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Abstract

Financial technical analysis of markets and trends differs from fundamental analysis in
that econometrics are used on “fundamental” economic data in fundamental
analysis. Technical analysis, however, adds to the overall trend analysis an additional
examination of the psychology of markets. For freight rate predictions, there has
been an exclusive reliance on typical fundamental analysis. Our results indicate that
adding technical analysis to freight rate prediction can provide a better overall result.
Psychological forces such as “irrational exuberance” or severe bearishness can
influence trend predictions making them at best incomplete and at worst inaccurate
for predicting the demand for shipping services. Further, ship construction decisions
use freight rate predictions. In this paper, we perform a 20-year technical analysis of
the BDI/Baltic Dry Index (formerly BFI/Baltic Freight Index) This analysis is a better,
richer evaluation of freight rate trends that influence ship construction. Furthermore,
technical analysis requires specific in-depth knowledge of the psychology of the
market and experience in this type of trend analysis.

Keywords: Freight rate forecasting, Technical analysis, Baltic dry index, Psychological
analysis

Introduction
In shipping cargo, the key to business success is accurate forecasting of market factors

(Gharehgozli et al. 2018). Stopford (2009) also indicates that forecasting is not optional

for success but it paves the way for all parties to earn a living. The ability to predict

freight rates also allows decision-makers to better choices in the timing of fleet expan-

sion and deployment. Furthermore, freight rates are an essential part of the business

and financial planning of these stakeholders (Metaxas 1971) and affect several dynam-

ics in the main four markets in shipping: owning; chartering, building, and scrapping

(Stopford 2009).

As noted, freight rate forecasts are important to the main four markets and therefore,

to shipyards developing efficient designs, to engineering companies estimating the de-

mand for ship and port equipment, and to rating agencies calculating the risk of port

and ship facility financing (Xu et al. 2011). Charterers also need reliable freight rate

predictions as they represent customers of finished goods. Additionally, supply chain

managers and freight forwarders can determine the best routes for their products with
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rate trend knowledge. Further, freight rate forecasts are extremely important because

they are used not only by shippers and ship-owners to price cargo movements but also

by banks to estimate earnings on the ships they mortgage.

The use of indices is a common practice among maritime sector members to better

understand the system dynamics of the market and enable their decision process (Kar-

amperidis et al. 2013). However, the investigation by FED - Federal Reserve Bank of

Dallas (2010) indicates that the indices used in the dry bulk market tend to suffer from

a mismatch of supply and demand mainly associated with the fleet long lifespan. Al-

though econometric methods provide a good basis for freight rate prediction, they

often miss the impact of market psychology. Whether “irrational exuberance” or severe

bearishness exists in the market, inaccurate predictions for the demand for shipping

services can occur. This inaccuracy in demand prediction can affect several levels of de-

cision making in the ship construction and fleet deployment.

There are similar concerns for the forecasting of stock and bonds in the finance lit-

erature. Investments such as stock and bonds as well as pricing of certain commodities

follow patterns. These patterns are often evaluated by the application of the fundamen-

tal economic theory of supply and demand. However, there is a psychological aspect to

the pricing of investments and commodities that is beyond fundamental analysis re-

ferred to as the psychology of markets (Daniel et al. 2002).

This psychology of markets cannot be evaluated by traditional fundamental analysis

but on what is called “technical analysis.” Technical analysis can provide an under-

standing of psychological patterns and assist in the predictability of these patterns. It

can provide forecasts of asset prices based on visual examination of the history of price

movements (Edwards and Froot 1967). Certain quantitative summary measures of past

price movements such as momentum indicators (oscillators) or moving averages may

also be used (Murphy 1986).

Reliance on technical analysis is skewed towards shorter horizons (Taylor and Allen

1992). This is due to emotional reactions dissipating quickly in the market. Some con-

sider it self-fulfilling (Malkiel 1981). Yet others feel that technical analysis contributes

to overvaluation or the overshooting of the market (Frankel and Froot 1986, 1990)

resulting in crashes (Shiller 1989).

