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Abstract. We construct investor sentiment indices for real assets and study how these 

can affect international stock returns on the aggregate market and cross-sectional level. 

Our findings suggest that shipping sentiment can be employed as a leading indicator for 

financial asset markets. We find that sentiment serves as a contrarian predictor of stock 

returns for a set of country stock indices, developed markets portfolios and US industry 

portfolios. This new predictor consistently outperforms the historical average forecast 

benchmark. To demonstrate the economic significance of shipping sentiment, we also 

perform a sentiment-based trading simulation. The trading strategies designed to exploit 

the predictive ability of sentiment provide higher returns and lower risk exposure than 

those of the buy-and-hold benchmark. 
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1. Introduction 

 Investor sentiment may affect the valuation of asset prices due to the 

psychological fact that during high (low) sentiment periods people tend to make optimistic 

(pessimistic) investment decisions. To a certain extent, a major challenge when 

empirically studying the importance of investor sentiment is that it is not directly 

observable. In their pioneering work, Baker and Wurgler (2006) construct an investor 

sentiment index for the US stock markets; whereas Baker, Wurgler and Yuan (2012) 

extend the study to the construction of investor sentiment indices for six major stock 

markets. Furthermore, Papapostolou, Nomikos, Pouliasis and Kyriakou (2014) and 

Huang, Jiang, Tu and Zhou (2014) exploit the six sentiment proxies of Baker and 

Wurgler (2006) to obtain a new investor sentiment index for real assets and an aligned 

investor sentiment index for the US stock markets respectively.   

Investor sentiment as a predictor of the cross-section of stock returns has been 

identified in the literature by several studies. Brown and Cliff (2004) find that sentiment 

levels and changes are correlated with market returns, although the predictive power for 

stock returns is small. Lemmon and Portniaguina (2006) study the relationship between 

investor sentiment and small-stock premium and find that sentiment forecasts the 

returns of small and low institutional ownership stocks. Baker and Wurgler (2006, 

2007) find sentiment to have larger effects on stocks whose valuation is highly 

subjective and difficult to arbitrage. Baker, Wurgler and Yuan (2012) show that six 

investor sentiment indices are contrarian predictors of cross-sectional international 

stock market returns. Stambaugh, Yu and Yuan (2012, 2014) explore the role of 

sentiment in a broad set of anomalies in cross-sectional returns and find that its 

predictive power is higher during high-sentiment periods. Further, Huang, Jiang, Tu and 

Zhou (2014) suggest that investor sentiment is important not only for cross-sectional 

returns, but also at the aggregate market level.  
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In this paper, we extend the earlier work of Papapostolou, Nomikos, Pouliasis and 

Kyriakou (2014) to obtain investor sentiment indices for the three major shipping 

markets, namely, container, drybulk and tanker1, for two purposes: first, to investigate 

the predictive power of shipping sentiment not only on the cross-section of stock 

returns, but also at the aggregate market level; second, to check whether the potential 

predictive power of shipping sentiment carries any economic value in terms of offering 

sizeable returns to investors.  

The importance of seaborne transportation to the world economy has been 

highlighted as early as the 18th century by Adam Smith (1776) who illustrates the 

economic benefits offered by sea transportation. Today, seaborne trade is the backbone 

of the global economy but is hardly present in the finance literature. Approximately 

80% of global trade by volume and over 70% of global trade by value are transported 

by sea and these shares are even higher in the case of developing countries (United 

Nations Conference on Trade and Development (UNCTAD), 2014). Our interest in the 

shipping industry also stems from the extensive reference to the Baltic Dry Index2 (BDI) 

as a leading economic indicator (and the opposing views) in financial press and blogs3, 

and more recently in the academic literature. For instance, Kilian (2009) uses freight 

rates for transporting raw materials to construct a leading indicator index and identify 

periods of low and high global economic activity. Bakshi, Panayotov and Skoulakis 

(2011) and Apergis and Payne (2013) propose BDI as a predictor for global stock 

markets and global economic activity, while Alizadeh and Muradoglu (2014) 

investigate its predictive role in a number of international stock exchanges. The 

                                                               
1 See appendix for a description of the three markets and the vessels’ size and type specification. 
2 The Baltic Dry Index (BDI) tracks the cost of shipping raw materials, such as coal, iron ore, steel, 

cement and grain, around the world. 
3 For example: FT Alphaville: Why does the BDI matter? (30/01/2008); Wall Street Journal: Shipping-

cost Index drops (24/08/2009); Financial Times: Don’t panic, the Baltic dry is a rubbish indicator 

(07/07/2010); The Source, Wall Street Journal: Baltic dry index watchers can relax (16/11/2010); 

Financial Times: The shipping news: BDI does not mean buy, buy, buy (04/10/2013).  
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importance of BDI in the world economy is further highlighted by two facts. First, its 

value is quoted on a daily basis in the financial press and regular newspapers alongside 

three strategic commodities: crude oil, copper and gold. Second, it is incorporated in 

the construction of a number of economic series, including the Goldman Sachs Global 

Leading Indicator (GLI). 

What is often misunderstood about BDI is that it does not consider volume, but 

only price. A potential problem with employing BDI as a leading indicator is that the 

index can practically rise in an environment of contracting raw materials demand, if the 

supply of vessels contracts faster; and that may happen because the value of BDI is not 

solely demand-driven4. For that reason, BDI should be treated with caution when 

referring to it as a leading indicator; especially in periods of oversupply of vessels as it 

has been the case recently. Undoubtedly, shipping is a truly global industry and could 

be considered as representative of the general health of the world economy and financial 

assets. Yet, making reference exclusively on BDI is only part of the story, since, 

shipping is not only about the drybulk market of the industry and the transportation of 

raw materials. There are other shipping markets and commodities that are equally 

important. For example, the tanker market of the shipping industry and crude oil. Crude 

oil, which is transported by tanker vessels, is one of the most vital natural resources of 

industrialized nations. It can generate heat, fuel vehicles and airplanes and of course, 

without it, drybulk vessels would not be able to sail. Another essential market of the 

shipping industry is that of container vessels which mainly transport finished goods and, 

as such, is closely related to consumers demand.  

Therefore, in this paper we consider the container and tanker markets, in addition 

to the drybulk market and BDI, to fill an important gap, as we show, in the current 

                                                               
4 As noted by Jeremy Penn, CEO of The Baltic Exchange (Baltic drying up as a gauge, Wall Street Journal, 

03/03/2010) “There are two elements to the BDI: demand and supply. When the supply of shipping is 

fairly stable, demand represents a good pointer to activity in primary industry. BDI is a good indicator of 

drybulk rates in the market; but we have never made great claims for it to be more than that”. 
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literature.  We also add to earlier studies by Baker and Wurgler (2006, 2007), Baker, 

Wurgler and Yuan (2012) and Huang, Jiang, Tu and Zhou (2014) by looking into the 

predictive ability of investor sentiment for stock returns from a different angle, that of 

real asset investor sentiment. Our results provide answers to a number of empirical 

questions: can the shipping industry be regarded as a leading indicator for financial 

assets? Should the investment community concentrate only on the drybulk market of 

the shipping industry? Finally, can investors profit by employing the shipping industry 

as an investment timing tool? 

We confirm empirically the significance of sentiment as a contrarian predictor of 

stock market excess returns and show that shipping sentiment constitutes a global 

predictor of financial assets in an in-sample and out-of-sample framework. The monthly 

𝑅2 statistics are also substantially higher than those reported in the literature (Baker and 

Wurgler, 2006; Baker, Wurgler and Yuan, 2012; Huang, Jiang, Tu and Zhou, 2014) 

implying that shipping sentiment can predict monthly stock market excess returns 

remarkably well. Tanker sentiment appears to be the strongest predictor and we attribute 

this to the drastic effects that oil may have on the economies and stock markets of 

industrialized countries (Jones and Kaul, 1996; Driesprong, Jacobsen and Maat, 2008) 

that are heavily dependent on the commodity, much of which is seaborne imported. 

Therefore, we provide evidence that attention should be paid not only on the BDI but 

on the shipping industry at the aggregate level.  Furthermore, shipping sentiment is 

found significant in predicting stock excess returns of equal-weight regional and US 

industry portfolios constructed from 2 × 3 sorts on size and book-to-market (B/M). In 

particular, when sentiment is high, stocks of small size companies earn relative low 

returns. Tanker sentiment appears to be the best predictor of excess returns yet again; 

although when we control for the Fama and French (1993) factors, the container 

sentiment leads the way in terms of predictive power. We also present evidence that 
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excess return forecasts based on lagged shipping sentiment outperform the historical 

average benchmark forecasts. The out-of-sample 𝑅2 statistics are sizeable, ranging on 

average from 1.79% to 10.22% and statistically significant. Our sentiment indices are 

not only statistically significant but also economically significant; since a monthly out-

of-sample 𝑅2 of 0.5% can be perceived as a signal of substantial economic value 

(Campbell and Thompson, 2008).  The average values of the 𝑅2 statistics also indicate 

that tanker sentiment again carries the highest predictive power of all three sentiment 

indices.  

As a robustness check, we employ the monthly investor sentiment index of Baker 

and Wurgler (2006) and test whether shipping sentiment maintains its unique significant 

predictive power. The robustness check results show that, in most cases, shipping 

sentiment is a significant predictor for excess returns; thus, preserving its unique 

predictive power even after controlling for the Baker and Wurgler (2006) sentiment 

index.  

Since predictability of excess stock returns in itself does not guarantee that an 

investor can profit from a trading strategy based on such forecasts (Pesaran and 

Timmermann, 1995; Goyal and Welch, 2008), we perform a comprehensive study of 

8,092 trading strategies built on shipping sentiment using technical analysis. We show 

that sentiment can be employed as a trading tool that generates higher returns than those 

earned based on the benchmark buy-and-hold strategy in the market index. Therefore, 

we contribute to the extant literature by demonstrating that the difficulty of exploiting 

predictability with trading strategies (Inoue and Kilian, 2004; Cochrane, 2008) is 

circumvented. 

