extraction. Signal quality was checked at the feature-
table level by verifying the presence of missing values
and infinite values. Segments with insufficient detected
peaks or troughs were handled by assigning zero
values to the corresponding temporal or amplitude
feature. This limited signal-quality procedure is
acknowledged as a methodological limitation.

For a duration L and sampling frequency fs = 100
Hz, the number of samples in each segment was
computed using Eq. (1), and the non-overlapping
segment signal for channel ¢ and segment s was
defined using Eq. (2). In Eg. (1), Ns denotes the
number of samples in one segment, L denotes the
selected recording duration in seconds, and fs denotes
the sampling frequency in hertz. In Eq. (2), x.s[n]
denotes the nth sample of segment s from PPG
channel ¢, x. [ ] denotes the original filtered signal of
that channel, n is the within-segment sample index
from 0 to Ns - 1, and s identifies the non-overlapping
segment order.

Ny =L X f (1)
Xcsln]l=x.[n+s-Ns], n=01,..,Ng—1 (2)

The 90 s recordings were segmented non-
overlappingly into three 30 s windows, two 45 s

windows, or single 60 s and 90 s windows. These
configurations corresponded to 3000, 4500, 6000, and
9000 samples, respectively. Peak and trough
candidates were detected from the filtered PPG signal
using the SciPy find_peaks function. Peak detection
used a minimum distance of 50 samples and a
prominence of 5. At 100 Hz, the distance parameter
corresponds to 0.5 s, which reduces the number of
physiologically  implausible  detections  above
approximately 120 beats per minute. The prominence
value was selected empirically to suppress low-
amplitude fluctuations while preserving dominant
systolic peaks. These parameters were kept fixed
across wavelengths and durations to avoid channel- or
duration-specific overfitting.

pi = argmax,x.s[n] (3)
t; = argmin,x,¢[n] (4)

In Eq. (3) and Eq. (4), pi and ti denote the sample
indices of the ith detected systolic peak and diastolic
trough, respectively. The operators argmax, and
argmin, return the sample index with the maximum or
minimum amplitude within the local search interval,
while x.[n] represents the PPG amplitude at sample
n for channel ¢ and segment s.

A; = Xe,s [pi] — X5 [ti] (5)
1

ACmean = X g(:lAi (6)
1

DCrean = X €(=1 Xe,s [t:] (7)

AC _ ACmean

DC ~ DCrmeante (8)

SDA — ’Zf(=1(14§<—:41cmean)z (9)

The amplitude component Aiin Eq. (5) - Eq. (9). Eq.
(5) calculates the beat-level amplitude component as
the difference between the systolic peak and diastolic
trough amplitudes. Eq. (6) computes ACpean as the
average pulsatile amplitude across valid beats. Eq. (7)
defines DC,ean a@s the average trough or baseline-
related component. Eq. (8) calculates the AC/DC ratio
by normalizing the pulsatile component against the
baseline component, with € added to prevent division
by zero. Eq. (9) computes SD, , which represents the
variability of beat-level amplitude components across
valid beats. In these equations, K denotes the number
of valid detected beats in a segment.

PIi — pi+;s—Pi (10)

1 _
Pliean = Eﬂif PI; (11)
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Plsp = ’Z{(=_11(P;{i:12’1mean)z (1 2)

SRT; = ”fi (13)
DFT; = ”}—"’ (14)
SRTean =% K SR, (15)
DFToean = 7 Ni5! DFT, (16)

Temporal features were calculated from the
positions of systolic peaks and diastolic troughs. In Eq.
(10), PI; denotes the peak interval of the ith beat, p;
and p;,; 1 denote two adjacent systolic peak indices,
and fs converts the interval from samples into seconds.
In Eq. (11) and Eq. (12), Plyeanand Plgp denote the
mean and standard deviation of the peak intervals
across valid beats. In Eq. (13) and Eq. (14),
SRT; denotes systolic rise time from trough t; to peak
p;, whereas DFT;denotes diastolic fall time from peak
p; to the next trough t;,;. In Eq. (15) and Eq. (16),
SRTean @and DFTean represent the average systolic
rise time and diastolic fall time across beats.