However, there is a perceived complement of technical and fundamentalist analysis

(Taylor and Allen 1992). Technical analysis is a broad class of prediction rules with un-

known statistical properties, developed by practitioners with reference to any formalism

(Neftci 1991). However, Wiener-Kolmogorov prediction theory, a fundamental method-

ology, should better forecast stochastic processes, yet market traders use technical ana-

lysis in the day-to-day forecasting successfully although it bears no direct relationship

to the Wiener-Kolmogorov prediction theory (Neftci 1991).

Technical analysis has long been a pervasive activity in other markets such as security

and futures markets (Blume et al. 1994). Further, technical analysis arises as a natural

component of the analysts’ learning process. Cycle analysis is used in optimization

problems and market cycles by identifying extremes in investor psychology, highs, and

lows in prices, and other collective factors. The principle of cycle analysis assumes that

market prices unfold in specific patterns and rhythmical procedures (Blume et al.

1994). This ability to identify extremes may assist with capacity decisions because

freight rate predictions are more accurate and timely.
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Enhancing the effectiveness and efficiency of freight rate planning is a critical compo-

nent in managing the total supply chain. Technical analysis can give a more robust ana-

lysis of freight rates when complemented by fundamental analysis. Fundamental

econometric methods such as Fuzzy Times Series forecasting predict freight rates well

(Duru 2010). However, the use of both fundamental and technical methods of data ana-

lysis, with an eye to the “why” of changes in the direction of freight rates, can enhance

the decision-making process of fleet expansion as well as merely predicting freight rates

as capacity decisions are often a reaction to freight rate trends.

This paper uses technical analytics to evaluate freight rate trend prediction. We con-

tend that similar to other investments and commodity pricing, freight rates follow pre-

dictable patterns based on both fundamental and psychological trends. These trends

can assist in supply chain and fleet management (Trkman et al. 2010). We further con-

tend that the use of this analysis can show how capacity “overshoots” the market freight

rates creating cyclical overcapacity. We apply technical analysis techniques to the Baltic

Freight Index for 1996 through 2016, as it is still the main index used by industry prac-

titioners (FED - Federal Reserve Bank of Dallas 2010). We then compare the trends

and cycles to ships ordered. We find that orders continue to rise well after the turning

point of freight rates declines confirming that investors overlook the psychology aspects

of freight rate movements.

This paper is organized as follows: Section 2 addresses the technical analysis and the

psychology of freight rates. Section 3 discusses the methodology to test the contention

that whether market freight rates affect fleet capacity. Section 4 evaluates the results of

the trends discovered. Section 5 further discusses the findings. Section 6 concludes the

implications for managers.

Technical analysis and the psychology of freight rates literature review
The operational strategies of shipping companies including fleet-level decisions are im-

pacted by freight rates (Charemza and Gronicki 1981). Since the lead-time to construct

a cargo ship can exceed one or more years, forecasting freight rates accurately can bet-

ter predict the level of needed ship construction. Predicting the operational decision

whether to add to the fleet is generally in the hands of company financial decision-

makers. These financial decision-makers have the talent to forecast. They generally rely

on typical fundamental econometric analysis to predict trends. Many have applied these

techniques to freight rates (Cullinane et al. 1999; Chen et al. 2012; Chung and Weon

2013; Zeng et al. 2016).

There is generally a reliance on typical econometric methods including econometric

modeling, simultaneous equations models, and time-series analysis methods to predict

freight rate trends (Tinbergen 1959; Shimojo 1979; Charemza and Gronicki 1981;

Hampton 1991; Hale and Vanags 1992; Cullinane 1992; Beenstock and Vergottis 1993;

Glen 1997; Kavussanos 1996, 1997). Other econometric methods include moving aver-

ages, autoregression, and smoothing methods (Holt 1957; Winters 1960; Box and Jen-

kins 1976; Bowerman and O’Connell 1979; Harvey 1990), judgmental forecasting

(Sanders 1992; Goodwin and Wright 1993), and Delphi-based and expert opinion-

based methods (Ariel 1989; Duru and Yoshida 2008a, 2008b, 2009). Many of these

methods and models rely on various assumptions of the user.
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Alternative approaches who have considered judgmental forecasting in addition to

statistics models or used time-varying coefficient models have used these methods in

comparing the Baltic Dry Bulk Index (BDI) (Duru and Yoshida 2009, 2011; Ko 2013).