The rest of the paper is organized as follows. Section 2 describes the selection of 

sentiment proxies and the construction of the sentiment indices. Sections 3 and 4 present 

the in-sample empirical results and out-of-sample testing on return predictability 
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respectively. In section 5, we perform the robustness check. Section 6 discusses the 

setup of the trading strategies and presents the trading simulation results. Section 7 

concludes. 

 

2. Sentiment indices 

Investor sentiment may refer to as the propensity to trade on noise rather than 

information, or it may refer to investor optimism or pessimism (Antoniou, Doukas and 

Subrahmanyam, 2013). Measuring investor sentiment is subjective as there is no 

consensus on what the appropriate proxies are (Schmeling, 2009) and extant literature 

(Barberis, Shleifer and Vishny, 1998; Brown and Cliff, 2004; Baker and Wurgler, 2007) 

suggests that there is a broad range of variables measuring sentiment. For example, 

Baker and Wurgler (2006) and Baker, Wurgler and Yuan (2012) use market price-based 

proxies such as closed-end fund discounts, IPOs’ volume and their first-day returns, 

volume turnover, equity share of new issues, dividend premium and volatility premium. 

Other studies employ micro-trading data such as trading positions of large speculators, 

large hedgers and small traders in the US futures markets (Wang, 2001) or broker data 

and transaction data (Kumar and Lee, 2006; Barber, Odean and Zhu, 2009). Investor 

surveys (Lee, Jiang and Indro, 2002; Brown and Cliff, 2004; Menkhoff and Rebitzky, 

2008) and consumer confidence indices (Lemmon and Portniaguina, 2006; Schmeling, 

2009) are also employed as proxies for sentiment. Finally, investor sentiment is also 

linked to close-end fund discounts (Hwang, 2011, Neal and Wheatley, 1998; 

Swaminathan, 1996) and mutual funds (Ben-Rephael, Kandel and Wohl, 2012). 

 The selection of sentiment proxies and method to measure shipping markets’ 

sentiment follows Papapostolou, Nomikos, Pouliasis and Kyriakou (2014).  We 

combine five proxies which in our view reflect the sentiment of participants in the 

shipping markets, in addition to a component of non-sentiment related idiosyncratic 
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variation. The selection process is based on the notion that individuals with positive 

(negative) sentiment make optimistic (pessimistic) judgments and investment decisions 

(Bower, 1981; Wright and Bower, 1992).  To this end, optimism or pessimism about 

the overall state of the shipping market can affect the decision of investors regarding 

the sale and purchase of second-hand or the order of newbuilding vessels. Following 

Baker and Wurgler (2006) and Baker, Wurgler and Yuan (2012), we orthogonalize the 

raw sentiment proxies and then construct total, market and sector-specific sentiment 

indices using the first principal component method. Our sentiment indices cover the 

three main markets of the shipping industry, namely container, drybulk and tankers. 

 

2.1. Sentiment proxies: selection, motivation and data 

We classify the proxies into three main categories: market expectations (net 

contracting and money committed), valuation (price-to-earnings and second-hand-to-

newbuilding vessel price ratios) and liquidity (turnover ratio). 

The first proxy employed is net contracting (NC) which measures the number of 

orders for newbuilding vessels contracted with shipyards after accounting for order 

cancellations and scrapped vessels. The use of net contracting proxy is motivated as 

follows. First, we assume that the demand for new vessels in the shipping market 

resembles the demand for new equity issues in the financial markets. This is by analogy 

to Baker and Wurgler (2006, 2007) and Baker, Wurgler and Yuan (2012) who use the 

number of IPOs as a sentiment proxy, as the demand for IPOs is considered to be 

extremely sensitive to investor sentiment. Second, we assume that shipping participants 

tend to follow the herd and invest in new capacity when the orderbook and valuations 

are generally high. Usually, high shipping earnings are associated with high second-

hand vessel prices and orderbook, but forecast low future returns (Greenwood and 

Hanson, 2014). Furthermore, Greenwood and Hanson (2014) argue that over-
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investment in new capacity during booms is due to shipowners being overconfident and 

incorrectly believing that investments will continue to reap high returns5. Therefore, we 

assume that high-sentiment periods are characterized by high vessel orders with 

cancellations and scrapping of vessels being at low levels. The monthly net contracting 

is given by, 

 

𝑁𝐶𝑗,𝑞,𝑡 = (𝑜𝑟𝑑𝑒𝑟𝑗,𝑞,𝑡 − 𝑜𝑟𝑑𝑒𝑟𝑗,𝑞,𝑡−1 + 𝑑𝑒𝑙𝑗,𝑞,𝑡) − 𝑠𝑐𝑟𝑎𝑝𝑗,𝑞,𝑡,                                          (1) 

 

where 𝑜𝑟𝑑𝑒𝑟𝑗,𝑞,𝑡 is the orderbook, i.e., the number of vessels awaiting construction or 

being constructed in market j and sector q during month t, 𝑑𝑒𝑙𝑗,𝑞,𝑡 the number of vessel 

deliveries and 𝑠𝑐𝑟𝑎𝑝𝑗,𝑞,𝑡 the number of vessels being scrapped. By construction our 

proxy takes into account order cancellations which reflect investment sentiment and 

conditions in shipping markets, thus, it measures net investment in new capacity.  

 The second proxy is the money committed (MC) in each market and sector, 

 

𝑀𝐶𝑗,𝑞,𝑡 = 𝑜𝑟𝑑𝑒𝑟𝑗,𝑞,𝑡 × 𝑛𝑒𝑤𝑃𝑥𝑗,𝑞,𝑡,                                                                                         (2) 

 

where 𝑛𝑒𝑤𝑃𝑥𝑗,𝑞,𝑡 is the price of newbuilding vessels in market j and sector q during 

month t. This proxy reflects the funds committed for the purchase of newbuilding 

vessels. Broader measures of financing activity are used in the literature as sentiment 

proxies. For example, Baker and Wurgler (2000) suggest that the share of equity issues 

in the total of equity and debt issues is a measure of financing activity that can capture 

sentiment. The main source of capital for shipping projects is bank finance, with a 

historical average debt-to-equity ratio of seventy-to-thirty for a straightforward 

shipping project. Furthermore, expansion phases in the freight rate market (i.e., high 

                                                               
5 Greenwood and Hanson (2014) attribute this behaviour partly to “competition neglect” by shipowners, 

which is caused by the time lag involved in the shipbuilding process (Kahneman, 2011). 
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sentiment) have been historically fuelled by the liberal availability of debt finance for 

newbuildings, as the providers of credit are overconfident in financing shipping 

projects. At the same time, there is a corresponding willingness of investors to become 

excessively geared. This stems from the fact that we are dealing with a niche market 

where providers of credit follow their competitors to avoid losing any market share. 

Therefore, we expect MC to be positively related to investor sentiment. 

 The third sentiment proxy is the price-to-earnings ratio (PE) for vessels, 

 

𝑃𝐸𝑗,𝑞,𝑡 = 𝑠𝑐ℎ𝑃𝑥𝑗,𝑞,𝑡 𝑒𝑎𝑟𝑛𝑗,𝑞,𝑡,⁄                                                                                                (3) 

 

where 𝑠𝑐ℎ𝑃𝑥𝑗,𝑞,𝑡 is the price of five-year old second-hand vessels and 𝑒𝑎𝑟𝑛𝑗,𝑞,𝑡 the 

annualized earnings (one-year time-charter rates6) in market j and sector q during month 

t. The price-to-earnings ratio as a measure of sentiment has been previously considered 

in the literature and has been identified as a predictor of stock returns (Campbell and 

Shiller, 1998; Fisher and Statman, 2006; Kurov, 2008). Generally, high PE ratios reflect 

the relative degree of overvaluation in asset prices and high investor sentiment. In the 

shipping industry, the estimate of earnings is forward-looking and reflects the expected 

earnings to be received from operating a vessel for one year from the point of valuation. 

As such, when current vessel prices are high relative to the one-year forward-looking 

earnings (i.e., high PE ratio), investors expect vessel prices to drop in the future in 

anticipation of limited earnings growth.  We thus expect high PE ratios to be associated 

with low sentiment levels. 

 The fourth proxy we consider is the second-hand to newbuilding price ratio 

(SNB), 

 

𝑆𝑁𝐵𝑗,𝑞,𝑡 = 𝑠𝑐ℎ𝑃𝑥𝑗,𝑞,𝑡 𝑛𝑒𝑤𝑃𝑥𝑗,𝑞,𝑡.⁄                                                                                         (4) 

                                                               
6 Fixed daily freight rate, measured in US$/day, received by the shipowner for chartering (leasing or 

letting-out) a vessel for a one-year period. 
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Newbuilding vessels have longer useful economic lives than identical second-hand 

vessels of certain age (e.g., five or ten-year old vessels), which in general implies higher 

capital outlays. However, during prosperous freight market conditions and high 

sentiment periods, investors prefer to take advantage of the prevailing market conditions 

immediately. As a result, they favour the purchase of second-hand vessels to avoid the 

time lag in the construction process of newbuildings7. This preference consequently 

creates an immediate delivery premium that may occasionally drive second-hand vessel 

prices above newbuilding vessel prices. The selection of SNB as a sentiment proxy is 

by analogy (inverse) to Baker and Wurgler (2004) use of dividend premium. Dividends 

are generally perceived by investors as a characteristic for safety (Baker and Wurgler, 

2006). When dividends are at premium, companies are more likely to pay them and less 

so when they are at discount (Fama and French, 2001). Therefore, companies appear to 

cater prevailing sentiment for or against “safety” in their decision of dividend 

distributions. Similarly, SNB reflects the preference of market agents for second-hand 

vessels to newbuilding vessels and captures the immediate delivery premium, which is 

related to the level of optimism or pessimism regarding the current market conditions. 

