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[Abstract]

This study forecasts weekly changes in Handysize freight rates using a simple up-or-down prediction
framework. We utilize daily Baltic Handysize Index (BHSI) data from 2006 to 2024 to construct five-day
weekly patterns, subsequently predicting whether the average rate for the following week will be higher or
lower than that of the current week. To accomplish this, we compare a comprehensive set of models, including
48 compact deep neural networks—comprising multilayer perceptrons, fully convolutional, and residual
architectures—as well as standard benchmarks such as Bi-LSTM, Transformer, support vector machine, and
random forest classifiers. Out-of-time tests conducted under various market conditions demonstrate that a
residual network with moderate sensitivity to intra-week ordering delivers the most accurate and stable forecasts,
yielding well-calibrated probabilities. These findings indicate that weekly freight patterns encompass exploitable
directional information and that the proposed residual network can function as an effective tool for chartering

decisions, freight hedging, and market monitoring within the dry bulk shipping industry.
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I. Introduction

Forecasting freight rates in the dry bulk market

has long been a central issue in maritime

economics, as short-term fluctuations directly
influence chartering decisions and investment
outcomes. Among dry bulk carriers, Handy vessels
— ships transporting 30,000 to 35,000 tons of bulk
commodities such as grain and minerals — make up
approximately 20% of the global dry bulk fleet [1,2].
their
publishes market information on Handy vessels
through the Baltic Handysize Index (BHSI) [4]. As

shown in Fig. 1, BHSI exhibits abrupt intra-week

Given importance, Clarksons Research

fluctuations that occasionally exceed US $1,000 per
day. Such volatility implies that shippers, brokers,
and investors can gain or lose substantial capital
simply depending on when they fix a Handy charter.
Consequently, short-term (weekly) forecasting has
gained increasing significance in both contemporary
maritime practice and academic research [4-6].

Baltic Exchange Handysize Index (BHSI)

2006 2008 2010 2012 2014 2016 2018 2020 2022 2024
Year

Fig. 1. Time series of the daily Baltic Handysize Index
(BHSI), illustrating substantial short—term volatility that
motivates our weekly directional forecasting approach

Although
desirable,

short-term freight prediction is

obtaining sufficiently high-frequency
explanatory variables is extremely difficult. For
example, seaborne volumes of raw materials such
as coking coal or iron ore are available only on a
monthly basis through Clarksons Research [4].
Daily or weekly data on commodity-specific loads,
constraints are
Thus,

exogenous drivers likely influence Handy rates,

port congestion, or logistics

generally not publicly observable. while

constructing a feature space with daily/weekly

This dataset
leads to a

auxiliary predictors is infeasible.

limitation inevitably univariate
forecasting setup. While this simplifies the modeling
design, it should be regarded as a limitation of the
present study rather than a conceptual choice;
future work could incorporate higher-frequency
external predictors when they become obtainable.
Previous research on freight rate forecasting has
primarily utilized regression models to predict
specific future values of indices such as the Baltic
Dry Index (BDI) or the Baltic Handysize Index
(BHSI). Yang and Mehmed (2019) employed an
Artificial Neural Network (ANN) and demonstrated
that  the with

eXogenous' inputs model enhances accuracy when

'Non-linear  AutoRegressive
incorporating Forward Freight Agreements [8].
(2016)
(EMD)
network (ANN) to forecast the BDI, outperforming

Zeng et al. combined empirical mode

decomposition with an artificial neural
both Autoregressive Integrated Moving Average
(ARIMA) and Vector Autoregression (VAR) models
[9]. Kim et al. (2019) employed Long Short-Term
Memory (LSTM) architectures and demonstrated
that incorporating exogenous variables improves
[10]. (2022)

container using

performance More recently, Feng
freight

supply—demand variables,

analyzed rate levels

macroeconomic and
reporting that machine-learning models such as
random forests outperform benchmark ARIMA and
VAR specifications [11]. Hirata and Matsuda (2022)
examined the Shanghai Containerized Freight Index
by comparing ARIMA, LSTM, and random forest
models, and found that forecasts based on LSTM
achieve the highest predictive accuracy, supporting
hedging strategies against freight-rate volatility
[12]. Li et al. (2023) proposed a hybrid model based
on Bidirectional Long Short-Term Memory
(Bi-LSTM) that decomposes shipping indices into
more regular sub-series and subsequently
forecasts each component using an optimized
Bi-LSTM significant
improvements over conventional LSTM and

tree-based baselines [13]. Han et al. (2024) further

network, achieving
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connected maritime shipping indices with Chinese
financial market indicators and demonstrated that
LSTM-based deep learning models more effectively
capture nonlinear co-movements between freight
rates and financial variables than traditional VAR
models [14]. Overall, this literature primarily treats
freight-rate prediction as a form of ‘point
forecasting’ [15] for future index levels, with limited
focus on directional or distributional forecasting.

However, three important gaps remain in the
existing freight rate forecasting literature.

* The existing freight rate literature largely
focuses on precise numeric (point) forecasts of
index levels rather than directional information,
even though direction is often more relevant for
real-time decision making under uncertainty.

*  Short-term predictability at the weekly
frequency, and in particular the role of structured
noise within such short time windows, has received
very little attention.

* Most papers emphasize statistical accuracy
measures, without systematically linking forecast
performance to practical economic consequences
for shippers, brokers, or policymakers.

To address these gaps, the present study
reformulates short-term freight forecasting as a
time-series classification problem that focuses on
weekly direction rather than point predictions.
Instead of forecasting exact index levels, this paper
predicts whether the average freight rate in the
upcoming week will be higher or lower than that of
the current week, with each calendar week
represented as a five-dimensional vector of
Monday-Friday BHSI This fixed-length

weekly pattern is represented as a small 1X5 array,

values.

serving as the fundamental input for our
classification models and establishing a direct
connection between directional predictive signals
and economically meaningful trading and hedging
decisions within the weekly prediction period.

The contributions of this study are as follows:

* We reformulate weekly Handysize freight-rate

prediction as a binary time-series -classification

task, enabling models to learn directional patterns
rather than numeric index values.