These studies have concluded that expectation formation in the shipping market is not

well incorporated into present BDI.

Recent studies have tried to incorporate novel approaches to forecasting bulk freight

rates. Angelopoulos (2017) has used the dynamic spectral content of the BDI to discuss

its cyclical behavior through time-frequency analysis; and Tsioumas et al. (2017) have

integrated the Dry Bulk Economic Climate Index (DBECI) into a VARX model to im-

prove the accuracy of BDI forecasts. Although these methods provide a good basis for

freight rate prediction, they often miss the psychology of the market impact on the

rates.

Fundamental analysis relies on variables on the overall economy to predict market

trends. Certain variables are leading indicators of what the economy will do and other

variables are lagging indicators describing what has already occurred. Business analytics

or analysis of these variables has helped businesses make better decisions and improve

performance (Trkman et al. 2010). How and where to best use analytics is evolving.

There is evidence that business analytics may be useful in the maritime industry

through supply chain decisions (Trkman et al. 2010). The concern with this type of

analysis is whether the forecasting models and trends have sufficient parameters in the

design to be accurate. Therefore, much of the process of prediction involves trial and

error (Kaastra and Boyd 1996).

In analyzing the psychology of a market, a different approach is taken. We assume

that certain information that affects the pricing of commodities is not immediate and is

not yet incorporated into the current market price (Blume et al. 1994). Psychological

trends often take the shape of cycle or “waves.” These cycles are perceived to have a

rhythm. These cycles are similar to physical processes, such as tides (Roberts 1959).

Sometimes the trends have momentum that eventually regresses to a mean in the mar-

ket. Similarly, the momentum indicator is developed through the moving average of a

variable (Daniel et al. 1998).

Further, understanding the history of a market is important to the predictability of

trends (Roberts 1959). Therefore, there is an element of subjective judgment in the ap-

plication of psychological analysis (not unlike judgmental forecasting) but it must be

put in the context of history and current circumstances. Some believe that chance be-

havior in markets itself produces “patterns” that invite spurious interpretations (Roberts

1959). However, there is good empirical evidence that technical analysis improves per-

formance significantly (Neely et al. 1997) although technical analysis has been long

regarded by academics with a mixture of suspicion and contempt (Neely et al. 1997).

Malkiel (1981) describes Technical analysis as the anathema to the academic world.

The efficient market hypothesis is also under siege, as it cannot explain all variations

in price (Brock et al. 1992). Again, studies do show that technical analysis helps to pre-

dict price changes in markets. The patterns uncovered by technical rules cannot be ex-

plained by traditional statistical analysis such as autocorrelation, random walk, etc.

(Brock et al. 1992).

The psychological trends are dependent on the types of information investors and

traders receive on the market. For example, if the information on the aggregate supply
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of a commodity is poor, different investors may take different actions (Blume et al.

1994). Further, the amount of information whether on economic trends or political

events influences the psychological assessment of the market trend. Therefore, asym-

metry in information may play a role but there may be other causes such as market in-

efficiency and differing market expectations or expectation errors by investors (Neely

et al. 1997). However, most importantly, it is the knowledge and experience of the ana-

lyst of the market that makes the most difference to correctly seeing psychological

trends (Blume et al. 1994). Again, these types of analysts are referred to as technical an-

alysts. Pring (1980) contends that technical analysis is built on price movements, which

are a reflection of mass psychology (fear, panic, confidence, etc. all encompassed). As

such, technical analysis is often viewed as an art rather than the application of social

science to econometrics. When well-executed it can help to identify forces and predict

the peaks and bottoms of a given market. Pring (1991) further elaborates that the way

information is framed and presented it makes an impact on the rational choice. As

such, technical analysts usually examine the uncertainties of markets in the psycho-

logical context.