Our last proxy reflects the relative liquidity in the shipping industry. The use of 

liquidity as a sentiment proxy follows from Baker and Stein (2004) who suggest 

turnover as a candidate proxy for investor sentiment. They argue that, under short-sales 

constraints, irrational investors are more likely to participate in the market and add 

liquidity when they are optimistic. Short-sales constraints are even more profound in 

the shipping industry as it is difficult and costly for participants to establish short 

positions on vessels. Baker and Wurgler (2006, 2007) capture market liquidity by the 

                                                               
7 The building of new vessels is characterized by significant construction lags. The actual construction 

time, which is on average two years, may often be lengthened considerably by the lack of available berth 

capacity in shipyards or due to order backlog. For example, Kalouptsidi (2014) quantifies the impact of 

time-to-build on shipping investments and estimates that the average construction time almost doubled 

between 2001 and 2008. 
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ratio of trading volume to the number of shares listed on the New York Stock Exchange, 

whereas Baker, Wurgler and Yuan (2012) use the ratio of total dollar volume over a 

year to the total market capitalization at the end of the previous year. However, liquidity 

is an elusive notion (Amihud, 2002; Pastor and Stambaugh, 2003) which has been 

represented by various empirical measures in the literature8. We represent shipping 

market liquidity by the turnover ratio9 (TURN) which measures the activity in the sale 

and purchase market for second-hand vessels in terms of the total number of vessels 

available in the market, 

 

𝑇𝑈𝑅𝑁𝑗,𝑞,𝑡 = 𝑀−1 ∑ 𝑆𝑎𝑙𝑒𝑗,𝑞,𝑝 𝐹𝑙𝑒𝑒𝑡𝑗,𝑞,𝑝,⁄

𝑡

𝑝=𝑡−𝑀+1

                                                                 (5) 

 

where 𝐹𝑙𝑒𝑒𝑡𝑗,𝑞,𝑝 is the total number of available vessels in sector q of market j and 

month p, 𝑆𝑎𝑙𝑒𝑗,𝑞,𝑝 the number of vessels sold and 𝑀 = 12 months up to time 𝑡. We 

anticipate high turnover periods to be related to high sentiment. 

We calculate the proxies on a monthly basis for the following markets and sectors: 

(1) container market: panamax, sub-panamax and handymax sectors (2) drybulk market: 

capesize, panamax, handymax and handysize sectors; and (3) tanker market: VLCC, 

suezmax and aframax sectors. Data is collected from Clarkson’s Shipping Intelligence 

Network (http://www.clarksons.net/sin2010/) over the period February 1996 to April 

2014.10 Since the proxies may embody a component that reflects underlying 

macroeconomic fundamentals, we remove the non-sentiment part by orthogonalizing 

the proxies to three macro variables: the G7 monthly industrial production growth and 

two recession-period dummies for the G7 and Major 5 Asia countries, all provided by 

                                                               
8 Proxies for liquidity, among others, include: (i) turnover (Amihud and Mandelson, 1986), (ii) dollar 

volume (Chordia, Subrahmanyam and Anshuman, 2001), (iii) share volume (Brennan and 

Subrahmanyam, 1995), (iv) Roll-implicit spread estimator (Roll, 1984), (v) illiquidity ratio (Amihud, 

2002) and (vi) proportion of zero returns measure (Lesmond, Ogden and Trzcinka, 1999). 
9 Our choice of liquidity measure is driven by data availability on a monthly basis. 
10 Data availability for the container market begins in September 1996. 

http://www.clarksons.net/sin2010/
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the Organisation for Economic Co-operation and Development (OECD). The macro 

variables are selected by taking into account the global nature of the shipping markets, 

although we recognize that additional macro factors may also drive our proxies. Finally, 

all proxies are de-trended using the Hodrick-Prescott (1997) filter11 and their cyclical 

component is used in the analysis. 

 

2.2. Total, market and sector-specific sentiment indices 

For each market and sector we construct a first-stage index comprising fifteen 

loadings given by the current, one-month lagged and two-month lagged orthogonalized 

proxies (denoted by ┴). This way, a lead-lag relationship between the proxies is allowed 

since a number proxies may reflect a shift in sentiment earlier than others (Brown and 

Cliff, 2004; Baker and Wurgler, 2006). To decide which proxies to include eventually 

in the total shipping sentiment (SS) index, we estimate the correlation between the first-

stage index and the current and lagged proxies. The proxies with the highest correlation 

qualify as the final sentiment proxies and the first principal component of the selected 

proxies provides the total sentiment index, 

 

𝑆𝑆𝑗,𝑞,𝑡
𝑡𝑜𝑡𝑎𝑙┴

= 𝛼𝑁𝐶𝑗,𝑞,𝑡−𝑙
┴ + 𝛾𝑀𝐶𝑗,𝑞,𝑡−𝑙

┴ − 𝛿𝑃𝐸𝑗,𝑞,𝑡−𝑙
┴ + 휀𝑆𝑁𝐵𝑗,𝑞,𝑡−𝑙

┴ + 𝜔𝑇𝑈𝑅𝑁𝑗,𝑞,𝑡−𝑙
┴ ,       (6) 

 

where 𝑗 denotes the shipping market (container, drybulk, tanker), 𝑞 the sector of the 

market (panamax, sub-panamax, handymax,…,aframax), 𝑡 the current month and 𝑙 the 

monthly lag. Table 1 presents the loadings and lags of the sentiment proxies. Looking 

at Table 1, we observe that the sentiment proxies enter the index with the expected sign. 

In terms of time order in reflecting sentiment, MC carries the same time subscript across 

all sectors and markets and lags all other proxies. On the other hand, NC and SNB 

                                                               
11 In the analysis, we use a smoothing parameter of λ=14,000. Different values of λ were also tested 

without significant effect on the final estimated trend and cyclical components of the series. 
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appear to be the leading proxies, while carrying the same time subscript across all 

sectors and markets (with the exception of the drybulk capesize sector). 

 

[INSERT TABLE 1 HERE] 

 

The variance explained by the first principal component in each sector q of market 

j ranges from 40% to 62% and the results are in line with Baker, Wurgler and Yuan 

(2012) and Papapostolou, Nomikos, Pouliasis and Kyriakou (2014). Hence, we 

conclude that most of the proxies’ common variation is captured by one factor. Further, 

the high correlation12 between the first-stage indices and total sentiment indices of Eq. 

6 suggests that dropping the remaining ten proxies does not lead to any significant loss 

of information. Table 2 indicates that the proxies – across all markets and sectors – are 

highly correlated with the total sentiment index in general, but there are instances where 

the correlation between the proxies is relatively low. This implies that the proxies 

contain idiosyncratic information in reflecting investor sentiment. Therefore, the risk of 

using variables that reveal the same information is low.  

 

[INSERT TABLE 2 HERE] 

 

A feature of the shipping industry is that companies operate vessels in more than 

one sector within a market; hence, sentiment may flow from one sector to another. The 

latter is implied by the high correlation coefficients between the total sentiment indices 

reported in Panel A of Table 3. We circumvent this issue and separate the overall market 

sentiment from the sector-specific sentiment by constructing first the market sentiment 

                                                               
12 Correlation between the first-stage indices and 𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴
 lies within 84% - 97% in the container market, 

91% - 97% in the drybulk market and 75% - 97% in the tanker market. 
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index 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

 based on the first principal component of the total sentiment indices 

(𝑆𝑆𝑞,𝑗,𝑡
𝑡𝑜𝑡𝑎𝑙┴

) for each market13, 

 

𝑆𝑆𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑒𝑟,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

= 0.576𝑆𝑆𝑝𝑎𝑛𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

+ 0.583𝑆𝑆𝑠𝑢𝑏𝑝𝑎𝑛𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

+ 0.573𝑆𝑆ℎ𝑚𝑎𝑥,𝑡
𝑡𝑜𝑡𝑎𝑙┴

,                        (7) 

 

𝑆𝑆𝑑𝑟𝑦𝑏𝑢𝑙𝑘,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

= 0.491𝑆𝑆𝑐𝑎𝑝𝑒,𝑡
𝑡𝑜𝑡𝑎𝑙┴

+ 0.499𝑆𝑆𝑝𝑎𝑛𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

+ 0.507𝑆𝑆ℎ𝑚𝑎𝑥,𝑡
𝑡𝑜𝑡𝑎𝑙┴

+ 0.502𝑆𝑆ℎ𝑠𝑖𝑧𝑒,𝑡
𝑡𝑜𝑡𝑎𝑙┴

, (8) 

 

𝑆𝑆𝑡𝑎𝑛𝑘𝑒𝑟,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

= 0.582𝑆𝑆𝑣𝑙𝑐𝑐,𝑡
𝑡𝑜𝑡𝑎𝑙┴

+ 0.560𝑆𝑆𝑠𝑢𝑒𝑧,𝑡
𝑡𝑜𝑡𝑎𝑙┴

+ 0.589𝑆𝑆𝑎𝑓𝑟𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

.                                  (9) 

 

Panel A of Table 3 reports high correlations between the total and market 

sentiment indices, implying that little information is lost by 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

 . Next, the 

sector-specific sentiment indices (𝑆𝑆𝑗,𝑞,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

) are obtained from the residuals of the 

regression of 𝑆𝑆𝑗,𝑞,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 for sector q on 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

 in market j. The correlation between 

sector-specific indices is reduced (Table 3, Panel B), implying that sentiment within 

sectors is captured more suitably by 𝑆𝑆𝑗,𝑞,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 rather than 𝑆𝑆𝑗,𝑞,𝑡
𝑡𝑜𝑡𝑎𝑙┴

.  

 

[INSERT TABLE 3 HERE] 

 

The market and sector-specific sentiment indices are plotted in Figure 1. It can be 

seen that market sentiment is smooth, thus capturing market-wide changes14, such as 

the financial and shipping crisis of 2008. On the other hand, sector-specific sentiment 

indices move in a more erratic way and reflect the idiosyncratic features of each sector. 