* We construct and compare 48 compact deep
neural  network

variants—covering  Multilayer

Perceptron, Fully Convolutional Network, and
Residual Network architectures—to investigate how
architectural inductive biases affect directional
predictability under limited weekly observations.

* We develop a residual architecture with
that

temporal

calibrated phase sensitivity selectively

responds to informative reorderings
within a week. This design preserves useful
structural asymmetries that invariant models, such
as Transformers, fail to exploit.

* We introduce an evaluation pipeline combining
standard  classification = measures  (accuracy,
balanced accuracy, Macro F1), cost-sensitive error
analysis, and probability calibration metrics. This
allows us to assess not only prediction correctness
but the reliability of the model's confidence scores.

* Using extensive out-of-sample validation
across multiple market regimes, we demonstrate
that ReN consistently outperforms the Bi-LSTM,
Transformer, SVM, and Random Forest baselines.
These results confirm that weekly directional
signals in Handysize freight rates are persistent,
recoverable, and structurally embedded in weekday
rate patterns.

The remainder of this paper is organized as

follows. Section I  details the proposed
classification  framework, data  preprocessing
procedure, and the deep neural network

architectures evaluated in this study. Section III
reports the empirical results, including comparative
performance analysis, out-of-time validation, and
interpretive insights into model behavior. Section
IV summarizes the main findings and discusses
potential directions for future research.

II. The Proposed Scheme

Since the forecasting objective in this study
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involves a binary time-series classification problem
for directional prediction, we first define the data
representation prior to presenting the algorithms.
For each calendar week t=1,2,--- T each
observation comprises a five-dimensional vector
representing daily values from Monday through
Friday «, expressed as the Eq. (1),

where := denotes ‘is defined as’. The binary
target 5=v:={0,1} encodes the direction of the
subsequent week shown in the Eq. (2),

1 Fri 1 Fri
yA_{lale Z xt,i>g Z Lit1,is 2)

t i= Mon i= Mon

0, othewise.

Let f:X—Y denote the predictive mapping;

given &, it outputs f(z,)=y, . This labeling
captures directional movement and defines the

classification task studied here.

1. DNN for the time series classification

Deep  neural networks for  time-series
classification were first systematized by Wang et al.
(2017) [16]. However, the current task involves a
notably limited number of weekly observations
relative to the model’s potential capacity, which
may lead to wunstable learning dynamics and
unreliable model selection. As demonstrated by Lee
(2023), this setting frequently yields highly volatile
validation-accuracy complicating the

that

consistently [17]. To overcome this limitation, we

curves,

identification of architectures generalize
employ compact architectures specifically designed
for limited-data settings. Specifically, we assess
three families of deep neural networks—Multilayer
Perceptrons (MLP), Fully Convolutional Networks
(FCN), (ReN)—each

developed to extract directional patterns from

and Residual Networks
five-day weekly segments. Although structurally
f(z) employ a common
stacked

---, g followed by a softmax

diverse, all models

formulation comprising transformation
5 90

classifier S,,m,, or global average pooling GAP

blocks ¢y, -

is expressed as the Eq. (3),

o g ot gyt o 91(-T)
ftma.’l: o GAP - gp ° g ° gl(‘r)

(3)

Each block g, is a dense operator, either a

S{)ft My

J@)=1g

0,

convolutional or residual module, depending on the
architectural class. The objective is to compare the
effects of various structural biases—point-wise,
convolutional, = and  residual—on  directional
predictability under conditions of severe data
sparsity.

To facilitate the reader’'s comprehension of the
models’ high-level behavior, we first summarize
their functional roles prior to presenting further
details. MLPs stack dense layers and process each
time point independently; they are well suited for
learning hierarchical relationships but tend to
smooth out fine-grained curvature patterns
observed in weekly sequences [18].

FCNs

convolutions over the weekly window to extract

In contrast, utilize  one-dimensional
local slopes, peaks, and curvature motifs [19], while

global average pooling ensures translation
invariance across the five-day pattern, rendering
FCNs particularly well-suited for short-term shape
detection [20].

ReNs advance the approach by integrating
residual blocks with skip connections that capture
perturbations around an identity mapping. This
design maintains the original waveform structure of
the weekly segment while facilitating deeper
and this
bias results in more stable shape discrimination
compared to both MLPs and FCNs [21].

Each architectural family—MLP, FCN, and ReN—

was constructed by stacking a limited number of

hierarchical representations, inductive

substructures, with each model comprising up to
three layers. To systematically investigate the
depth and block

composition on directional prediction performance,

impact of architectural
we constructed 16 variants each of MLP, FCN, and
ReN, total of 48 distinct
architectures. These variants differed solely in the

resulting in a
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depth and configuration of components such as
fully connected layers, rectified linear activation
units, one-dimensional convolutional layers, batch
normalization layers, dropout regularization, and
residual blocks. All architectures were deliberately
kept compact to accommodate the constraints of
the limited weekly dataset.

Comprehensive architectural specifications for all
models are provided in Appendix A. Appendix A
details the exact layer configurations and operator
definitions, allowing the main text to focus on
conceptual comparisons without lengthy formulas.

To compare architectures exhibiting fluctuating
learning curves, we employ the stability-aware
metric originally proposed by Lee (2023) [17]. For a
given model f, let Acc™(f) and Acc“'(f)
denote the classification accuracy at epoch ¢ on
the training and test sets, respectively, computed
over a fixed stabilization window W. From these
sequences, we calculate the mean and standard
deviation of accuracy for each split, and define the
metric jyy as the Eq. (4).

7= min €8 e ) = 4t (),
T’;LEG%TL<ACC]:(Sf(f)) _ ,(Setg'<ACCt(5f(f))}

(4)

Intuitively, a higher mean accuracy indicates
greater predictive power, while a lower standard
deviation suggests that the model's performance
remains consistently stable across epochs rather
than exhibiting sporadic fluctuations. By taking the
minimum of the train-based and test-based scores,
Jnyn Penalizes models that demonstrate stability on

only one split while rewarding architectures that
simultaneously achieve both high accuracy and low
volatility. In this way, the metric emphasizes
consistently robust models over those that attain
high peak accuracy in only a limited number of

epochs.