All extracted features were compiled into a feature
table that also contained metadata, including
SubjectID, SegmentlD, Fold, Ground_Truth, and
Anemic labels. In the 90 s dataset, each subject
produced one data unit, whereas in the 30 s, 45 s, and
60 s configurations each subject could contribute
multiple segments depending on the segmentation
scheme. These metadata were retained to support
subject-based validation and to ensure that all
segments from the same subject were assigned to the
same validation fold.

C. Classification and Evaluation

To evaluate the influence of multispectral channels,
seven feature scenarios were defined: Green, Red, IR,
Green+Red, Green+IR, Red+IR, and All. These
scenarios were used to compare the contributions of
single-channel, two-channel, and three-channel
configurations to anemia classification performance.
The evaluated classifiers were Support Vector Machine
(SVM), Logistic Regression, Random Forest, and Extra
Trees. SVM was implemented with a radial basis
function kernel to model non-linear decision
boundaries, while Logistic Regression served as a
linear baseline model. Random Forest and Extra Trees
were included as tree-based ensemble models to
provide a comparison with non-linear ensemble
classifiers. Feature normalization using
StandardScaler was applied to SVM and Logistic
Regression, whereas the tree-based models were
trained without additional scaling.

To address class imbalance, all classifiers were
trained using class-weighted learning  with
class_weight="balanced”. The class weight for class j
was computed using Eq. (17). In this equation, w;
denotes the weight assigned to class j during model
training, N denotes the total number of training samples
in the current fold, C denotes the number of target
classes, and N; denotes the number of training samples
belonging to class ;.

N

Wi = o (17)
7y =" (18)
K(x;,x;) = exp (—y||xi —xj||2) (19)
f(x) = sign(¥; a;y;K(x;,x) + b) (20)

The mean p, and standard deviation o, were
estimated only from the training fold and then applied
to the corresponding test fold to avoid data leakage.
Eq. (18) defines z-score standardization, where x, is
the original value of feature k, p, is the training-fold
mean of the feature k, o}, is the corresponding training-
fold standard deviation, and z, is the standardized
feature value. Eq. (19) defines the radial basis function
kernel used by SVM, where K(x;,x) measures the
similarity between the training vector xi and the input

2
vector x, ¥y controls the kernel width, and ||xi - xj|| is

the squared Euclidean distance. Eq. (20) defines the
SVM decision function, where ai denotes the learned
support-vector coefficient, yi is the class label of the ith
support vector, and b is the bias term, sign(.) converts
the decision value into a class prediction, and f(x)
denotes the predicted decision output.

These classifiers were selected to maintain a low-
complexity and reproducible evaluation framework,
because the main objective of this study was to
examine the effects of wavelength configuration and
signal duration rather than to maximize performance
through extensive model optimization. Gradient
boosting models were not included as primary
classifiers because the dataset contained only 52
subjects, including 10 anemia subjects, which may
increase the risk of overfitting and fold-dependent
instability in more aggressively optimized ensemble
models. Probability-calibrated classifiers were also not
emphasized because reliable calibration requires
sufficient minority-class samples in each validation fold,
whereas the anemia class in this study was very small.
Therefore, model evaluation focused on class-
weighted classical classifiers, fold-wise variability,
ROC-AUC, PR-AUC, and confusion-matrix-based
metrics. Future work with larger datasets should
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investigate gradient boosting, calibrated classifiers,
threshold adjustment, and cost-sensitive optimization
more systematically.

In the initial experiment, all channel combinations
were evaluated using the four classifiers on the full 90
s recording. Based on the initial-stage results, the best-
performing classifier, i.e., SVM, was carried forward to
the duration analysis. To avoid data leakage, all
experiments used subject-based validation. Each
subject was assigned to one of five folds using
Stratified Group KFold so that all segments originating
from the same subject were always placed in the same
fold. This procedure ensured that samples from the
same subject did not appear simultaneously in the
training and test sets. Model evaluation was performed
using a 5-fold cross-validation scheme based on
PredefinedSplit with predetermined subject folds. The
same validation framework was applied consistently to
the 30 s, 45 s, 60 s, and 90 s datasets, ensuring
comparisons across durations were made under
identical subject-based conditions. Performance was
evaluated primarily using macro F1-score because it
gives equal importance to the normal and anemia
classes under an imbalanced class distribution. The
confusion-matrix definitions and evaluation metrics
were calculated using Eq. (21) - (29), which are
standard diagnostic-classification metrics [33][37][39].
TP+TN