Since we are interested in the predictive power of shipping sentiment for stock returns 

on a global scale, we focus on the three shipping market sentiment indices rather than 

                                                               
13 For ease of notation, in Eqs. (7)-(9) we omit subscript j, indicating the market, for each 𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴
 

originally defined in Eq.  6 as this is obvious from 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

. 
14 A comprehensive empirical analysis to validate the accuracy of our three market sentiment indices has 

also been performed. The analysis builds on Papapostolou, Nomikos, Pouliasis and Kyriakou (2014) and 

extends the study in the container and tanker markets. Results are available from the authors upon request. 
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the specific-sector indices (henceforth, for ease of notation, we use 𝑆𝑆𝑗,𝑡
┴  when referring 

to the shipping market sentiment indices). 

 

[INSERT FIGURE 1 HERE] 

 

3. International stock returns predictability 

In this section, we examine whether sentiment is statistically significant as a 

common predictor of international stock market excess returns measured in US dollar 

terms. First, we investigate the relationship between shipping sentiment and sixteen 

international stock market indices (Australia, Belgium, Canada, France, Germany, 

India, Italy, Japan, Netherlands, Norway, P.R. of China, Russian Federation, Sweden, 

Switzerland, United Kingdom and United States). Second, we extend the analysis to a 

set of developed markets equal-weight portfolios. The portfolios combine twenty-three 

developed markets into four regions: (1) Asia-Pacific, which includes Australia, New 

Zealand, Hong Kong and Singapore, (2) Europe, which includes Austria, Belgium, 

Denmark, Finland, France, Germany, Greece, Ireland, Italy, Netherlands, Norway, 

Portugal, Spain, Sweden, Switzerland and United Kingdom, (3) Japan and (4) North 

America, which includes United States and Canada. The four regions are also combined 

to construct Global portfolios. Finally, we study the relationship between shipping 

sentiment and sixteen US industry equal-weight portfolios (automobiles, chemicals, 

textiles and apparel, construction and construction materials, consumer products, 

consumer durables, fabricated products, financials, food, machinery and bus equipment, 

mining and minerals, oil and petroleum products, retail stores, steel works, 

transportation and utilities) 15.  

 

                                                               
15 The Fama and French portfolios for developed markets and US industries can be downloaded from 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. In the analysis we have 

excluded the industry category “other”. 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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3.1. Pairwise causality tests 

We are primarily interested in predicting stock market index excess returns with 

shipping sentiment, but there is the possibility of causality running in the opposite 

direction, i.e., changes in excess returns affecting shipping sentiment. We check for 

time-series dependencies between the three shipping market sentiment indices and 

international stock index excess returns by performing Granger causality tests. The tests 

are conducted using a vector autoregressive framework and Table 4 shows the results. 

 

[INSERT TABLE 4 HERE] 

 

Reports in Table 4 suggest that the null hypothesis that stock index monthly 

excess returns for country 𝑖 (Australia, Belgium, Canada,…,United States) do not 

Granger-cause shipping sentiment of market j cannot be rejected. However, the null 

hypothesis that shipping sentiment of market j does not Granger-cause stock index 

monthly excess returns for country 𝑖 can be rejected. Thus, there is evidence of one-way 

Granger causality from shipping sentiment to international stock market index excess 

returns. The only cases where we find a two-way Granger causality are between the 

Australian and Belgian excess stock returns and the drybulk sentiment index.  Yet, 

sentiment should not be regarded as a gift and as such may also be affected by market 

factors (Schmeling 2009). 

 

3.2. Shipping sentiment and stock market returns 

Several studies provide empirical evidence on a variety of predictors of stock 

market returns (Harvey, 1995; Ang and Bekaert, 2007; Goyal and Welch, 2008, among 

others). However, we are interested in whether sentiment can predict international stock 

market excess returns. To this end, we run regressions of the type, 

 

𝑅𝑖,𝑡 = 𝛽𝑖,0 + 𝛽𝑖,𝑗𝑆𝑆𝑗,𝑡−1
┴ + 𝑢𝑖,𝑡 ,                                                                                            (10) 



17 

 

 

The monthly return on a broad stock market index of country 𝑖 and month 𝑡 in excess 

of the one-month US Treasury bill rate (𝑅𝑖,𝑡) is regressed on the shipping sentiment 

index for market 𝑗 that prevailed at month 𝑡 − 1. All stock market index data and the 

one-month US Treasury bill rate, for the sample period February 1996 to April 2014, 

are obtained from Thomson Reuters Datastream. We also distinguish unique sentiment 

predictability effects from the Fama and French (2012) factors using the following 

multivariate regression model as in Baker and Wurgler (2006) and Stambaugh, Yu and 

Yuan (2012), 

 

𝑅𝑖,𝑡 = 𝛽𝑖,0 + 𝛽𝑖,𝑗𝑆𝑆𝑗,𝑡−1
┴ + 𝛽𝑖,𝑟

𝑏 𝑅𝑀𝑅𝐹𝑟,𝑡 + 𝛽𝑖,𝑟
𝑠 𝑆𝑀𝐵𝑟,𝑡 + 𝛽𝑖,𝑟

ℎ 𝐻𝑀𝐿𝑟,𝑡 + 𝛽𝑖,𝑟
𝑤 𝑊𝑀𝐿𝑟,𝑡

+ 𝑢𝑖,𝑡 .                                                                                                             (11) 

                                    

The control Fama and French (2012) factors for developed markets – namely, 

Global, Asia-Pacific, European, Japanese and North American factors – are constructed 

using six value-weight portfolios formed on size and B/M.16 𝑅𝑀𝑅𝐹𝑟,𝑡 is the region’s 𝑟 

(Global, Asia-Pacific, Europe, Japan and North America) value-weighted return on the 

market portfolio over the one-month US Treasury bill rate, 𝑆𝑀𝐵𝑟,𝑡 is the equal-weight 

average of the returns on the three small stock portfolios over the average of the returns 

on the three big stock portfolios for region 𝑟, 𝐻𝑀𝐿𝑟,𝑡 is the equal-weight average of the 

returns for the two high B/M portfolios minus the average of the returns for the two low 

B/M portfolio for region 𝑟 and 𝑊𝑀𝐿𝑟,𝑡 is the equal-weight average of the returns for 

the two winner portfolios minus the average of the returns for the two loser portfolios 

for region 𝑟. First, we control for global factors and estimate the regression model of 

Eq. 11. Then, we categorize the market excess returns into Asia-Pacific, European, 

                                                               
16 Details about the Fama and French factors for developed countries can be found and be downloaded 

from http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html.  

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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Japanese and North American regions and account for the relevant Fama and French 

(2012) factors. 

Ordinary least squares (OLS) estimates of 𝛽𝑖,𝑗 in the predictive regression Eq. 10 

(Eq. 11) with the associated t-statistics are reported in the second, sixth and tenth 

(fourth, eighth and twelfth) columns of Table 5. The t-statistics are based on White 

(1980) robust standard errors. The constructed sentiment indices used in the predictive 

regressions are stationary and highly persistent and, as such, they may impute biased 

coefficient and standard error estimates (Stambaugh, 1999; Ferson, Sarkissian and 

Simin, 2003).  To adjust for these biases and increase the robustness of our empirical 

results, we compute empirical p-values using the modified version of the wild bootstrap 

procedure (Gonçalves and Kilian, 2004; Cavaliere, Rahbek and Taylor, 2010) in 

Rapach, Strauss and Zhou (2013). We also account for the fact that investor sentiment 

is generally perceived as a contrarian predictor of stock returns and, to make our tests 

more powerful, we calculate p-values for the one-sided alternative hypothesis 𝛽𝑖,𝑗 < 0.  

 

[INSERT TABLE 5 HERE] 

 

Across all countries and the three shipping markets, the estimates of 𝛽𝑖,𝑗 (defined 

as �̂�𝑖,𝑗) in Eq. 10 are negative and consistent with the existing literature. The results 

provide support to the contrarian feature of sentiment in relation to stock market excess 

returns. In particular, it is shown that when shipping sentiment is high, stock market 

index excess returns are lower over the coming month. Furthermore, of all three 

shipping sentiment indices, the tanker market sentiment displays the strongest 

predictive power. With the exception of China, all �̂�𝑖,𝑡𝑎𝑛𝑘𝑒𝑟 estimates are higher than 

their corresponding �̂�𝑖,𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑒𝑟 and  �̂�𝑖,𝑑𝑟𝑦𝑏𝑢𝑙𝑘 estimates and this is also confirmed by 

the respective higher values of 𝑅2. For example, a one-unit increase in tanker sentiment 
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(which implies an increase in the standard deviation by one, as the indices are 

standardized) is associated with a 0.9% lower monthly excess return on the US stock 

market index. The corresponding percentage reduction in the cases of container and 

drybulk sentiment indices is 0.5%.  The estimated coefficients on shipping sentiment 

diminish when we control for RMRF, SMB, HML and WML (Eq. 11). In the cases of 

the container and drybulk sentiment we also observe a markedly reduction in terms of 

statistical significance and predictive power. However, tanker sentiment still carries the 

highest predictive power when controlling for global factors and the estimated 

coefficients are statistically significant in thirteen out of sixteen countries. Yet, its 

predictive power is also marginally affected when controlling for region-specific 

factors. Interestingly, when we control for the Japanese rather than the global factors 

and estimate Eq. 11, the shipping sentiment of the container and drybulk market appears 

to be a significant predictor for the Japanese market excess returns.    

The monthly 𝑅2 statistics of Eq. 10 in the third, seventh and eleventh columns of 

Table 5 are substantially higher than those reported in the literature (Baker and Wurgler, 

2006; Baker, Wurgler and Yuan, 2012; Huang, Jiang, Tu and Zhou, 2014) suggesting 

that shipping sentiment can predict monthly stock market excess returns remarkably 

well. Asterisks attached to the 𝑅2 statistics of Eq. 11 in the fifth, ninth and thirteenth 

columns indicate significance at the 10% level or better based on the wild bootstrapped 

p-values for testing the null hypothesis of no excess return predictability; and this null 

hypothesis is rejected in all cases.  