2. Comparative Algorithms
We compared the predictive performance of the
model generated by our algorithm with that of

established baseline models. First, to compare our
classification method with alternative approaches,
we selected Support Vector Machines (SVMs), which
have consistently exhibited robust performance in
short-term financial forecasting [22] and have been
extensively applied to financial market time series
[23-25], establishing them as a suitable benchmark.
with
baselines, we employed a variant of Long
Short-Term Memory (LSTM): a bidirectional LSTM
(Bi-LSTM) enhanced with a lightweight temporal
[26]. the 32-week
sequence using a bidirectional LSTM enabled each

Second, to compare sequence-model

attention head Processing
time step's representation to incorporate both
preceding and subsequent observations, allowing
the model to more effectively capture lead-lag and
short-term reversal patterns within the window
compared to a unidirectional LSTM [27]. A Bi-LSTM
typically enhances short-term discrimination by
adding a reverse-direction LSTM with shared
design parameters (such as hidden size and depth)
(e.g.,
concatenation), thereby increasing the number of

and combining the two directions via
parameters and computational cost only linearly
without altering the overall architectural scale [28].

Third, we employed a Transformer encoder. Bui,
Chien, Kovacs, and Bognar (2025) demonstrate that
with
effectively capture both long-

encoder-only Transformers self-attention
and short-range
dependencies in financial time series while
maintaining favorable parameter efficiency, and
that time encodings such as Time2Vec can further
enhance performance compared to standard
positional encoding [29].

Fourth, we incorporated a tree-based ensemble
baseline using a Random Forest classifier. Random
forests combine numerous decision trees trained
on bootstrap samples of the data, incorporating
random feature sub-sampling at each split, thereby
enhancing robustness to noise and heavy-tailed
predictors while effectively capturing nonlinear
interactions without relying on strong parametric

assumptions [30]. This renders them a natural
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benchmark for short-term directional classification
utilizing a limited set of weekly summary features.

3. Performance Analysis

We assess directional forecasting performance
utilizing multiple complementary metrics. Accuracy
represents the proportion of weeks that were
correctly classified. Due to potential imbalances in
upward and downward movements, we also report
balanced accuracy, which averages the hit rates
for both classes to prevent either class from
disproportionately influencing the evaluation [31].
Furthermore, we present the macro-averaged F1
score (Macro F1), which equally considers the up
and down classes and penalizes models that either
fail to detect numerous up weeks or produce a
substantial number of erroneous up signals [32].

In addition to these standard metrics, we propose
a straightforward sensitivity measure to capture the
asymmetry of errors in shipping decisions. Let FP
and F'N denote the numbers of false positives and
false negatives on a test set of size N. Given error
costs cpp and cpy for false positives and false
negatives, respectively, and decision threshold 7 on
the predicted probability of an up week, we define
the average misclassification cost Cost(r) [33] as
the Eq. (5),
cppFP(1)+ cpnFN(T)

N . (5)

a false positive

Cost(r) =

In practice, (predicting an

increase when rates decline) may result in
committing to an unfavorable charter, whereas a
false negative (predicting no increase when rates
rise) corresponds to a missed profit opportunity. To
capture these trade-offs, we consider two stylized
scenarios in which false positives are twice as

costly as false negatives (cpp =2 and cpy = 1)and

vice versa (cpp=1landcpy=2). For each
classifier, we report the cost at the default
threshold 7= 0.5 and examine how Cost(7)

changes over a grid of thresholds, which allows us
to align the evaluation with different economic
preferences.

4. Probability Calibration

Although the directional classifiers presented in
this study generate class labels indicating weekly
market movements, effective decision-making
frequently necessitates information beyond discrete
predictions. A forecast indicating a 51% probability
of an upward movement conveys substantially
different information from one indicating 95%,
despite both resulting in the same class label. To
ensure that the predicted probabilities represent
meaningful confidence levels, we evaluate and, when
necessary, refine their calibration—that is, the
correspondence between the predicted probabilities
and the observed frequencies of outcomes.

To obtain calibrated probabilities, we utilize Platt
that

into

scaling, a post-hoc calibration method

transforms raw predictive scores
well-calibrated posterior probabilities [34, 35]. To
quantify calibration performance, we employ three
complementary metrics that are commonly used in
probabilistic forecasting.

(i) Brier Score [36, 37]

We calculate the mean squared error between
and the

outcomes. Lower values signify greater accuracy in

the predicted probabilities binary
probability estimates.
(ii) Expected Calibration Error [38]
Partitions predicted probabilities into equally
spaced bins and compares, for each bin, the

average predicted probability with the empirical

frequency of positive outcomes. Expected
Calibration Error (ECE) quantifies systematic
miscalibration across the entire probability
spectrum.

(iii) Maximum Calibration Error [39]

Identifies the probability bin exhibiting the
greatest deviation between predicted confidence
and actual accuracy, thereby offering insight into
potentially catastrophic overconfidence.

All metrics are computed on the test set both
before and after Platt scaling. A model is
considered well-calibrated when only minor

adjustments are needed, the Brier score is low, and
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both the ECE and MCE remain close to zero.

5. Out-of-time Validation Framework

To assess whether the proposed directional
forecasting model captures enduring predictive
structures rather than sample-specific artifacts, we
employ an out-of-time validation framework in which
the training set comprises earlier observations, while
the validation and test sets consist of subsequent
observations [40, 41]. This maintains the inherent
chronological sequence of the data. Its advantages
become more evident when compared to the more
commonly used alternatives [42, 43].

The central concept is to divide the entire
sample into multiple non-overlapping test windows,
each representing distinct market environments.
For each window, the model is trained solely on
historical data—without access to any observations
from the corresponding test period—and is
subsequently evaluated on that unseen future
segment. All including

preprocessing  steps,

missing-value imputation, scaling, and
normalization, were performed exclusively on the
training dataset and subsequently applied to the
test set, thereby maintaining the causal structure
essential for realistic forecasting.