Accuracy = —— " — (21)
Error rate = % (22)
Precision, = TPZ’;PC (23)
Recall, = TPCTf;NC (24)
1= S @
Macro F1 = femal* anenia (26)
Sensitivity = (27)
Specificity = —-"— (28)
Balanced Accuracy = SSrSiviy+Specifcty (29)

2

The evaluation metrics were defined in Eq. (21) -
Eq. (29). Eq. (21) defines accuracy as the proportion of
correctly classified samples, while Eq. (22) defines the
error rate as the proportion of incorrect predictions. Eq.
(23) defines class-wise precision, which measures the
proportion of predicted class-c samples that are
correct. Eq. (24) defines class-wise recall, which
measures the proportion of actual class-c samples that
are correctly detected. Eq. (25) defines class-wise F1-

score as the harmonic mean of precision and recall. Eq.
(26) defines macro F1-score as the average of the F1-
scores for the normal and anemia classes. Eq. (27)
defines sensitivity, which corresponds to anemia recall
in this study. Eq. (28) defines specificity, which
measures the correct identification of normal subjects.
Eq. (29) defines balanced accuracy as the average of
sensitivity and specificity. In these equations, TP, TN,
FP, and FN denote true positives, true negatives, false
positives, and false negatives, respectively.

The complete subject-based evaluation procedure
is summarized in Algorithm 1. This algorithm describes
the sequence from duration-based segmentation, peak
and trough detection, feature extraction, channel-set
construction, subject-based fold assignment, class-
weighted classifier training, and final performance
evaluation.

Algorithm 1. Subject-based wavelength and

duration evaluation procedure.

Input:

PPG recordings, Hb labels, subject IDs, durations,

channel sets, and classifiers

Output:

Fold-wise metrics, pooled metrics, and confusion

matrices

1. Segment each 90 s recording into 30, 45, 60, or
90 s windows.

2. Detect peaks and troughs with fixed distance and
prominence.

3. Extract amplitude and temporal features using
Eq. (5) - (16).

4. Build seven channel sets: Green, Red, IR, G+R,
G+IR, R+IR, and All.

5. Assign all windows from one subject to the same
validation fold.

6. Train each classifier with class weighting using
Eq. (17).

7. Test on the held-out subject fold.

8. Compute Eq. (21) - (29), ROC-AUC, PR-AUC,
and confusion matrix.

9. Compare channels, durations, baselines, and
fold-wise variability.

In addition to macro F1-score, clinically relevant
metrics were reported, including anemia
sensitivity/recall, specificity, balanced accuracy, ROC-
AUC, PR-AUC, and confusion matrices. Sensitivity was
defined as the recall for the anemia class, while
specificity was defined as the ability of the model to
correctly identify normal subjects. Balanced accuracy
was used to summarize the average performance
across both classes. ROC-AUC and PR-AUC were
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included to evaluate the ranking performance of the
classifier, with PR-AUC considered particularly
relevant because the anemia class was small and
clinically important.

All segments from the same subject were assigned
to the same fold to prevent subject leakage. Although
StratifiedGroupKFold was used, the small number of
anemia subjects led to unequal minority-class
distributions across folds, with one to three anemia
subjects per test fold. The subject-based fold

Table 1. Subject-based fold composition.

Fold Total subjects  Anemia subjects
Fold 1 11 1
Fold 2 10 3
Fold 3 10 1
Fold 4 10 2
Fold 5 11 3

composition used in the cross-validation procedure is
presented in Table 1. This table is provided to clarify
the distribution of anemia subjects across folds,
because the limited number of anemia cases may
affect fold-wise performance stability. The resulting
performance values were compared across classifiers,
channel combinations, and signal durations to examine
how wavelength selection and recording duration jointly
affect classification performance, and whether a lower-
complexity configuration can match or exceed a higher-
complexity one. The interpretation of model
performance emphasized anemia-class recall and fold-
wise variability, because high overall performance may
still be clinically limited if the model fails to identify a
substantial proportion of anemia cases.

lll. Results
A. Channel Configuration Comparison

A total of 52 subjects were successfully processed
during feature extraction, yielding 24 PPG features
across three wavelengths together with the metadata
required for analysis. The class distribution consisted of
42 normal subjects (80.8%) and 10 anemic subjects
(19.2%), with a mean hemoglobin level of 14.17 + 2.62
g/dL and a mean age of 23.58 + 5.09 years. Table 2
summarizes the participant demographics, class
distribution, and data-quality indicators used in this
study.