The pooled version of Eq. 10 and Eq. 11 is also estimated, as in Ang and Bekaert 

(2007) and Hjalmarsson (2010), by a generalized method of moments (GMM) 

procedure that accounts for possible heteroskedasticity and correlation among the 

market excess returns. The pooled models impose the restrictions that 𝛽𝑖,𝑗 = �̅�𝑗, 𝛽𝑖,𝑟
𝑏 =

�̅�𝑟
𝑏 , 𝛽𝑖,𝑟

𝑠 = �̅�𝑟
𝑠, 𝛽𝑖,𝑟

ℎ = �̅�𝑟
ℎ and 𝛽𝑖,𝑟

𝑤 = �̅�𝑟
𝑤. The pooled estimates �̂̅�𝑗 are statistically 
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significant at conventional levels based on the wild bootstrapped p-values. The only 

exception is the container sentiment when controlling for the global factors. 

Furthermore, the tanker sentiment remains the strongest predictor.  

Overall, our results confirm the significance of shipping sentiment as a contrarian 

common predictor of market excess returns and highlight the superior predictive power 

of tanker sentiment in comparison to the container and drybulk sentiment. We attribute 

this to the drastic effects that oil may have on the economies and stock markets of 

industrialized countries (Jones and Kaul, 1996; Driesprong, Jacobsen and Maat, 2008) 

that continue to be heavily dependent on the commodity, much of which is seaborne-

imported.  

Following Rapach, Strauss and Zhou (2013), we finally use the multi-predictor 

augmented regression method (mARM) of Amihud, Hurvish and Wang (2009) to check 

whether the wild bootstrap adjusts well for any biased coefficient and standard error 

estimates. mARM is explicitly designed to account for the Stambaugh (1999) bias 

which leads to over-rejection of the null hypothesis of no predictability. Therefore, the 

wild bootstrap is better for making inferences only if its estimated p-values are 

systematically higher than the mARM p-values. The wild bootstrapped p-values are 

actually higher relative to the mARM p-values and, in the case of Eq. 11, they produce 

fewer rejections of the null hypothesis of no return predictability (the p-values of the 

wild bootstrap and mARM can be made available by the authors upon request). 

 

3.3. Shipping sentiment and regional portfolio returns 

Due to limited data availability the shipping sentiment indices cannot be 

constructed earlier than February 1996, hence our sample period may be considered 

rather short. To mitigate any potential loss of power for our models, we follow Fama 

and French (2012) and extend the analysis of Section 3.2 to portfolios of developed 
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markets categorised in 5 regions. In our analysis we employ equal-weight portfolios 

constructed from 2 × 3 sorts on size and book equity to market equity (B/M). 

We estimate the following regressions, 

 

𝑅𝑟,𝑧,𝑡 = 𝛽𝑟,𝑧,0 + 𝛽𝑟,𝑧,𝑗𝑆𝑆𝑗,𝑡−1
┴ + 𝑢𝑟,𝑧,𝑡 ,                                                                                (12) 

and 

𝑅𝑟,𝑧,𝑡 = 𝛽𝑟,𝑧,0 + 𝛽𝑟,𝑧,𝑗𝑆𝑆𝑗,𝑡−1
┴ + 𝛽𝑟,𝑧

𝑏 𝑅𝑀𝑅𝐹𝑟,𝑡 + 𝛽𝑟,𝑧
𝑠 𝑆𝑀𝐵𝑟,𝑡 + 𝛽𝑟,𝑧

ℎ 𝐻𝑀𝐿𝑟,𝑡

+ 𝛽𝑟,𝑧
𝑤 𝑊𝑀𝐿𝑟,𝑡  + 𝑢𝑟,𝑧,𝑡 .                                                                              (13) 

 

The left-hand side of Eqs. (12)-(13) is the excess return of the portfolio in region 𝑟 and 

size-B/M 𝑧 (small size-low growth (SL), small size-medium growth (SM), small size-

high growth (SH), big size-low growth (BL), big size-medium growth (BM) and big 

size-high growth (BH)). The estimation procedure employed is described in Section 3.2. 

 

[INSERT TABLE 6 HERE] 

 

      The OLS estimates of 𝛽𝑟,𝑧,𝑗 (denoted by �̂�𝑟,𝑧,𝑗) in the predictive regression given by 

Eq. 12 (Eq. 13) are reported in the second, sixth and tenth (fourth, eighth and twelfth) 

columns of Table 6. Asterisks next to 𝑅2 in the fifth, ninth and thirteenth columns 

indicate significance at the 10% level or better based on the wild bootstrapped p-values 

for testing the null hypothesis of no excess return predictability (𝐻0: 𝛽𝑟,𝑧,𝑗 = 𝛽𝑟,𝑧
𝑏 =

𝛽𝑟,𝑧
𝑠 = 𝛽𝑧,𝑟

ℎ = 𝛽𝑟,𝑧
𝑤 = 0). The �̂�𝑟,𝑧,𝑗 estimates of Eq. 12 are negative and, hence, shipping 

sentiment preserves its contrarian feature as predictor for stock excess returns. 

However, the magnitude and statistical significance of the estimates diminish when we 

control for RMRF, SMB, HML and WML (see Eq. 13). Further, the results for the 

Global and North American portfolios are consistent with Baker and Wurgler (2006). It 

is shown that shipping sentiment has larger effect on small stocks, i.e., when sentiment 
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is high, future returns on stocks of small companies are relatively low. Results for the 

Asia-Pacific, European and Japanese portfolios are mixed. For example, container 

sentiment has predictive power only for the big size-high growth European portfolio. 

On the other hand, drybulk and tanker sentiment function better as predictors for small 

size-high growth stocks. The wild bootstrapped p-values reject the null hypothesis of 

no excess return predictability at conventional levels. The pooled �̂̅�𝑗 estimates of Eq. 12 

are overall significant, in contrast to the pooled estimates of Eq. 13 that are significant 

only for the Global and North American portfolios.  

 In summary, our results confirm shipping sentiment as a common predictor of 

stock excess returns. Therefore, it can be argued that any potential loss of power of our 

tests due to the short sample period is mitigated.   

     

3.4 Shipping sentiment and US industry portfolio returns 

In what follows, we investigate whether shipping sentiment has any predictive 

power over excess returns of industry portfolios. In our analysis, we use the Fama and 

French sixteen US industry portfolios constructed from 2 × 3 sorts on size and B/M. 

We estimate the regressions, 

 

𝑅𝜃,𝑡 = 𝛽𝜃,0 + 𝛽𝜃,𝑗𝑆𝑆𝑗,𝑡−1
┴ + 𝑢𝑟,𝑡 ,                                                                                         (14) 

and 

𝑅𝜃,𝑡 = 𝛽𝜃,0 + 𝛽𝜃,𝑗𝑆𝑆𝑗,𝑡−1
┴ + 𝛽𝜃,𝑈𝑆

𝑏 𝑅𝑀𝑅𝐹𝑈𝑆,𝑡 + 𝛽𝜃,𝑈𝑆
𝑠 𝑆𝑀𝐵𝑈𝑆,𝑡 + 𝛽𝜃,𝑈𝑆

ℎ 𝐻𝑀𝐿𝑈𝑆,𝑡

+ 𝛽𝜃,𝑈𝑆
𝑤 𝑊𝑀𝐿𝑈𝑆,𝑡 + 𝑢𝜃,𝑡 ,                                                                            (15) 

   

where the dependent variable is the return on the portfolio of industry 𝜃 (automobiles, 

chemicals,…,utilities) over the one-month US Treasury bill rate. The control variables 

𝑅𝑀𝑅𝐹𝑈𝑆,𝑡, 𝑆𝑀𝐵𝑈𝑆,𝑡 and 𝐻𝑀𝐿𝑈𝑆,𝑡 are the Fama and French (1993) factors. These are 
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constructed using six value-weight portfolios formed on size and B/M. 𝑅𝑀𝑅𝐹𝑈𝑆,𝑡 is the 

value-weight return of all CRSP firms incorporated in the US and listed on the NYSE, 

AMEX or NASDAQ that have a CRSP share code of 10 or 11 at the beginning of month 

t, good shares and price data at the beginning of month  t and good return data for month 

t minus the one-month US Treasury bill rate. 𝑆𝑀𝐵𝑈𝑆,𝑡 is the equal-weight average of 

the returns on the three small stock portfolios minus the average of the returns on the 

three big stock portfolios and 𝐻𝑀𝐿𝑈𝑆,𝑡 is the equal-weight average of the returns for the 

two high B/M portfolios minus the average of the returns for the two low B/M portfolio. 

The Fama and French momentum factor is based on six value-weight portfolios formed 

on size and prior returns. 𝑊𝑀𝐿𝑈𝑆,𝑡 is the average return on the two high prior-return 

portfolios minus the average return on the two low prior-return portfolios. The 

estimation procedure employed is described in Section 3.2. 

 

[INSERT TABLE 7 HERE] 

 

Columns two, six and ten (four, eight and twelve) of Table 7 report the OLS 

estimates 𝛽𝜃,𝑗 (denoted by �̂�𝜃,𝑗) of Eq. 14 (Eq. 15). Asterisks attached to 𝑅2 in columns 

five, nine and thirteen indicate significance at the 10% level or better based on the wild 

bootstrapped p-values for testing the null hypothesis of no excess return predictability 

(𝐻0: 𝛽𝜃,𝑗 = 𝛽𝜃,𝑈𝑆
𝑏 = 𝛽𝜃,𝑈𝑆

𝑠 = 𝛽𝜃,𝑈𝑆
ℎ = 𝛽𝜃,𝑈𝑆

𝑤 = 0). The �̂�𝜃,𝑗 estimates of Eq. 14 are 

negative and, hence our shipping sentiment indices are still contrarian indicators for 

stock excess returns. The only exceptions are the oil and petroleum products and utilities 

industry portfolios under the container and drybulk sentiment models. It is shown that 

when we control for RMRF, SMB, HML and WML (Eq. 15), the estimated coefficients 

on sentiment diminish in magnitude and statistical significance. Further, the pooled �̂̅�𝑗 

estimates of Eq. 14 and Eq. 15 are all statistically significant.  
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Overall, shipping sentiment appears to be significant in predicting stock excess 

returns of equal-weight US industry portfolios and tanker sentiment is the best predictor 

of excess returns. However, when we control for the Fama and French (1993) factors, 

the drybulk sentiment marginally leads the way in terms of predictive power. 