To ensure comparability across different temporal
regimes, the model architecture and
hyperparameters are kept constant, and the model
is re-estimated from scratch for each out-of-time
split [44, 45]. Predictive performance is evaluated
using widely accepted classification metrics,
including Accuracy, Balanced Accuracy, and Macro
F1, enabling the assessment of both the correctness
and distributional fairness of directional forecasts.

This framework facilitates a rigorous evaluation
of temporal robustness: if the model consistently
demonstrates stable performance across various
historical market conditions, the observed
predictability can be interpreted as fundamentally
embedded in the data rather than resulting from a
specific Consequently,

sample period.

out-of-sample validation offers more robust

evidence against the likelihood that the reported
accuracy is a result of overfitting to recent

observations.

6. Data

This study utilized data from the Baltic Handysize
Index (BHSI) spanning the period from September
4, 2006, to December 20, 2024 [4]. The dataset
consisted of 955 weekly observations. Among these,
128 weeks contain missing weekday values: 100
weeks have one missing day, 8 have two, 6 have
three, 5 have four, and 9 have five. We excluded
weekend  observations and retained only
business-day (Monday-Friday) data.

We performed imputation only for weeks in
which exactly one weekday value was missing. In all
such cases, the missing day was either Monday or
Friday, and it was estimated through linear
extrapolation based on the adjacent weekdays.

« If Monday's data was unavailable, it could be
estimated as Mon = 2 X Tue — Wed.

« If data for Friday was missing, then Friday's
value could be calculated as twice that of Thursday
minus Wednesday.

Imputation was not conducted for weeks with two
or more missing weekday observations: these weeks
were excluded from the sample. Furthermore, if an
entire week was missing, indicated by the absence
of all

immediately preceding week, as the data necessary

five weekdays, we also excluded the
to determine the label for that prior week was
unavailable. After applying these criteria, 38 of the
955 weeks were excluded, and the experiments
were conducted on the remaining sample. As
indicated in Table 1, the ratio of training to test
observations was approximately 5 to 4.

Table 1. Summary of Training and Test Set Periods
and Weekly Observations

Training set Test set
( Rtah”g_e ; Sep-04-2006~ Aug-29-2016~
mon av Aug-26-2016 Dec-20-2024
- year)
# of weeks 500 weeks 417 weeks
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Fig. 2
sequences to demonstrate the labeling mechanism

illustrates six representative test-set

for weekly forecasting. Each panel displays data for
two consecutive weeks—the current week (solid
blue) and the subsequent week (dashed orange)—
with horizontal dotted lines indicating the mean
BHSI for each week. Labels 0 and 1 denote whether
the mean of the following week is lower or higher
than that of the current week, respectively.

According to our labeling rule, a label of 1 is
assigned if the average of the following week is
greater than or equal to that of the current week;
otherwise, a label of 0 is assigned. The x-axis
represents the weekdays (Monday through Friday),
while the y-axis indicates the BHSI values.

In the layout, the left column, consisting of three
panels, presents examples labeled as 0, indicating
The right
column displays instances labeled as 1, indicating

an anticipated decline in the BHSI.

that the index is predicted to increase or remain
stable. These
insights into the temporal patterns identified by the

visualizations provide intuitive
model and the underlying rationale of the binary

classification framework.

Sample of 6 Labeling Cases (BHSI)

Dec-2013-3 week | Label = 0 Jan-2023-4 week | Label = 1

~ Cumrentweek | 690,
=y . %
" 607 —
56850] /
T o
2 St —_— 01 —e— Current Week
7751 S ——— @ Next week
Tue Wed The Fi Mon Toe Wied Tha i
Day Day
Jun-2013-4 week | Label = 1 Jul-2013-2 week | Label = 1
S w == Week
Borof ==y
635 = 660 O ot
T Ty Tt g e
Wed e i Vied
Day Day
Aug-2013-2 week | Label = 1 Dec-2015-4 week | Label = 0
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e 34
e
E— .
=t ek
—
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Fig. 2. Six representative weekly BHSI patterns illustrating

how binary labels are assigned by comparing whether the

following week’s average index level rises above or falls
below that of the current week.

III. Results

1. DNN Architecture

All experiments were performed using Python
3.10, TensorFlow 2.15, and Scikit-learn 1.4. We
trained all neural network models with the Adam
optimizer using a learning rate of 0.001 for 2,000
epochs and a batch size of 32. To control random
initialization, we set the global seed to 42, ensuring
that the training and evaluation results were
reproducible.  Hyperparameters and training
configurations were kept consistent across all
models to enable a fair comparison.

Under this standardized experimental setup, we
evaluated 48 deep neural network variants
introduced in Section II (“Proposed Scheme”). We
selected the optimal model based on the
performance metrics outlined in Subsection II-1
(DNN  for
convenience, the metric of a DNN configuration J,,
is defined as the Eq. (6)

Jyy = min {jyy(Foyy i€lat+na, v+ nal)}, (6)

. 0<n<4

time series classification”). For

where a=1501 ,b=1600 and A=100. In other words,
each DNN architecture is evaluated using the
sequence of checkpoint models generated during
training epochs 1501 to 2000.

We examined three categories of deep neural
networks (DNNs): MLP, FCN, and ReN. Within each
the 16 candidate architectures are
FCN, (2)

category,
indexed by MLP, (z), and  ReN, (z)

representing the output of the n-th architecture.
For each DNN

architecture, we trained the model and preserved

(See Appendix B for details).

500 snapshot predictors from the final training
epochs. From these 500 predictive models, we
computed a stability-aware performance metric
and ultimately selected the architecture that

attained the highest value of this metric.
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Table 2. Jyy Performance of 48 DNN Architectures
Comprising 16 Variants Each of MLP, FCN, and ReN

n MLP, () FCN, (z) ReN, (z)
1 0.674 0.868 0.911
2 0.703 0.881 0.889
3 0.748 0.900 0.895
4 0.783 0.908 0.913
5 0.681 0.856 0.882
6 0.634 0.907 0.896
7 0.651 0.899 0.873
8 0.637 0.887 0.875
9 0.717 0.857 0.899
10 0.855 0.888 0.894
11 0.857 0.896 0.894
12 0.859 0.896 0.898
13 0.780 0.779 0.894
14 0.760 0.801 0.897
15 0.749 0.701 0.895
16 0.741 0.810 0.895

As illustrated in Table 2, the ReN variant achieved
the highest value of the performance metric J,,. We
elucidate its operational mechanism. While Section II
presented the general family of residual classifiers,
the specific ReN configuration detailed in Table 2
represents the variant that maximizes the metric Jj,.
Based on the residual block formulation presented in
Eqgs (C.1)-(C.3) of Appendix C, the pseudocode in
Table 3 outlines the core inference procedure of the
selected ReN model.