The initial experiment compared seven PPG signal
configurations, consisting of three single-channel
configurations (Green, Red, and IR), three dual-channel
configurations (Green+Red, Green+IR, and Red+IR),

and one three-channel configuration (All:
Green+Red+IR). This comparison was designed to
evaluate whether anemia classification benefited more
from one-channel, two-channel, or three-channel PPG
input. Fig. 2 reports the five best-performing signal
configurations and classifier pairs from the initial
experiment.

As shown in Fig. 2, the pooled cross-validated result
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Fig. 2. Comparison of macro F1-score among the
five best-performing signal combination and
classifier configurations in the initial anemia
classification experiment.

indicated that the Red+IR configuration with SVM
achieved the highest performance at 90 s, with a macro
F1-score of 0.754. This result was mainly supported by
strong normal-class performance, with F1-Normal of
0.920, while anemia-class performance remained lower,
with F1-Anemia of 0.588, Recall-Anemia of 0.500, and
Precision-Anemia of 0.714. The pooled confusion matrix
showed 35 true negatives, 7 false positives, 5 false
negatives, and 5 true positives, corresponding to an
accuracy of 0.769 and an error rate of 0.231. The
second-best configuration was All (Green+Red+IR) with
SVM, which achieved a macro F1-score of 0.684.

Table 2 shows that the dataset was highly
imbalanced and demographically uneven, while Fig. 2
indicates that adding the green channel to Red+IR did
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not improve performance. The All configuration
achieved a lower macro F1-score than Red+IR,
suggesting that the green wavelength provided limited
additional discriminative value at this feature-extraction

Table 2. Summary of participant demographics
and data quality metrics used in this study.

Parameter Value

Total subjects 52
42 (80.8%)
10 (19.2%)

Female subjects 38

Normal subjects

Anemic subjects

Male subjects 14

Mean hemoglobin (all

subjocts) 14.17 + 2.62 g/dL

Mean hemoglobin (female) 13.27 £ 2.15 g/dL

16.61 + 2.22 g/dL

Mean hemoglobin (male)

Mean age 23.58 + 5.09 years
Mean age (normal) 22.3 years

Mean age (anemic) 28.8 years
Mann-Whitney U test (age) p = 0.0006
Missing values None

Infinite values None

level. These results indicate that wavelength selection
may be more important than wavelength count, and that
a dual-channel configuration can offer a better accuracy-
complexity trade-off than using all available PPG
channels.

Although Red+IR achieved the highest pooled macro
F1-score, the fold-wise analysis showed substantial
variability. In particular, anemia sensitivity varied
strongly across folds, reflecting instability due to the
limited number of anemia subjects. For the Red+IR
configuration at 90 s, the fold-wise macro F1-score was
0.617 + 0.251, sensitivity was 0.467 + 0.506, specificity
was 0.846 + 0.144, balanced accuracy was 0.656 *
0.277, ROC-AUC was 0.864 + 0.150, and PR-AUC was
0.694 + 0.344. The total confusion matrix across folds
consisted of 35 true negatives, 7 false positives, 5 false
negatives, and 5 true positives. These results show that
the model still missed 5 of 10 subjects with anemia;
therefore, the performance should be interpreted as
preliminary rather than clinically sufficient for screening.

B. Performance Across Signal Durations

Signal duration affected performance unevenly across
configurations, as shown in Table 3. Red+IR improved

monotonically across all four durations, increasing from
a macro F1-score of 0.543 at 30 s to 0.754 at 90 s. This
represented a gain of 0.211 points, the largest
improvement among all evaluated configurations. A
similar but smaller trend was observed for the All

Table 3. Macro F1-score of the SVM model

across signal combinations and recording
durations.
Combination 30s 45s 60s 90s
Green 0.458 0.456 0.546 0.538
Red 0.534 0.525 0.511 0.512
IR 0.553 0.529 0.590 0.563
Green+Red 0.497 0.510 0.530 0.612
Green+IR 0.560 0.567 0.596 0.637
Red+IR 0.543 0.590 0.612 0.754
All 0.546 0.483 0.597 0.684

configuration, where macro F1-score increased from
0.546 at 30 s to 0.684 at 90 s. In contrast, the single-
channel configurations showed smaller and less
consistent changes across durations. Table 4 reports the
corresponding recall values for the anemia class.