The psychology of markets often views investors in three categories: smart money,

average money, and dumb money (Frazzini and Lamont 2008; Akbas et al. 2015). Smart

money enters a particular market early when the market trend is going in the right dir-

ection. Smart money also exits before the “bubble” bursts meaning the smart money

leaves a particular market before the trend reverses. Average money enters a particular

market later than smart money but as the market is still ascending. Average money

may or may not leave before the “bubble” bursts. Dumb money enters the market much

later than smart or average money. It wants to get into the market where everyone is

making money. The problem with dumb money is that it stays too long and generally

creates the “bubble.” Dumb money contributes to overcapacity in a market overshoot-

ing the needs of operations. Another way to put this phenomenon is that smart money

gets out earlier because of the principle of diminishing sensitivity where investors value

incremental gains more than riskier gains (Tversky and Kahneman 1992).

In the psychology of shipping freight rates, research has identified waves and cycles.

Using these waves and cycles, practical forecasting of turning points in freight rates and

the “sentiment” in the shipping market is 1–4 years ahead of time. Turning points re-

fers to signals of major market downturns and upturns.

Another study shows that one-year time charter weekly freight rates are highly vola-

tile and predictable only under nonlinear low dimensional chaos (Goulielmos and Psifia

2009). Zeng et al. (2016) report that the empirical mode decomposition method does

provide a useful technique for dry market analysis and forecasting, thus, showing that

natural signals can be used. Ndikom (2006) indicates that forecasting freight rates

should be based on the principles of planning, which usually uses past and present vari-

ables to postulate future extrapolation of rates. Finally, maritime technical analysis sup-

ports long term cycles of 16 to 24 years and short-term cycles of 3 to 4 years

(Goulielmos 2012).

Forecasting freight rates are not fully predictive by using traditional econometric

models (Manzanero and Krupp (2009). Duru et al. (2012) use the fuzzy DELPHI adjust-

ment process for improvement in accuracy for freight rate prediction. Part of the in-

accuracy attributed to typical econometric methods is that the methods require several
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assumptions about the data including the normality and independence that often are

not met (Goulielmos and Psifia 2009, 2011).

Therefore, it appears that technical analysis is and can be a good tool to predict

freight rates. The question remains whether reliable freight rate prediction assists in

better ship capacity needs. Randers and Goluke (2007) identify a 20-year wave based on

capacity adjustments and a 4-year cycle based on capacity utilization. Second-hand

tanker ship markets also are found to have cycles (Goulielmos and Siropoulou 2006).

In this paper, technical analysis shows that freight rate market predictions can help

the capacity needs decisions and technical analysis with fundamental analysis can pre-

dict rates more fully. Further, technical analysis can help reduce overcapacity by identi-

fying the value of freight rates where the market signals a turning point. Again, the

turning points refer to signals of major market downturns and upturns according to

the moving average method of technical analysis.

Therefore, we hypothesize that technical analysis can show when to reduce capacity

needs (number of ships) of the operations to not overshoot the market due to the psy-

chological reaction to freight rates. We further contend that technical analysis can

achieve this by identifying the market signals that a turning point has occurred.

Methodology
We apply basic technical tools to freight rates for the years 1996 to 2016 to analyze pat-

terns. We recognize that there are many fundamental analysis methods to predict

freight rates; however, this analysis focuses on pattern identification due to the psych-

ology of the market through technical analysis methods. We look at when the market

turns direction and identify the consequence of continuing to make decisions on a tra-

jectory before the turn; thus, “overshooting” the market.

We use the Baltic Dry Freight Index (BDI) as a source of our data. Created in 1985,

BFI (Baltic Freight Index) became BDI in 1999 (Baltic Exchange 2017).1 These data are

obtained from the monthly reports in Clarkson’s Database (Clarkson 2017). Due to its

reliability, we use monthly data provided by Clarkson Shipping Intelligence Network

Time Series for the years 1996 to 2016. The BDI Index in Clarkson (2017) considers

Jan 04th in 1985 = 1000 (Baltic Exchange).2

Because dry bulk primarily consists of materials that function as raw material inputs

to the production of intermediate or finished goods, the index is also seen as an effi-

cient economic indicator of future economic growth and production (Port News 2017).