Table 3. Residual Network-Based Weekly Directional
Forecasting Procedure

Algorithm

* Weekly observation x,
Input .
T, = (‘rt,]\r;/on ’ xt,T’ue’ ‘rt, Wed » ‘rt,Th'u"rt,Fri)

: yAtE{O, 1} indicating the direction of next

Output
week’s average level

D> Initialize

1. h<—x .
representation

2, For k=1, ---, K do > Residual blocks

3. z<—Conv(h) > Extract short

4. 2<—BN(z) -term patterns

5. 2<—ReLU(z)

6. h<—Conv(h)

7. h<—BN(h)

8 h—h+z

7 end for > ResiQuaI skip
connection
> Compress

8 y<—GAP(h) temporal
structure

. -~ Soft > Obt.ain

yHmaX(y) posterl.o.r

probability

return 3;

2. Predictive models

Using the five algorithms outlined above, we
trained predictive models and evaluated them on
the held-out weekly test set covering August 29,
2016, to December 20, 2024 (417 observations). We
evaluated performance using accuracy, balanced
accuracy, and the Macro F1 score. To assess
temporal stability, we also calculated a 50-week
rolling accuracy series.

Table 4 provides a comparative analysis of
accuracy, balanced accuracy, and Macro F1 scores
The ReN model

overall  performance,

across the five models.

demonstrates  superior
attaining an accuracy of 0.92, balanced accuracy of
0.92, and a Macro F1 score of 0.92,

indicating consistently robust predictive capability.

thereby

The SVM demonstrates consistently high and stable
scores (0.87/0.87/0.87), whereas the Bi-LSTM also
performs well, albeit at a slightly lower level (0.85
accuracy, 0.85 balanced accuracy, and 0.86 Macro
F1).
moderate results, with all three metrics registering

The Random Forest (RF) model produces

a value of 0.74. In contrast, the Transformer

performs near chance level with respect to
accuracy and balanced accuracy (0.52 and 0.50,
respectively), although its Macro F1 score of 0.69
indicates that its class-level discrimination is
somewhat superior to what overall accuracy alone

would suggest.

Table 4. Accuracy, Balanced Accuracy, and Macro
F1 Scores of the Five Competing Models

Model Accuracy Balanced Macro F1
Accuracy
ReN 0.92 0.92 0.92
Bi-

LSTM 0.85 0.85 0.86
Trans- 0.52 0.5 0.69
Former

SVM 0.87 0.87 0.87

RF 0.74 0.74 0.74

The ROC analysis offers further insight into each
model’s capacity to distinguish between “up” and
The ReN model
demonstrates the highest performance, attaining an

“down” weeks. once again
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AUC of 0.97, thereby confirming the robustness of
its predictive ranking capability. The SVM closely
follows with an AUC of 0.95, thereby underscoring
The
Bi-LSTM also demonstrates strong performance,

its competitive classification performance.

achieving an AUC of 0.91, which aligns with its
robust statistical metrics presented in Table 4. The
random forest model achieves an AUC of 0.82,
demonstrating moderate yet meaningful
the
Transformer model demonstrates limited ranking
capability, with an AUC of only 0.42, which

corresponds to its low accuracy and balanced

discriminative  capability. In  contrast,

accuracy scores, indicating that its predictions

approximate random ordering in this context.

ROC curves for all models (weekly up/down forecast)

1.01

v 081

-

M

o
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a 0.41 — ReN (AUC = 0.970)
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= 02 — Transformer (AUC = 0.420)

: — RF (AUC = 0.816)
— SVM (AUC = 0.950)
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Fig. 3. ROC curves comparing the directional forecasting
performance of all models, showing that ReN achieves
the highest discriminative ability with the largest AUC

value among the classifiers.

Table 5 presents the cost-sensitive evaluation
results for all classifiers under two alternative
misclassification schemes, (cpp =2and cpy = 1)
and (cpp =1and cpy =2), both calculated using
the default decision threshold. In both contexts, the
ReN model attains the lowest total misclassification
its robust statistical

cost, demonstrating that

performance effectively translates into economic
value. The SVM baseline consistently ranks second,
exhibiting relatively low costs in both scenarios.
In contrast, the Transformer model entails
significantly higher costs in both contexts. Due to
the generation of an excessive number of false
positives (TP = 218, FP = 199, TN = 0, FN = 0), its
total cost is several times greater than that of ReN,
especially in scenarios where false positives are
more heavily penalized. Consequently, although the
Transformer achieves a notable Macro F1 score, it
fails to provide economically meaningful forecasts

when asymmetric error penalties are considered.

Table 5. Confusion matrix statistics (TP, FP, TN,
FN) and scenario-based misclassification costs for
all models at the default decision threshold.

Cost(r=0.5)
Model TP FP TN FN cpp =2, cpp=1
Cpy =1 Cpy =2,

ReN 197 12 187 21 0.13

Bi-
o, 1923 12 26 0 0.2
Trans= 518 199 0 0 0.48 0.95
former
SYM 186 22 177 32 021 0.18
RE 160 52 147 58 0.4 0.34

3. Calibration performance

Table 6 presents post-hoc calibration results on
the test set using the Brier score, Expected
Calibration Error (ECE), and Maximum Calibration
Error (MCE).

reliable

Overall, ReN provides the most

probabilistic  forecasts. Even before
calibration, ReN achieves the lowest Brier score
(0.064) with a low ECE (0.033). After applying Platt
scaling, ReN changes only marginally (Brier: 0.064
— 0.063; ECE: 0.033 — 0.033; MCE: 0.252 — 0.272),
indicating that its raw outputs already behave as
stable probability estimates.