The macro F1-score results across signal

Table 4. Recall of the anemia class across signal
combinations and recording durations.

Combination 30s 45s 60 s 90 s

Green 0.300 0.300 0.500 0.400
Red 0.400 0.400 0.400 0.300
IR 0.467 0.450 0.500 0.600
Green+Red 0.200 0.250 0.200 0.400
Green+IR 0.267 0.300 0.400 0.500
Red+IR 0.300 0.350 0.400 0.500
All 0.167 0.100 0.300 0.400

combinations and recording durations are summarized
in Table 3, while the corresponding anemia-class recall
values are presented in Table 4. These two tables are
interpreted together because macro F1-score reflects
overall class-balanced performance, whereas anemia
recall reflects the clinically important minority class.
Among the single-channel configurations, IR produced
the highest anemia recall at 90 s, reaching 0.600. This
suggests that the infrared channel carries more anemia-
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relevant information than either the green or the red
channel alone. However, the Red+IR configuration
provided the most favorable trade-off between overall
macro F1-score and anemia-class performance.
Although its anemia recall was 0.500, it achieved
substantially higher overall classification performance
than IR alone.

Among the dual-channel configurations, Green+IR
showed relatively consistent performance across
durations, while Green+Red improved gradually but
remained inferior to Red+IR at 90 s. Overall, these
findings suggest that wavelength configuration and
signal duration are coupled design variables. The benefit
of longer recordings was most pronounced for Red+IR,
while single-channel configurations showed
comparatively limited improvement as recording
duration increased. However, statistical testing showed
that the observed duration-related improvement should
be interpreted with caution. Wilcoxon signed-rank testing
across folds did not show statistically significant
differences between shorter durations and 90 s for
Red+IR macro F1-score. The p-values were 0.3125 for
30 sversus 90 s, 0.6250 for 45 s versus 90 s, and 0.7500
for 60 s versus 90 s. Therefore, the observed
improvement with longer duration should be interpreted
as a descriptive trend rather than a statistically confirmed
effect.

C. Baseline Comparison and Additional Validation

To determine whether the proposed model provided
meaningful performance beyond simple decision rules,
the Red+IR SVM model at 90 s was compared with two
baseline approaches: majority-class prediction and
stratified random prediction. Table 5 reports this
baseline comparison using macro F1-score, F1-
Anemia, sensitivity, specificity, balanced accuracy, and
PR-AUC.

As shown in Table 5, compared with the majority-
class and stratified random baselines, the proposed
Red+IR SVM model improved macro F1-score and
anemia-class detection. The Red+IR SVM achieved a
macro F1-score of 0.617 + 0.251, compared with 0.445
+ 0.029 for the majority-class baseline and 0.431
0.107 for the stratified random baseline. The
improvement was particularly clear in PR-AUC, where
Red+IR SVM achieved 0.694 + 0.344, compared with
0.193 + 0.096 and 0.208 + 0.116 for the two baselines.
However, the remaining false negatives indicate that
the model still misses a substantial proportion of
anemia cases. Taken together, the results indicate that
Red+IR at 90 s produced the best pooled performance
among the evaluated configurations. Nevertheless, the
high fold-wise variability, limited anemia recall, and
non-significant duration differences indicate that the
findings remain preliminary and should be validated
using larger and more demographically balanced
datasets.

Table 5. Additional validation and baseline comparison for the 90 s Red+IR SVM model.