 

4. Out-of-sample testing 

 In-sample analysis provides efficient parameter estimates by utilizing the full 

sample, but it may cause a possible look-ahead bias. Goyal and Welch (2008) argue that 

out-of-sample testing is to assess genuine return predictability and to avoid in-sample 

over-fitting issues. In addition, out-of-sample tests are less affected by short sample 

periods that may cause distortions (Busetti and Marcucci, 2012). Goyal and Welch 

(2008) also show that excess return forecasts from predictive regressions on individual 

economic variables typically fail to outperform the historical average benchmark 

forecast in out-of-sample tests. We thus test whether the unrestricted model that uses 

lagged shipping sentiment index as a predictor can outperform the historical average 

benchmark model (restricted model) of excess stock returns. The unrestricted models 

in our tests are, 

 

𝑅𝑖,𝑡+1 = 𝛽𝑖,0 + 𝛽𝑖,𝑗𝑆𝑆𝑗,𝑡
┴ + 𝑢𝑖,𝑡+1 ,                                                                                        (16) 

𝑅𝑟,𝑧,𝑡+1 = 𝛽𝑟,𝑧,0 + 𝛽𝑟,𝑧,𝑗𝑆𝑆𝑗,𝑡
┴ + 𝑢𝑟,𝑧,𝑡+1 ,                                                                            (17) 

𝑅𝜃,𝑡+1 = 𝛽𝜃,0 + 𝛽𝜃,𝑗𝑆𝑆𝑗,𝑡
┴ + 𝑢𝜃,𝑡+1 ,                                                                                     (18) 

 

whereas in the restricted models we impose 𝛽𝑖,𝑗 = 𝛽𝑟,𝑧,𝑗 = 𝛽𝜃,𝑗 = 0. 

First, we define an in-sample period 𝐷 to estimate the initial parameters for the 

unrestricted and restricted models.  Next, we update the weights of the sentiment proxies 

to construct the shipping sentiment indices for months 𝑡 = 𝐷 + 1, 𝐷 + 2, … , 𝑇  and 
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obtain excess returns forecasts �̂�𝑖,𝑡+1, �̂�𝑟,𝑧,𝑡+1 and �̂�𝜃,𝑡+1 based on the unrestricted 

models of Eqs. (16)-(18) respectively; and excess returns forecasts �̅�𝑖,𝑡+1, �̅�𝑟,𝑧,𝑡+1 and 

�̅�𝜃,𝑡+1 based on the restricted models. The out-of-sample forecasts are computed 

recursively, with the period April 1996 to March 2004 used as the initial estimation 

period and April 2004 to April 2014 as our forecast evaluation period. The selected 

period lengths ensure that we have sufficient observations in the in-sample period to 

accurately estimate the initial parameters and a long enough out-of-sample period for 

the forecast evaluation.   

 We evaluate the out-of-sample performance in terms of prediction errors based 

on Campbell and Thompson (2008) out-of-sample 𝑅2 statistic (denoted by 𝑅𝑂𝑆
2 ) and the 

Clark and West (2007) adjusted mean-squared prediction error (MSPE-adjusted) 

statistic. The 𝑅𝑂𝑆
2   (for ease of notation, we omit subscripts 𝑖, 𝑟, 𝑧 and 𝜃), 

 

𝑅𝑂𝑆
2 = 1 − ∑(𝑅𝑡+1 − �̂�𝑡+1)

2
𝑇−1

𝑡=𝐷

∑(𝑅𝑡+1 − �̅�𝑡+1)2

𝑇−1

𝑡=𝐷

,⁄                                                   (19) 

 

lies in the range [−∞, 1) and measures the proportional reduction in MSPE for the 

unrestricted forecasting model relative to the historical average benchmark, i.e., when 

𝑅𝑂𝑆
2 > 0 the unrestricted predictive regression forecast outperforms the historical 

average benchmark forecast in terms of MSPE. 

The MSPE-adjusted statistic tests the null hypothesis of equal MSPE 

(𝐻0: 𝑅𝑂𝑆
2 = 0) against the alternative that the unrestricted forecasting model has a lower 

MSPE than the historical average benchmark model (𝐻𝛼: 𝑅𝑂𝑆
2 > 0). As in Clark and 

McCracken (2012) and Rapach, Strauss and Zhou (2013), the critical values for the 

MSPE-adjusted statistics are computed using the wild bootstrap procedure. 
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[INSERT TABLE 8 HERE] 

 

The second, fourth and sixth columns of Table 8 report the 𝑅𝑂𝑆
2  statistics. We can 

see that the statistics are positive overall and indicate that the unrestricted model, which 

uses the information contained in lagged shipping sentiment, outperforms the historical 

average benchmark forecast model. In other words, the unrestricted model has lower 

MSPE than the restricted model which ignores shipping sentiment. The statistics are 

sizeable, ranging, on average, from 1.79% to 10.22%, and statistically significant17 

based on the MSPE-adjusted statistic. The average values of the 𝑅𝑂𝑆
2  statistics indicate 

that tanker sentiment has the highest predictive power out of the three sentiment indices, 

in consistency with our in-sample results in Section 3. Overall, the shipping sentiment 

indices are economically significant, as a monthly out-of-sample 𝑅2 of 0.5% may be 

perceived as a signal of substantial economic value (Campbell and Thompson, 2008).  

We also estimate statistics 𝑅𝑂𝑆,𝑃
2  for the pooled version of Eqs. (16)-(18) that 

imposes the restrictions 𝛽𝑖,𝑗 = �̅�𝑗, 𝛽𝑟,𝑧,𝑗 = �̅�𝑗 and 𝛽𝜃,𝑗 = �̅�𝑗. In terms of bias-efficiency 

trade-off, the pooling restriction may improve the forecasting performance of the 

unrestricted forecasting model (Hjalmarsson, 2010). Looking at columns three, five and 

seven of Table 8, we see that the 𝑅𝑂𝑆,𝑃
2  statistics are generally higher than the 𝑅𝑂𝑆

2  

statistics and provide further evidence that excess return forecasts based on lagged 

shipping sentiment outperform historical average benchmark forecasts.  

  

[INSERT FIGURE 2 HERE] 

 

                                                               
17 Notable exceptions where the historical average benchmark model outperforms the unrestricted model 

are: (1) the forecasts for the Japanese stock market index that are based on the container sentiment, (2) 

the forecasts for all Japanese portfolios irrespective of the sentiment index employed, (3) the forecasts for 

mining and minerals portfolios that are based on the container sentiment, (4) the forecasts for oil and 

petroleum portfolios that are based on the container and drybulk sentiment and (5) the forecasts for the 

utilities portfolio irrespective of the sentiment index employed. 
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 To assess the consistency of out-of-sample gains, Goyal and Welch (2008) plot 

the cumulative differences of squared predicted errors of the historical average 

benchmark forecasts from the unrestricted model forecasts. One can determine whether 

the unrestricted model outperforms the historical average benchmark model by 

comparing the height of the plot at the beginning and end of the out-of-sample period. 

In particular, a higher value at the end of the out-of-sample period reflects a lower 

MSPE for the unrestricted model. A similar exercise can also be found in Rapach, 

Strauss and Zhou (2013).  The cumulative differences of squared forecast errors for six 

stock market index excess returns (Australia, Germany, Japan, China, UK and US) and 

six industry portfolio returns (automobiles, construction and construction material, 

consumer products, consumer durables, oil and petroleum products and transportation) 

are plotted in Figure 2. Lagged shipping sentiment, in particular tanker sentiment, 

provides out-of-sample forecasting gains in a consistent manner across time for most 

countries. There is a tendency for the gains to be concentrated around business cycle 

recessions (shaded areas in Figure 2 represent country-specific business cycle 

recessions according to the Economic Cycle Research Institute – 

www.businesscycle.com); this is consistent with the results of Rapach, Strauss and 

Zhou (2013). For example, spikes in forecasting gains occur during the global financial 

crisis of 2008-2009; these spikes are more prominent in the case of Australia and China, 

although no official recession has been recorded for the two countries. A similar pattern 

in forecasting gains can also be observed for the industry portfolio excess returns.  

The fact that spikes in forecasting gains occur during recessions and turbulent 

periods is not surprising. Given the importance of seaborne trade in the world economy 

(see Section 1), the out-of-sample forecasting ability of lagged shipping sentiment 

becomes particularly evident during the global financial crisis of 2008-2009; that is, a 

http://www.businesscycle.com/
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period during which shipping markets experienced one of the worst declines in vessel 

prices, operating earnings and shipping sentiment.  

  

5. Robustness check 

 As a robustness check, we employ the monthly Baker and Wurgler (2006) 

investor sentiment (BW) index and test whether shipping sentiment still carries unique 

significant predictive power. The BW index is constructed based on US financial data 

and, as a result, our analysis is focused on the excess returns of (1) the US stock market 

index, (2) six US portfolios18 sorted on size and B/M and (3) sixteen US industry 

portfolios. To this end, we estimate,     

 

R𝑚,𝑡 = β𝑚,0 + β𝑚,𝑗𝑆𝑆𝑗,𝑡−1
┴ + β𝑚

𝑘 𝐵𝑊𝑡−1
┴ + u𝑚,𝑡                                                               (20) 

and 

R𝑚,𝑡 = β𝑚,0 + β𝑚,𝑗𝑆𝑆𝑗,𝑡−1
┴ + β𝑚

𝑘 𝐵𝑊𝑚,𝑡−1
┴ + β𝑚,𝑈𝑆

𝑏 𝑅𝑀𝑅𝐹𝑈𝑆,𝑡 + β𝑚,𝑈𝑆
𝑠 𝑆𝑀𝐵𝑈𝑆,𝑡 

                             +β𝑚,𝑈𝑆
ℎ 𝐻𝑀𝐿𝑈𝑆,𝑡 + β𝑚,𝑈𝑆

𝑤 𝑊𝑀𝐿𝑈𝑆,𝑡 + u𝑚,𝑡,                                          (21) 

 

where R𝑚,𝑡 is the excess return on financial asset 𝑚 (US stock market index; 1, … ,6 US 

portfolios; 1, … ,16 US industry portfolios) and 𝐵𝑊𝑈𝑆,𝑡−1
┴  is the orthogonalized BW 

sentiment index at month 𝑡 − 1.  Eqs. (20)-(21) are estimated as described in Section 3 

and for the period February 1996 to December 201019. 