Some fundamental analysts have tried to use the BDI as a lagging indicator of world

GDP. We match the BDI data with the data on the general cargo ships of total dead-

weight tonnage (DWT) also provided by Clarkson’s monthly for the years 1996 to

2016. Further, additional data for the general cargo DWT categorized by ship size (i.e.

1According to The Economic Times (2017): “A Panamax vessel is a vessel that is capable of navigating
through the Panama Canal and has a 50,000–80,000 tonnage, while Capesize vessel means the vessel can
navigate through the Cape of Good Hope and carries 100,000–130,000 tonnage. BFI is more relevant for bigger
ships (...)”
2The Baltic Dry Index (BDI) is the successor to the Baltic Freight Index (BFI) and came into operation on 1
November 1999. Since 1 July 2009, the index has been a composite of the Dry Bulk Timecharter Averages.
The following formula is used to calculate the BDI: ((Capesize5TCavg + PanamaxTCavg+ SupramaxTCavg +
HandysizeTCavg)/ 4) * 0.10907849. The TCavg = Time charter average” (Baltic Exchange 2017). As per
Baltic Exchange (2020), the current BFI formula reads as follows: ((Capesize 2014 TCavg *
0.4 + PanamaxTCavg * 0.3 + Supramax10TCavg * 0.3) * 0.1).
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total DWT of all ships ordered in the 5000–7499 DWT, 7500 – 9999, 10,000 – 14,999,

15,000 – 19,999, and 20,000+), total sales (newbuilds and second-hand ships) of general

cargo ships (DWT), and demolition of general cargo ships total DWT are collected.

Finally, we incorporate the yearly reported World Gross Domestic Product (GDP).

World GDP data is collected from World Bank (2017) and the data for BDI, ships or-

dered by DWT, ships ordered by ship size, total ship sales, and demolition of ship data

are all obtained from Clarkson’s Shipping Research Services (Clarkson 2017).

We use a moving average methodology as described by Brock et al. (1992) to test that

technical analysis identifies the psychology or the reaction to freight rates and shows

that the capacity needs (number of ships) of the operations overshoot the market de-

mands. We further contend that technical analysis can help reduce overcapacity by

identifying the timing of a turning point in the market. Again, the turning points refer

to major market downturns and upturns according to the moving average method of

technical analysis. This method is the simplest and most popular with traders (Neftci

1991). Further, the tools of the technical analyst include charts and trend plotting (Tay-

lor and Allen 1992). Chart and plotting visually identify turning points.

According to the moving average rule (see Eq. 1 below), buy and sell signals are gen-

erated by two moving averages – a long period average addressing long trends in the

world market and a short period average addressing short-term moves in freight rates

(Brock et al. 1992). We calculate the long period average using the world GDP. We cal-

culate the short period average using the BDI. Using two data sets for long and short

average calculations is common in technical analysis. When the short period moving

average penetrates the long period average, a trend is considered initiated. We use cor-

relation computations to isolate the fundamental patterns from psychological aspects

using each variable.

Moving average ¼
P

BDI or GDP during the past n periods
n

ð1Þ

We plot the BDI moving average over time to analyze the trends and identify the

turning points. We also plot World GDO for the same period of time as well as general

cargo ships ordered by size class, and BDI moving average versus total DWT of general

cargo ships demolished. The results of these data plots give insight into the relationship

between the BDI and general cargo ship orders. Further, they can lead future predic-

tions to decrease the overcapacities seen in the maritime industry.

The BDI moving average is calculated on a two-month basis from the data from

January 1996 – December 2016 as follows: Add January 1996 data and February 1996

data then dividing by two (980þ974
2 ). This process is repeated with February and March,

and then March and April, etc. until the moving average is created for the entire set.

All correlations between all data sets (GDP, ship data, etc.) are completed in excel

where the data analysis package contains a correlation program. The correlations be-

tween each variable list above are calculated on full data sets from January 1996 to De-

cember 2016.

Finally, the data are plotted (graphs) and visually show relationships between vari-

ables. The BDI moving average, general cargo ships total DWT ordered, and World

GDP are graphed separately on the same timeline.to avoid scaling issues and to see the

variation and changes in the BDI and ships’ orders when compared to World GDP.
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Next, the different sizes of ships ordered by DWT over the past 20 years are plotted on

one graph. Lastly, the demolition of general cargo ships is plotted against the BDI mov-

ing average.