Macro . - s Balanced
Model F1-score F1-Anemia Sensitivity  Specificity Accuracy PR-AUC
. . 0.445 + 0.193 +
Maijority-class baseline 0.029 0.000 0.000 1.000 0.500 0.096
Stratified random 0.431 + 0.080 + 0.067 + 0.783 + 0.425 + 0.208 +
baseline 0.107 0.179 0.149 0.060 0.101 0.116
0.617 + 0.380 * 0.467 + 0.846 + 0.656 * 0.694 +
Red+IR SVM 0.251 0.415 0.506 0.144 0277 0344

IV. Discussion
A. Model Performance

The results show that the Red+IR configuration with
class-weighted SVM produced the strongest pooled
performance among the evaluated configurations. This
configuration achieved a macro F1-score of 0.754,
higher than the All configuration with SVM (0.684). The
difference of 0.070 indicates that adding the green
channel to the Red+IR pair did not improve the
classification result in this dataset. This finding
supports the interpretation that wavelength selection
was more important than wavelength count for the
evaluated handcrafted PPG features. The performance
of the best model was mainly supported by strong

normal-class classification. Red+IR SVM achieved F1-
Normal of 0.920, while F1-Anemia was lower at 0.588.
This gap indicates that the model was more reliable in
identifying normal subjects than anemic subjects. The
pooled confusion matrix further supports this
interpretation, with 35 true negatives, 7 false positives,
5 false negatives, and 5 true positives. Therefore,
although the pooled accuracy reached 0.769, the
anemia recall was only 0.500, meaning that the model
correctly detected only 5 of 10 anemia cases. From a
screening perspective, the anemia recall rate of 0.500
remains limited. In anemia screening, false negatives
are clinically important because missed cases of
anemia may delay further examination and
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intervention. Therefore, the best-performing Red+IR
SVM model should not be interpreted as clinically ready
for screening. Instead, it should be interpreted as a
preliminary finding that Red+IR may be a promising
wavelength configuration for further investigation. The
fold-wise results also show that the model performance
was unstable. For Red+IR SVM at 90 s, the fold-wise
macro F1-score was 0.617 + 0.251, sensitivity was
0.467 + 0.506, specificity was 0.846 + 0.144, balanced
accuracy was 0.656 + 0.277, ROC-AUC was 0.864 +
0.150, and PR-AUC was 0.694 + 0.344. The large
standard deviation of sensitivity indicates that anemia
detection varied substantially across validation folds.
This instability is consistent with the small number of
anemia subjects, where each fold contained only one
to three anemia subjects. Compared with the baseline
models, Red+IR SVM showed meaningful
improvement. The macro F1-score of Red+IR SVM
was 0.617 £ 0.251, compared with 0.445 + 0.029 for
the majority-class baseline and 0.431 + 0.107 for the
stratified random baseline. The improvement was more
pronounced in PR-AUC, where Red+IR SVM achieved
0.694 + 0.344, while the majority-class and stratified
random baselines achieved only 0.193 + 0.096 and
0.208 + 0.116, respectively. This indicates that the
proposed model learned discriminative information
beyond simple class-prior prediction. However, the
remaining false negatives indicate that this
improvement was insufficient for reliable clinical
screening.

B. Signal Configuration and Duration

The comparison across wavelength configurations
indicates that more channels did not automatically
produce better performance. The best pooled result
was obtained using Red+IR, not the full Green+Red+IR
configuration. Red+IR achieved a macro F1-score of
0.754 at 90 s, while the All configuration achieved
0.684. This means that the three-channel configuration
was 0.070 lower despite using more wavelength
information. Therefore, the additional green channel
may have introduced redundant or less discriminative
information under the current feature-extraction
approach. Among the single-channel configurations, IR
showed the highest anemia recall at 90 s, reaching
0.600. However, its macro F1-score was only 0.563,
lower than that of Red+IR. This suggests that IR alone
may capture anemia-related information, but its overall
class balance was weaker than the Red+IR
combination. In contrast, Red+IR achieved a better
overall trade-off, with macro F1-score of 0.754 and
anemia recall of 0.500. This result suggests that the
complementary information from red and infrared
wavelengths was more useful than using either channel
alone.