 

[INSERT TABLE 9 HERE] 

 

 The second, sixth and tenth (fourth, eighth and twelfth) columns of Table 9 report 

the estimates of 𝛽𝑚,𝑗 – denoted by �̂�𝑚,𝑗 – of Eq.  20 (Eq.  21). We observe that shipping 

                                                               
18 Downloaded from http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. 
19 Data availability for the BW index runs up to December 2010, and the index can be downloaded from 

http://people.stern.nyu.edu/jwurgler/. 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
http://people.stern.nyu.edu/jwurgler/
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sentiment is significant in all cases if we control only for the BW index. When we 

estimate Eq. (21) and control for the Fama and French US factors, only the tanker 

sentiment appears significant in predicting the US market excess returns. Turning to the 

US portfolios, container sentiment has significant predictive power in all cases but the 

big size-medium growth stocks portfolio. On the other hand, the drybulk and tanker 

sentiment seem to be significant predictors of excess returns mainly for portfolios of 

small market capitalization stocks. Looking at the results for the US industry portfolios, 

we conclude that tanker sentiment has the highest predictive power when controlling 

for the BW index and is significant in explaining excess returns for all sixteen industry 

portfolios. However, when we estimate Eq. (21), the container and drybulk sentiment 

indices appear to outperform tanker sentiment in terms of predictive power. 

Furthermore, the pooled �̂̅�𝑗 estimates of Eqs. (20)-(21) for the excess returns on the US 

portfolios sorted on size and B/M and, the US industry portfolios are all significant. 

Overall, our results are consistent with those in Section 3.4. The robustness check 

shows that, in most cases, shipping sentiment is a significant predictor of excess returns, 

thus preserves its unique predictive power even after the inclusion of the BW index. For 

the robustness check we could also employ the consumer confidence index as a proxy 

for investor sentiment. However, the consumer confidence index is based on a survey 

and reflects the consumers’ outlook about the overall health of the economy. On the 

other hand, the BW index reveals investors’ outlook about the stock market which is 

captured by actual market data. As such, in terms of information revealed and data 

employed, our shipping sentiment indices are more analogous to the BW index rather 

than the consumer confidence index. By not utilizing consumer confidence indices in 

our robustness check we also avoid the flaws of survey-based sentiment indices, as what 

people say and actually do can be very different. Finally, we perform out-of-sample 

tests, as described in Section 4, and compare the excess return forecasts computed by 
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the two unrestricted models R𝑚,𝑡+1 = β𝑚,0 + β𝑚,𝑗𝑆𝑆𝑗,𝑡
┴ + u𝑚,𝑡+1 and R𝑚,𝑡+1 = β𝑚,0 +

β𝑚
𝑘 𝐵𝑊𝑡

┴ + u𝑚,𝑡+1 . The 𝑅𝑂𝑆
2  and MSPE-adjusted statistics (available from the authors 

upon request) suggest that shipping sentiment displays stronger out-of-sample 

forecasting power relative to the BW index. 

 

6. Economic significance of shipping sentiment 

Predictability of excess stock returns in itself does not guarantee that an investor 

can profit from a trading strategy based on such forecasts (Pesaran and Timmermann, 

1995; Goyal and Welch, 2008). However, Inoue and Kilian (2004) and Cochrane (2008) 

attribute this to the difficulty in exploiting predictability of excess returns with trading 

strategies. To investigate the economic significance of shipping sentiment, we perform 

a comprehensive study of 8,092 trading strategies. The strategies are designed on 

shipping sentiment using technical analysis rules aiming to exploit the predictive ability 

of our sentiment indices. Furthermore, we adjust the initiation of buy and sell trading 

signals by taking into account the contrarian nature of sentiment as a predictor of 

financial assets. Following standard practice, we compare the excess returns on the 

trading strategies with the returns on the buy-and-hold strategy. 

 

6.1. Universe of trading strategies 

In this section, we discuss the technical analysis indicators and the corresponding 

rules that generate the trading signals. The trading strategies are based on a set of trend, 

momentum and volatility technical indicators.  

Trend indicators include a combination of moving averages aiming to exploit 

trends in the underlying asset. The first strategy is based on the moving average 

crossover 𝑀𝐴𝑋(𝜒,𝜓,s) (with 𝑠 = a implying arithmetic averaging or 𝑠 = 𝑒 exponential 

averaging) where a trading signal is generated when the short-term (𝜒 = 3,4,5) moving 
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average crosses through the long-term (𝜓 = 6, … ,12) moving average. A long (short) 

position is initiated when the short-term crosses the long-term moving average from 

above (below), whereas the position is closed in the opposite case. The second strategy 

is built on the moving average crossover consensus 𝑀𝐴𝑋𝐶(𝜒,𝜙,𝜓,𝑠) and relies on the 

combination of short (𝜒 = 3,4,5), medium (𝜙 = 6,7,8) and long-term (𝜓 = 9, … ,12) 

moving averages. The strategy generates a long (short) signal when the actual value of 

the sentiment index is less (greater) than all three moving averages, whereas the position 

is closed when the actual value of the index moves above (below) any of the moving 

averages. The last trend-following strategy employs the moving average convergence-

divergence oscillator 𝑀𝐴𝐶𝐷(𝜒,𝜓,𝜔,𝑠). The oscillator is based on the difference between 

the short-term (𝜒 = 3,4,5) moving average and the long-term (𝜓 = 6, … ,12) moving 

average. Furthermore, a signal line (𝜔 = 4, … ,12) based on a moving average is 

calculated to provide the trading signals. A long (short) signal is generated when the 

oscillator crosses the signal line from above (below), whereas the position is closed in 

the opposite case. The total number of trend-following strategies is 498: 48 based on 

𝑀𝐴𝑋(𝜒,𝜓,s), 72 based on 𝑀𝐴𝑋𝐶(𝜒,𝜙,𝜓,𝑠) and 378 based on 𝑀𝐴𝐶𝐷(𝜒,𝜓,𝜔,𝑠). 

 For our momentum strategies, we employ three popular oscillators, i.e., the 

relative strength index, the stochastic relative strength index and the Aroon20. The 

relative strength index is a versatile momentum oscillator that has stood the test of time. 

The index compares the relative strength of the average sentiment increase to the 

average sentiment decrease during a look-back period (𝑛 = 3,6, … ,27). The relative 

strength index 𝑅𝑆𝐼𝑛 = 100 − 100 (1 + ∑ 𝑢𝑡
𝑛
𝑡=1 ∑ 𝑑𝑡

𝑛
𝑡=1⁄ )⁄ , where 𝑢𝑡 and 𝑑𝑡 are the 

upward and downward monthly sentiment movements over the look-back period 𝑛, 

ranges between 0 and 100. Usually, there is no momentum in sentiment when the value 

                                                               
20 Volume-based momentum strategies are also popular, but our shipping sentiment indices do not 

incorporate volume data to undertake such an analysis. 



32 

 

of the index stands at 50.  A short position is initiated when the index 𝑅𝑆𝐼(𝑛,𝑈,𝐿) breaches 

a pre-specified lower band 𝐿 (𝐿 = 20,21, … 36) from above and it is closed out when 

the sentiment momentum starts to fizzle out, i.e., the index rises above 50. Similarly, a 

long position is initiated when the index breaks the upper band 𝑈 = 100 − 𝐿 from 

below and the position is closed out when the index falls below 50. 

 The stochastic relative strength index 𝑆𝑅𝑆𝐼(𝑛1,𝑈,𝐿,𝑛2,𝑠) is an oscillator that 

measures the level of 𝑅𝑆𝐼𝑛1
 relative to its high-low range over a look-back period. An 

oscillator 𝐾 = (𝑅𝑆𝐼𝑛1
− 𝑙𝑜𝑤 𝑅𝑆𝐼𝑛1

) (ℎ𝑖𝑔ℎ 𝑅𝑆𝐼𝑛1
− 𝑙𝑜𝑤 𝑅𝑆𝐼𝑛1

)⁄  is formed by 

computing the lowest and highest 𝑅𝑆𝐼𝑛1
 within the look-back period (𝑛1 = 3,5, … ,11). 

In general, this oscillator is volatile and could be prone to initiating trading signals that 

are based on noise. For this, oscillator 𝐾 is smoothed using a moving average 𝑀𝐴(𝑛2,𝑠) 

(𝑛2 = 2,3, … ,12) to create the smoothed oscillator 𝐷 = 𝐾 ∗ 𝑀𝐴(𝑛2,𝑠) that ranges 

between 0 and 100 and is used to generate the trading signals. A short position is 

initiated when oscillator 𝐷 breaches the lower band 𝐿 (𝐿 = 20,25, … ,35) from above. 

Similarly, a long position is initiated when oscillator 𝐷 breaches the upper band 𝑈 =

100 − 𝐿 from below. The short (long) position is closed out when the oscillator 𝐷 

crosses the 50 level from below (above) as in the relative strength index rule. 