Results
Our results provide strong support for the benefits of using technical analysis. Further,

our results have predictive power for trend analysis. The correlations of the data sets

show interesting results below.

There are correlations between the BDI moving average and general cargo DWT or-

dered; total sales; and World GDP (Table 1). BDI moving average and General Cargo

DWT ordered show a correlation of 61.41%. This represents that almost 62% of the

time general cargo ships are ordered based on the BDI. General cargo DWT ordered

and World GDP show a correlation of 42.91% and total sales and World GDP has a re-

lationship of 40.58% (listed as Global GDP in Table 1). While the total sales of a gen-

eral cargo ship (total DWT) and the BDI moving average do show a positive

relationship it is only 20%. Table 1 shows the correlations of each of the data sets to all

other data sets. The most significant findings are highlighted.

Comparing the graphs of the BDI (Fig. 1), General Cargo ordered total DWT (Fig. 2),

and World GDP (Fig. 3) are all on the same timeline for comparisons. First looking at

Figs. 1 and 2 a similar shape appears. Upon further inspection, you can see that Fig. 2

has a slight delay cargo response to the BDI turning point of roughly a year. The BDI

shows a turning point between January 2007 and January 2008 and another turning

point shortly after January 2008, while the general cargo ordered has a turning point

shortly after January 2008. When overlaying World GDP (Fig. 3) with Figs. 1 and 2

there is a constant slope upwards with a slight peak in 2010 followed by a minor fall in

2011 with a recovery in 2012.

Looking at the comparison of the ship sizes ordered in Fig. 4 the mix of ships is

changing - the larger ship sizes falling and the smaller ship sizes rising in response to

the BDI turning point. This does show a reduction in overall capacity because of freight

rates dropping. However, the delay of over 2 years in the total number of ships ordered

shows the “overshooting” of the market for ships rather than responding to the turning

point immediately. This confirms our contention that freight rate prediction via tech-

nical analysis if responded to appropriately, may better predict when to order expan-

sions to the fleet.

Finally, looking at the graph showing the BDI and the total DWT demolished shows

when the BDI spikes at an upward turning point the demolition of ships slows or flat

lines and when the BDI troughs the demolitions increase. However, again the demoli-

tions lag by at least a year for the upward turning point. This again confirms that tech-

nical analysis may assist in predicting the timing of freight rate cycles. Again, technical

analysis best predicts the short-term periods. As indicated by GDP the long-term mar-

ket is consistently upward.

Discussion of findings
The technical analysis of charting data and calculating moving averages shows the cy-

cles and turning points create a puzzle of market events that fit together nicely. The

first pieces are Figs. 1 and 2. The BDI and total general cargo ordered show a
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correlation as well as the graphs presented. However, there is a slight delay in the re-

verse of general cargo ordered after the BDI moving average peaks. Thus, this confirms

that investors reacting slowly to the BDI in their decisions to order and build vessels.

The correlation of the BDI and the amount ordered does suggest that investors react to

shorter-term cycles as opposed to the World GDP or other indexes to invest in build-

ing new ships. As seen in the graphs above there is an overall increasing trend for

World GDP. If investors used GDP as an index to base investment decisions, there

would be a constant growth of ships ordered. Reality shows ship orders increase over 7

years’ cycle followed by a major decline.

Fig. 1 The Baltic Exchange Dry Index* Moving Average. * The BDI accounts only the ships carrying DRY
CARGO (oil, gas, chemicals or containers are not included). Source: the authors based on Clarkson (2017)

Fig. 2 General Cargo Ordered (total DWT*). * The DWT here accounts only the ships carrying DRY CARGO
(oil, gas, chemicals or containers are not included). Source: the authors based on Clarkson (2017)

Mileski et al. Journal of Shipping and Trade            (2020) 5:26 Page 10 of 15



Another interesting factor is how the different sizes of ships fit into this puzzle. As

mentioned in the results, smaller ship sizes are being ordered more than the larger

ships. This is believed to create a reduction in the fleet (meaning, a small number of

bigger ships covering the same tonnage), but allow the flexibility for market changes

with smaller ships.