The duration analysis also showed that recording
length influenced the classification result, but the effect
was configuration-dependent. For Red+IR, macro F1-
score increased from 0.543 at 30 s to 0.590 at 45 s,
0.612 at 60 s, and 0.754 at 90 s. This increase of 0.211
from 30 s to 90 s was the largest improvement among
the evaluated configurations. The All configuration also
improved from 0.546 at 30 s to 0.684 at 90 s, but the
improvement was smaller than that of Red+IR. These
findings suggest that longer recordings may provide
more stable morphological and temporal PPG features,
especially when the selected wavelengths are
complementary. However, the duration-related
improvement should be interpreted cautiously. The
Wilcoxon signed-rank test did not show a statistically
significant difference between shorter durations and 90
s for the Red+IR macro F1-score. The p-values were
0.3125 for 30 s versus 90 s, 0.6250 for 45 s versus 90
s, and 0.7500 for 60 s versus 90 s. Therefore, the
observed improvement from 30 s to 90 s should be
interpreted as a descriptive trend rather than a
statistically confirmed effect. This is important because
the small sample size and the limited number of
subjects with anemia reduce the statistical power of the
comparison. Overall, the signal-configuration results
indicate that Red+IR may provide a more favorable
accuracy-complexity trade-off than the full three-
channel configuration. From a low-complexity device
perspective, this finding is relevant because using two
wavelengths may reduce hardware complexity
compared with using three wavelengths. Nevertheless,
because the anemia recall remained limited and the
fold-wise variability was high, this result should be
treated as preliminary evidence for wavelength
selection rather than as final device-level validation.

The comparison with previous studies serves as
contextual positioning rather than direct ranking, since
the studies differ in modality, task, validation strategy,
dataset size, and metrics. Some estimate hemoglobin
through regression, whereas this study evaluates
binary anemia classification using signal-only
handcrafted PPG features. Compared with image-
based anemia screening, the present Red+IR SVM
model is more conservative in performance. Dimauro
et al. [19] reported higher sensitivity and specificity
using conjunctiva-related image features, and Saleh et
al. [30] reported substantially higher classification
accuracy when PPG signals were combined with
clinical data. In contrast, the present study intentionally
excluded demographic and clinical predictors and
focused on a smaller signal-only setting; therefore, its
lower anemia recall highlights both the difficulty of the
task and the preliminary nature of the findings.
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Table 6. Comparison with previous non-invasive anemia and hemoglobin-related studies.

Study Modality / Method  Main Task Reported Performance Comparison with This Study
Dimauro Conjunctiva Anemia Sensitivity = 79%, Dimauro et al. reported higher
etal.[19] image-based classification  specificity = 74% anemia sensitivity than the
machine learning present work, but used image-
based pallor features rather than
PPG waveform features.
Chen et Four-wavelength Hemoglobin R?=0.997, RMSE = Chen et al. focused on Hb
al. [13] PPG with feature  estimation 0.762 g/L, MAE = regression, while the present
selection and 0.325 g/L study focused on binary anemia
XGBoost classification and wavelength-
configuration comparison.
Zhuetal. Multispectral PPG Hemoglobin MAE =2.67 g/L, R* = Zhu et al. demonstrated the
[21] device with estimation 0.91 feasibility of multispectral PPG
AdaBoost for Hb estimation, whereas the
present study evaluated whether
fewer wavelength channels
could still support anemia
classification.
Peng et Eight-wavelength  Hemoglobin RMSE =1.72 g/dL, Peng et al. used a higher-
al. [22] PPG with estimation PCC =0.76 complexity eight-wavelength
ensemble setup, while the present study
extreme learning evaluated a lower-complexity
machine three-wavelength PPG dataset.
Ni et al. Red and infrared Hemoglobin  RMSE = 0.321 g/dL, Ni et al. also highlighted the
[29] PPG features with  estimation R2=0.967, MRE = relevance of Red+IR information,
machine learning 2.46% supporting the finding that red
and infrared wavelengths may
contain useful hemoglobin-
related signal characteristics.
Saleh et PPG signal and Anemia Accuracy = 100% Saleh et al. reported very high
al. [30] clinical data with classification anemia-classification
machine learning performance using PPG and
clinical data, while the present
study used signal-only
handcrafted PPG features and
obtained more limited anemia
recall.
Mulia Triple-wavelength  Anemia Macro F1-score = The present study showed that
Rahmah PPG features with  classification 0.754, F1-Anemia = Red+IR produced the best
etal./ class-weighted and 0.588, anemia recall = performance among the
This SVM wavelength-  0.500, accuracy = evaluated configurations, but the
study configuration 0.769, error rate = model still missed 5 of 10
comparison  0.231, ROC-AUC = anemia cases; therefore, the

0.864 + 0.150, PR-
AUC =0.694 + 0.344

result should be interpreted as
preliminary rather than clinically
ready.