In contrast, the other deep learning models
exhibit clearer calibration limitations. The Bi-LSTM
benefits from calibration in terms of both Brier
score and ECE (0.181 — 0.140; 0.237 — 0.143),
although its MCE slightly increases (0.297 — 0.313),

suggesting that some probability regions remain
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with The
Transformer does not benefit from Platt scaling in

misaligned empirical  frequencies.
this setting: its Brier score increases (0.178 —
0.218) and both ECE and MCE deteriorate
substantially (0.065 — 0.202; 0.153 — 0.455),
implying that post-hoc scaling can be unstable
when the underlying scores are poorly ordered for
calibration.

Baseline methods show a different pattern.
Random Forest is severely miscalibrated before
calibration (MCE = 0.725), but Platt scaling sharply
improves its calibration errors and vyields the
lowest post-calibration ECE in Table 6 (ECE: 0.055
— 0.023: MCE: 0.725 — 0.059); however, its Brier
score remains the highest and improves only
marginally (0.253 — 0.250). The SVM baseline
remains relatively stable (Brier: 0.089 — 0.088),
although its ECE slightly increases after calibration
(0.037 — 0.046).

Collectively, these results indicate that ReN offers
the strongest overall combination of probabilistic
accuracy (lowest Brier score) and consistently low
calibration error with minimal post-hoc adjustment,
which is desirable for decision-making contexts
confidence carries

where the magnitude of

economic significance.

Table 6. Test-Set Probability Calibration Performance
of Competing Models

Model Calibration Brier ECE MCE
ReN before 0.064 0.033 0.252
after 0.063 0.033 0.272

Bi- before 0.181 0.237 0.297
LSTM after 0.140 0.143 0.313
Trans before 0.178 0.065 0.153
former after 0.218 0.202 0.455
SUM before 0.089 0.037 0.259
after 0.088 0.046 0.264

RE before 0.253 0.055 0.725
after 0.250 0.023 0.059

4, Out-of-time validation

To implement the aforementioned out-of-time
validation framework, the entire sample period was
divided into multiple non-overlapping test windows.
The weekly dataset, covering the period from

September 2006 to December 2024, encompassed

various distinct market environments, including
pre-crisis conditions, post-crisis recovery, and the
recent COVID-19 and post-pandemic periods. Based
on this temporal framework, we constructed a
sequence of evaluation windows in which each test
window was preceded by a corresponding training
period. The models were trained exclusively on
observations preceding each test window and were
subsequently evaluated on the unseen future
segment, thereby enabling a realistic assessment of
directional forecasting performance amid evolving
market regimes.

(i) Test A (2012-2015): Models were trained using
observations from 2006 to 2011 and evaluated on
data from 2012 to 2015. This period reflected the
early post-crisis environment marked by persistent
volatility and structural realignment, presenting a
challenging benchmark for directional forecasting.

(ii) Test B (2016-2019): Models were trained using
data from 2006 to 2015 and evaluated on data from
2016 to 2019. This period corresponded to a
relatively stable expansion phase characterized by
market movements that were less influenced by
short-term shocks, allowing for an examination of
whether predictive signals persisted under more
tranquil conditions.

(ili) Test C (2020-2024): Models were trained
using data from 2006 to 2019 and evaluated on
observations from 2020 to 2024. The most recent
period encompassed the COVID-19 disruption and
subsequent regime transitions, constituting the
most challenging out-of-sample environment due
to abrupt structural breaks and increased
uncertainty.

The out-of-sample evaluation results, summarized
in Tables 7, 8, and 9, offered compelling empirical
evidence supporting the superiority of the proposed
ReN architecture. Each table corresponded to a
Table 7
reported performance during the post-crisis
adjustment period (2012-2015), Table 8 presented

results for the pre-pandemic expansion phase (2016-

distinct structural market environment:

2019), and Table 9 documented performance amid
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the COVID-19 shock and the ensuing regime
transition (2020-2024).

three  market
attained the highest
Balanced Accuracy, and Macro F1 scores compared
to all Notably, although
traditional baselines such as SVM and Random

ReN
Accuracy,

Across all regimes,

consistently

competing models.

Forest occasionally achieved acceptable
performance, neither model outperformed ReN in
metric or evaluation window.

any Deep

sequence-based architectures performed even
more poorly: the Bi-LSTM model completely failed
during the earliest period, resulting in a Macro F1
score of 0 as reported in Table 7, while the
Transformer model exhibited unstable behavior,
showing near-random accuracy despite occasional
increases in Macro F1 scores.

In contrast, ReN consistently demonstrated

outstanding predictive accuracy across all
scenarios, achieving scores of 0.88, 0.93, and 0.94
in the three respective test periods. The model’s
performance remained not only stable but also
improved as structural shocks intensified, as
clearly shown in Table 9, where ReN continued to
outperform  competing models despite the
unprecedented volatility caused by the COVID-19
disruption. This temporal robustness indicated that
ReN captured enduring directional signals inherent
in freight market dynamics rather than relying on
incidental patterns specific to any particular
sample period.

Collectively, the results presented in Tables 7, 8,
and 9 corroborated the primary contribution of this
study: ReN was the sole architecture capable of
directional across

generalizing predictability

heterogeneous market regimes, thereby

establishing a new performance benchmark for
short-term forecasting in freight-rate prediction.