Further, external long-term forces may play into this strategy as seen by the long-

term trend and cycles shown by the world GDP. Many ports are still in the process of

expanding their capabilities to receive larger ships or simply are not able to expand.

Smaller ships offer a wider range of ports available to receive them. This is counter to

the fundamental economics of the shipping market that urges economies of scale. It

Fig. 3 World GDP in current USD trillions. Source: World Bank (2017)

Fig. 4 Number of General Cargo Ships ordered by size class. Source: the authors based on Clarkson (2017)
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simply may mean that larger ships are not capable to call on every port. Often, inves-

tors are looking to move their own product(s) to destinations that cannot be reached

by ships larger than 15,000 DWT. Thus, building a ship suitable to the receiving destin-

ation will be of more value.

Lastly is the BDI and the demolition of ships, and their importance to finishing the

puzzle. Through our technical analysis, we have shown that the maritime shipbuilding

market is cyclical. Using this tool of technical analysis can help predict the market

trends potentially avoiding overshooting or overloading the shipping market capacity.

This overcapacity can cause a rise in the number and capacity of ships that lags the real

demand and as such, dropping freight rates. This mismatching also causes the demoli-

tion of ships to occur in response to a short-term cycle of freight rates rather than

responding to the actual useful life of the ship. When there are too many ships on the

market and not enough work for them, demolition of ships begins. Soon after demoli-

tion occurs, a shortage of ships generally follows repeating the cycle. The findings in

the results of this technical analysis show that the BDI and the demolition of ships are

negatively correlated and the demolition of ships responds to the short-term cycle. The

highest amount of demolition occurs when the BDI is low. As seen in Fig. 5, the graph

corresponds to the data. This result confirms our contention that technical analysis and

the focus on cycles can help investors avoid falling into the trap of overshooting invest-

ment in ships and then panicking with the demolition of ships to reduce capacity.

Concluding remarks
Although fundamental analysis and standard econometric modeling do a good job of

freight rate prediction, the findings indicate that technical analysis may better predict cyc-

lical patterns in freight rates that may be missed by standard fundamental analysis. These

Fig. 5 The BDI moving average versus Total DWT of General Cargo Ships Demolished. Source: the authors
based on Clarkson (2017) and World Bank (2017)
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patterns may be useful to predict future rates. This potential predictability may lead to

better timing of ship investment Further, better predictability enhances fleet development

and technology adoption and usage. Better planning of supply chains may also result.

This paper finds that BDI and cargo orders are correlated, showing that investors can

use the BDI to make investment decisions. However, BDI may be a good indicator of

short-term cycles only. And that is because the BDI may show high levels of volatility

considering the various types of tonnage considered in the index (the supply of large

carriers tends to be small with long lead times and high production costs). Using more

advanced technical and business analytics can enhance the knowledge of cycles. This

advanced analysis may further address the problem of overbuilding in the shipping

market. By showing investors that basing their decisions purely on the short-term BDI

trends, overshooting and overloading the market may be reduced, resulting in less ex-

cess ship capacity and reducing the need for premature ship demolition.

Important to say that this research has not considered other influences impacting the

dry bulk markets, such as seasonality or the specificities of the different vessel sizes

(Capesize, Panamax and Supramax and Handymax). These factors are considered out-

side the scope of our analysis and provide an opportunity for future research.

Investors and managers may ask themselves whether technical analysis better manages

the fleet capacity. Our results indicated that fundamental analysis can predict shipping

markets well; however, technical analysis may add more to the discussion of short term

reaction to market psychology. Market psychology can lead to poor timing of investment

such as overshooting the market, and in the case of ship investment, overcapacity of sup-

ply. Thus, technical analysis research can also predict cycles of freight rates well.

Methods such as Fuzzy Time Series forecasting can greatly assist in the prediction of

freight rates to ease the major spikes and depressions seen in the market. However, a well-

executed technical analysis, like any art, requires fundamentals knowledge and practical ex-

perience. Such an analysis should be done by knowledgeable and experienced analysts.
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