A different pattern appears when the present results
are viewed beside hemoglobin-estimation studies.
Chen et al. [13], Zhu et al. [21], and Peng et al. [22]

configurations

reported strong regression performance using four-
wavelength, multispectral, or eight-wavelength optical
machine-learning

with  optimized
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models. Those studies support the general value of
optical PPG information for hemoglobin-related
assessment, but they do not answer the same question
addressed here: whether adding wavelength
complexity improves binary anemia classification under
a low-complexity, subject-based validation design. The
closest methodological direction is the use of red and
infrared information for hemoglobin-related analysis. Ni
et al. [29] emphasized the use of red and infrared PPG
features for non-invasive hemoglobin estimation, which
is consistent with the present observation that Red+IR
produced the best pooled macro F1-score among the
evaluated channel settings. Even so, the present model
still missed half of the anemia cases, so the Red+IR
finding should be interpreted as a promising
wavelength-selection result rather than as evidence of
clinical screening readiness. Table 6 summarizes
related non-invasive anemia detection and hemoglobin
estimation studies. The comparison positions the
present work as a preliminary, signal-only, subject-
based validation study whose main contribution is the
evaluation of wavelength-configuration complexity
rather than the claim of superior diagnostic
performance.

This study has several limitations, including a small
sample size. First, the anemia class contained only 10
subjects, while the normal class contained 42 subjects.
This imbalance limited minority-class learning and
contributed to high fold-wise variability. The sensitivity
standard deviation of 0.506 indicates that anemia
detection was highly dependent on fold composition.
Second, the dataset was demographically imbalanced.
All anemia subjects were female and, on average, older
than the normal group, with a mean age of 28.8 years
in the anemia group and 22.3 years in the normal
group. Although age and sex were excluded from the
predictor set, demographic confounding cannot be
ruled out, as they may still influence PPG morphology
indirectly.

Third, the signal-quality procedure was limited. The
analysis used the filtered version of the public dataset,
but no additional motion-artifact rejection, independent
signal-quality index, or advanced baseline correction
was applied. Signal quality was primarily assessed by
inspecting missing and infinite values in the extracted
feature table. Fourth, the validation was internal and
subject-based, but no external dataset was used.
Therefore, generalizability across different populations,
devices, acquisition protocols, and measurement
environments remains unknown. Finally, the proposed
model should not be interpreted as a direct
hemoglobin-estimation method or a clinically validated
screening tool. The best model still missed 5 of 10
anemia cases, and the duration-related improvement

was not statistically significant. Future work should
validate the Red+IR configuration using larger,
externally collected, and demographically balanced
datasets. Stronger signal-quality control, artifact
handling, threshold optimization, imbalance-aware
learning, and external clinical validation are required
before this approach can be considered for practical
screening.

V. Conclusion

This preliminary subject-based validation study
evaluated the effects of PPG wavelength configuration
and recording duration on the performance of anemia
classification. Seven signal configurations were
compared, including Green, Red, IR, Green+Red,
Green+IR, Red+IR, and All, across 30, 45, 60, and 90 s
recordings. The Red+IR configuration with class-
weighted SVM at 90 s achieved the highest pooled
performance in this dataset, with a macro F1-score of
0.754, F1-Anemia of 0.588, anemia recall of 0.500,
anemia precision of 0.714, pooled accuracy of 0.769,
error rate of 0.231, ROC-AUC of 0.864 + 0.150, and PR-
AUC of 0.694 + 0.344. These results suggest that a
carefully selected two-channel configuration may
provide a better accuracy-complexity trade-off than a full
three-channel configuration; however, the model still
missed 5 of 10 anemia cases, so the findings should be
interpreted as preliminary evidence for wavelength-
configuration selection rather than clinical screening
readiness. The duration analysis showed a descriptive
improvement from 30 s to 90 s for Red+IR, but statistical
testing did not confirm a significant difference across
durations. Future work should validate the Red+IR
configuration using larger, externally collected, and
demographically balanced datasets, with stronger
signal-quality control, artifact handling, imbalance-aware
optimization, and external clinical validation before
practical screening use is considered.
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