Table 7. Out-of-time Performance During the
Post-Crisis Adjustment Period (2012-2015)
Test A
Model Accuracy Balanced Macro F1
Accuracy
ReN 0.88 0.88 0.88
Bi-
LSTM 0.51 0.50 0.00
Trans- 0.49 0.50 0.66
former
SVM 0.75 0.75 0.74
RF 0.54 0.55 0.53
Table 8. Out-of-time Performance During the
Pre-Pandemic Expansion Phase (2016-2019)
Test B
Model Accuracy Balanced Macro F1
Accuracy
ReN 0.93 0.92 0.93
Bi-
LSTM 0.56 0.50 0.72
Trans- 0.56 0.50 0.72
former
SVM 0.89 0.89 0.89
RF 0.79 0.80 0.79

Table 9. Out-of-time Performance During the COVID-19
Shock and Post-Pandemic Regime (2020-2024)

Test C
Balanced
Model Accuracy Macro F1
Accuracy
ReN 0.94 0.94 0.94
Bi-
LSTM 0.81 0.81 0.79
Trans 0.50 0.50 0.34
former
SVM 0.86 0.86 0.86
RF 0.75 0.75 0.75

5. Interpretation & Application

To elucidate how the proposed ReN architecture
attains its superior directional accuracy, we
analyze the extent to which each model responds to
cyclic reorderings of intra-week observations.

Perturbation analyses—commonly employed in
robustness and invariance studies of time-series
data and neural representations—examine whether
a model depends on

meaningful temporal

structures or simply memorizes superficial input
let z€RT denote the

weekly input and rot(xz) be cyclic phase rotation of

patterns [46]. Formally,

x. For a classifier f, the absolute change in
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posterior probabilities is measured as follows.

Sz f)= | f@)— flrot(z))]

N

S(f):= %’;ﬁk;{%(xmw, (5)
S(f)

responsiveness

where summarizes the model-level

to economically neutral phase

perturbations. Lower values indicate strong

invariance to phase rotations, whereas higher—but
stable—values correspond to a
detect

reconfigurations within the week.

moderately

controlled capacity to structural

Although invariance is typically advantageous in
conventional recognition tasks, our findings, in
conjunction with previous studies, indicate that
excessive invariance may be detrimental to
short-term directional forecasting. Our dataset
clearly indicates that intra-week permutations do
not preserve labels. Weeks characterized by a
pronounced Monday-to-Friday increase and those
marked by a steep Thursday-to-Friday decline may
display comparable weekly levels and volatility;
their primary distinction lies in the intra-week
sequencing of shocks. In principle, a permutation
of daily observations can transform one pattern
their differ

systematically: weeks exhibiting a pronounced

into another. However, labels
Monday-to-Friday increase are almost invariably
labeled "up," whereas weeks characterized by a
sharp decline from Thursday to Friday are
labeled

short-term financial data, intra-week permutations

consistently "down."  Therefore, in
do not preserve the directional label, as the timing

of shocks within the week is economically
significant and directly influences the sign of the

subsequent return.

In this context, it is pertinent to analyze how
each model responds to cyclic reordering of
Table 10 and Fig. 4
the resulting phase

intra-week observations.
summary of
The
predictions remain largely unaffected by phase

present a

sensitivity  profiles. Transformer, whose

rotations, demonstrates the greatest invariance yet
yields the poorest performance in directional

forecasting. By eliminating all intra-week

rearrangements, it unintentionally discards the
very temporal asymmetries and ordering effects
that convey directional information. In contrast,
ReN exhibits a moderate degree of non-invariance:
it responds to phase shifts that modify informative
such

structure while remaining stable when

perturbations do not contain  predictive
information. This controlled responsiveness allows
ReN to leverage meaningful weekly configurations
and accounts for its superior directional accuracy
compared to all other tested architectures. In
summary, for predicting weekly returns, algorithms
that exhibit excessive invariance to intra-week
phase changes are at a disadvantage, whereas
models that maintain sensitivity to economically
relevant sequential patterns—such as ReN—are
better equipped to forecast the direction of

movements in the following week.

Table 10. Mean phase sensitivity of competing
models under cyclic intra-week perturbations

Model Mean Phase Sensitivity
ReN 0.42
Bi-
LSTM 0.09
Trans 0.00
-former
SVM 0.33
RF 0.19

Phase Sensitivity Distribution Across Models
T ©
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©
©
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Fig. 4. Phase sensitivity distributions for all models, illustrating
substantial differences in how predicted probabilities change
under cyclic permutations of weekly inputs.
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These properties are important because, in

operational contexts, directional forecasts can
directly impact maritime decision-making. A
shipper uncertain about next week's freight

volumes may adjust the timing of charter contracts
if the model

forecasts an increase. Brokers can incorporate the

by postponing fixture decisions

model’s calibrated probabilities into
dashboards,
counterparties or vessel classes when confidence
thresholds.

tasked with monitoring
could

signals into early warning systems to facilitate

rate-negotiation prioritizing

levels surpass predetermined

Policymakers logistics
bottlenecks integrate weekly directional
preemptive interventions when persistent upward
trends indicate capacity constraints or market
Unlike which

necessitate close alignment with realized index

overheating. point  forecasts,

levels, directional forecasts are immediately

actionable and correspond to the discrete,

time-sensitive characteristics of freight contracting.

IV. Conclusion

This study presents the Residual Network (ReN)

architecture to mitigate instability and poor

generalization frequently encountered in

time-series forecasting models, especially when

predicting short-term, noisy, and non-stationary

sequences. Throughout extensive comparative
experiments, ReN consistently demonstrated
superior directional forecasting performance,

outperforming benchmark models such as the
Bi-LSTM, and traditional machine
learning classifiers. These findings suggest that

Transformer,

consistent weekly predictability can be derived
from sparse time-series data when the architecture
incorporates an appropriate structural bias.

ReN's
calibrated phase-sensitivity

A primary factor contributing to

superiority is its
profile. In contrast to highly invariant architectures
Transformer—which

—most notably the

demonstrated negligible changes in predictive
outputs following cyclic reordering of intra-week
ReN

responsiveness to phase-dependent perturbations.

observations, maintained meaningful
This regulated sensitivity enables the model to
preserve directional cues inherent in temporal
ordering while mitigating the excessive volatility
models.

characteristic of overreactive

Consequently, ReN is distinctively equipped to
leverage structural asymmetries in weekly patterns,
facilitating precise directional inference over short
~term forecasting.

Nonetheless, several limitations persist. First, the
enhanced sensitivity that underpins ReN's superior
accuracy results in increased computational costs
during training and hyperparameter tuning. Future
research ought to explore adaptive regularization
that
responsiveness with training efficiency. Second,
ReN exhibits
occurring shifts, its
deliberately

strategies effectively  balance  phase

while robustness to naturally

cyclic vulnerability to
adversarial or engineered phase

manipulations has yet to be evaluated.
Incorporating adversarial perturbation frameworks
could provide deeper insights into the temporal
Third, the

present study concentrates on weekly economic

robustness of residual architectures.

data: thus, validating ReN across a wider range of
domains—such as clinical monitoring, industrial
sensor networks, and high-frequency financial

series—would improve understanding of its

generalizability.
Taken together, this study emphasizes a crucial
methodological insight:

partial, domain-aligned

phase sensitivity—not complete invariance—is
short-term
that

and

essential for accurate temporal

prediction. By demonstrating residual

architecture can preserve utilize
phase-dependent structures without overfitting, ReN
establishes a foundation for the development of
next-generation phase-aware deep learning models
designed for environments in which subtle temporal

configurations influence decision outcomes.
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Appendices
For the sake of completeness, several
mathematical details are provided in the
appendices. Appendix A compiles the operator

definitions and notations employed throughout the
deep neural networks. Appendix B provides a
summary of the forward mappings of the MLP,
FCN,

classification. Appendix C formally defines the

and ReN architectures used for weekly

stability-aware performance metric and outlines its
application in selecting the optimal architecture.
A. Operator definitions and notation

Below the table 11. we summarize the basic
in the MLP, FCN, and ReN
architectures. These definitions allow the main text

operators used

to focus on high-level modeling ideas without
repeatedly introducing notation.

Table 11. Layers in Deep Neural Networks
Layer Notation Definition
Dense Ds When @ := (2,2, - xy ),
Operator Ds(L, f( - )(z):= AWwaT +o7).
Wis a LxN matrix,
b is a (b, by -+ by) N-vector,
f is an activation function.
Dropout Drop | Drop, ., — W (1)) T £ T
Out Out @ Wir (p).0):= Wr (p)*z) " +b
r( - )is the Bernoulli random
vector, p is a probability, * is a
element-wise product
Linear LU LUx)= (II,IQ, ---,IN)
Unit
Rectified ReLU | ReLU(x):= (max(0; ), -~ max(0; z)
Linear where max(a,b):=a, if a>b.
Unit
Convolutional | Conv
Operator Conu(x),; E i A,
X is an one- dlmensmnal image
and K is the Toeplitz operator.
Block Block Block, o Fla)= Flz)+g().
Operator
Batch BN | py and o, are an average of all
Normalization elements of vector and its
standard deviation, respectively.
‘,{ _Mi j
Global GAP
Average GAP(X ZX
Pooling
Softmax S, 4Mm_ i
oft'ax S{;ffmfw (z)= Ae .
¥

B. Network architectures for weekly classification

This appendix provides a summary of the precise
forward mappings of the three deep neural network
(DNN) families employed in the experiments: MLP,
FCN, ReN.  Throughout, the
corresponding to calendar
zER’®

Monday through Friday BHSI values, as detailed in

and input

week t is a

five-dimensional vector composed  of

Section II. For each architectural family, we first
describe the overall structure and then formalize
the corresponding forward mapping in the
equations. (B.1)-(B.7).

B.1 Multilayer Perceptron (MLP)

- Let the number of substructures be denoted by
i, where i =1,2,30or4. When j=0,1,2 or 3, each
DNN architecture within the MLP set MLP,;, ()

is defined as the Eq. (B.1)

MLP,,. ;(z)
SopiMMay ° Fj(MLP) . : . Fﬁ.MLPT (z)
(B.1)
where the substructure F**" is as follows:
Fj( MLP) ( x )
Ds(L=500,ReLU) (x), if j=0,

_ JDs(L=>500,ReLU) o DropOut (x), if Jj=1
Ds L:500,LU;(:U), if j=2
Ds(L=500,LU) o DropOut (z), 1f = 3.

(B.2)
B.2 Fully Convolutional Network (FCN)
When i=1,2,30r4 and j=0,1,20r 3, each
DNN architecture within the Fcn,;, () is described
as the Eq. (B.3),

FCN ;i (x) == 5,,m,, o GAP o
Fj(F(IN) . _,L, . Fj(F(LW (z),
(B.3)
where the substructure £ is as the Eq. (B.4),
Conv ° ReLU (z), j=0,
I A 7 iy (B4
Conv ° BN o LU(z), j=3.

B.3 Residual Network (ReN)

When i=1o0r2, j=0,1,20r 3 and k=0or1
each DNN architecture in ReN set ReNg; . o4 ()
is as the Eq. (B.5),



128 Journal of The Korea Society of Computer and Information

ReNSk;+2j+i(‘r)
SoftMay © GAP o ReLU ° Block,
2+
o FkSR(zN) 6 vee o Fé;Reﬂ\ﬁ (IE),
if 8k+2j+1 < 8,
SoftMay © GAP o LU ° Block,

i+ 2

o F]SRCN) 6 eee o F\i;Re]\ﬁ (IE),
if8k+2j+i> 8,

(B.5)

where the substructure F*" and activation
function ¢, is as the Egs. (B.6) and (B.7),
FReN) (1) = {C’om} o ReLU (), if k=0,

k Conv o LU (z), ifk=1,
(B.6)
Conw, ifj=0,
.—JConv » ReLU, if j=1,
9" =\ReLU, ifj=2, (B.7)
LU, ifj=3.

C. Optimal Architecture

Applying Egs.~(B.5)--(B.7) with i=2, j=1 and
k=0 8k+2j+i=4), the
architecture, denoted by RelV, is given by the Eq.
(C.1),

ReN, (z)
= SopMy, © GAP o ReLU o Blockgj:1
B« BEY o BV o RV (@),
(C.1)
The constituent mappings are defined as the Egs.
(C.2) and (C.3),
F,‘@}}V)(CE) := Conv ° ReLU (x)

gjzl(x):: Conv o ReLU(x) .

(hence resulting

(C.2)
(C.3)

where Conv denotes a one-dimensional
convolution operator and GAP denotes global

average pooling shown in the Table 11.
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