Finally, Aroon 𝐴𝑅𝑁𝑛 identifies sentiment momentum shifts. 𝐴𝑅𝑁𝑛 is estimated 

by the difference between oscillators Aroon-up 𝐴𝑅𝑁↑ = 100(1 − 𝑛ℎ𝑖𝑔ℎ 𝑛⁄ ) and Aroon-

down 𝐴𝑅𝑁↓ = 100(1 − 𝑛𝑙𝑜𝑤 𝑛⁄ ), where 𝑛ℎ𝑖𝑔ℎ and 𝑛𝑙𝑜𝑤 are, respectively, the number 

of months elapsed since the previous high and low sentiment within the look-back 

period 𝑛 (𝑛 = 3,4, … ,12). A reading of the oscillator above (below) zero means that 

sentiment makes new highs (lows) more recently than new lows (highs). A long (short) 

position is initiated when 𝐴𝑅𝑁↑ − 𝐴𝑅𝑁↓ < 0 (𝐴𝑅𝑁↑ − 𝐴𝑅𝑁↓ > 0) and is closed out 

when 𝐴𝑅𝑁↑ − 𝐴𝑅𝑁↓ > 0 (𝐴𝑅𝑁↑ − 𝐴𝑅𝑁↓ < 0). Overall, we test 4,371 momentum 

http://stockcharts.com/school/doku.php?id=chart_school:technical_indicators:introduction_to_technical_indicators_and_oscillators#oscillator_types
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strategies: 2,601 based on 𝑅𝑆𝐼(𝑛,𝑈,𝐿), 1,760 based on 𝑆𝑅𝑆𝐼(𝑛1,𝑈,𝐿,𝑛2,𝑠) and 10 based on 

𝐴𝑅𝑁𝑛. 

 The volatility-based strategies are established on the Bollinger bands and channel 

breakouts. Bollinger bands 𝐵𝐵(𝑛1,𝛾,𝑛2,𝑤) (with 𝑤 = a implying arithmetic weighted 

averaging or 𝑤 = 𝑒 exponential weighted averaging) place price bands above and 

below a moving average. The bands automatically widen when volatility increases and 

narrow when volatility decreases over a look-back period 𝑛1 (𝑛1 = 3,4, … ,12). The 

bands are then laid over a smoothed sentiment index 𝑃𝑛2
 (𝑛2 = 3,4, … ,12) given by the 

arithmetic or exponential weighted moving average of the actual sentiment index. A 

trading signal is initiated when 𝑃𝑛2
 crosses the bands. The upper and lower Bollinger 

bands 𝐵𝐵𝑢𝑝𝑝𝑒𝑟 and 𝐵𝐵𝑙𝑜𝑤𝑒𝑟 are given by adding or subtracting a multiple 𝛾 (𝛾 =

0.5,0.75, … ,3) of standard deviations 𝜎 to 𝑃𝑛2
: 𝐵𝐵𝑢𝑝𝑝𝑒𝑟 = 𝑃𝑛2

+  𝛾𝜎 and 𝐵𝐵𝑙𝑜𝑤𝑒𝑟 =

𝑃𝑛2
−  𝛾𝜎. A long (short) signal is initiated when the actual sentiment index crosses 

𝐵𝐵𝑢𝑝𝑝𝑒𝑟 (𝐵𝐵𝑙𝑜𝑤𝑒𝑟) from above (below) and it is closed out when it subsequently crosses 

𝑃𝑛2
 from above (below).  

Channel breakouts 𝐶𝐵𝑛 materialize when the current value of the shipping 

sentiment index is higher (lower) than its highest (lowest) value over a look-back period 

of 𝑛 (𝑛 = 2,3, … ,12) months and the channels are defined by the minimum and 

maximum range of the look-back period. A long (short) position is initiated when the 

sentiment index breaks a channel downwards (upwards) and the position is closed when 

it rises (falls) back into the channel. The total number of tested volatility strategies are 

2,200 based on  𝐵𝐵(𝑛1,𝛾,𝑛2,𝑤) and 11 based on 𝐶𝐵𝑛. 

The last indicator, moving average envelopes, can be used as a trend-following 

indicator or to identify overbought and oversold levels when the trend is relatively flat. 

Moving average envelopes are percentage-based envelopes set above and below a 
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smoothed series. Shipping sentiment is smoothed using a moving average 𝑀𝐴(𝑛,𝑠) 

(𝑛 = 2,3, … ,12) to form 𝑃𝑛 that is the base of the moving average envelopes 𝑀𝐴𝐸(𝜁,𝑛,𝑠) 

indicator. We define the upper and lower envelopes 𝐸𝑢𝑝𝑝𝑒𝑟 = 𝑃𝑛(1 + 휁) and 𝐸𝑙𝑜𝑤𝑒𝑟 =

𝑃𝑛(1 − 휁), respectively, where 휁 = 1%, 1.2% , … ,10%. A long (short) signal is 

generated when the shipping sentiment breaches 𝐸𝑢𝑝𝑝𝑒𝑟 (𝐸𝑙𝑜𝑤𝑒𝑟) from above (below) 

and is closed out when it subsequently crosses 𝑃𝑛 from above (below). In total, we test 

1,012 strategies based on 𝑀𝐴𝐸(𝜁,𝑛,s).     

  

6.2. Formulation and performance metrics 

We define the trading signal indicator 𝑓𝑡−1
𝜌,𝑗

 that is assigned three values according 

to the signal generated by the 𝜌th rule based on information up to month 𝑡 − 1. The 

indicator takes the value 1 (-1) when a buy (sell) signal is generated that instructs the 

investor to take a long (short) position, and the value 0 if the signal instructs the investor 

to close out any long or short position. Then, the trading rule gives excess return 

 

𝑅𝑖,𝑡
𝜌,𝑗

= (𝐼𝑖,𝑡 − 𝐼𝑖,𝑡−1 − 𝑅𝐹𝑡)𝑓𝑡−1
𝜌,𝑗

− |𝑓𝑡−1
𝜌,𝑗

− 𝑓𝑡−2
𝜌,𝑗

|𝑐                                                            (22) 

 

when trading on the stock market index of country 𝑖 using trading rule 𝜌 based on the 

shipping sentiment index of market 𝑗, with 𝐼𝑡 denoting the logarithm of the stock price 

index of country 𝑖 in month 𝑡,  𝑅𝐹𝑡 the one-month US Treasury Bills and 𝑐 the one-way 

transaction cost.  

Our trading simulation exercise is performed on the sixteen stock indices in 

Section 3. In a particular month 𝑡, an investor is entirely participating in the stock index 

when buy or sell signals are initiated according to 𝑓𝑡−1
𝜌,𝑗

. When a position is closed, the 

investor exits the stock market and invests in one-month US Treasury bills (excess 

return is zero). In our trading simulation exercise we set transaction costs at 25 basis 

points, as in Han, Yang and Zhou (2013), which are incurred when the investor trades 
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the stock index; we assume nil costs when trading the one-month US Treasury bills (see 

Han, 2006; Han, Yang and Zhou, 2013). 

For the evaluation of our strategies we consider two performance metrics: the 

annualized mean excess return 𝐸(𝑅𝑖,𝑡
𝜌,𝑗

) and the Sharpe ratio 𝑆𝑅𝑖
𝜌,𝑗

= 𝐸(𝑅𝑖,𝑡
𝜌,𝑗

) 𝜎𝑖
𝜌,𝑗

⁄ ; 

where 𝜎𝑖
𝜌,𝑗

 is the annualized standard deviation of excess returns. The annualized mean 

excess return of the buy-and-hold strategy 𝐸(𝑅𝑖,𝑡
𝐵 ) and Sharpe ratio 𝑆𝑅𝑖

𝐵 = 𝐸(𝑅𝑖,𝑡
𝐵 ) 𝜎𝑖

𝐵⁄  

are computed assuming that the investor is effectively long the stock market index of 

country 𝑖 throughout the sample period. 

 

6.3. Trading simulation results 

 In what follows, we present and discuss the result of the out-of-sample (April 

2004 to April 2014) analysis of the simulated long-short trading strategy. The best 

trading rules and the buy-and-hold benchmark alongside their performance metrics are 

reported in Table 10. We can see that the best rules are predominately based on trend-

following strategies. In particular, nine, three and thirteen strategies built on the 

container, drybulk and tanker sentiment indices respectively are based on 𝑀𝐴𝑋(𝜒,𝜓,s). 

Furthermore, volatility-based strategies work well when built on the drybulk sentiment 

indices, where twelve strategies are based on 𝐵𝐵(𝑛1,𝛾,𝑛2,𝑤). 

 

[INSERT TABLE 10 HERE] 

 

The benchmark mean excess return 𝐸(𝑅𝑖,𝑡
𝐵 ), standard deviation 𝜎𝑖

𝐵 and Sharpe 

ratio 𝑆𝑅𝑖
𝐵 are reported in the sixth, seventh and eighth columns. We can see that the 

mean excess returns are characterized by high annualized volatility and, therefore, 

relatively lower risk-adjusted performance translated in low Sharpe ratios. The best rule 

mean excess return 𝐸(𝑅𝑖,𝑡
𝜌,𝑗

), standard deviation 𝜎𝑖
𝜌,𝑗

 and Sharpe ratio 𝑆𝑅𝑖
𝜌,𝑗

 are reported 



36 

 

in the third, fourth and fifth columns. The mean excess returns of the rules, when 

compared to the benchmark metrics, show consistent outperformance across the stock 

market indices. On average, the best rules built on the container, drybulk and tanker 

sentiment indices respectively offer 9.03%, 9.25% and 11.72% higher annualized mean 

excess return when compared to the benchmark. In terms of best mean excess return 

outperformance, all three shipping sentiment indices offer the highest improvement 

when trading on the Chinese and Russian stock indices. We attribute this result on the 

fact that the economies of these countries are highly commodity-dependent and, as a 

result, linked to seaborne transportation.  

The trading rules also offer lower risk exposure to the stock markets which is 

reflected by lower annualized standard deviation metrics when compared to the 

benchmark. On average, there is a risk reduction by 0.92%, 4.50% and 0.42% offered 

by the rules built on the container, drybulk and tanker sentiment indices respectively. 

For example, trading on the Russian stock market which is based on the container, 

drybulk and tanker sentiments can reduce the annualized risk by 0.70%, 10.80% and 

1.50%, respectively. 

As a result of the higher excess return and lower standard deviation, the sentiment-

based strategies exhibit a better risk-return trade-off, as evidenced by the Sharpe ratios, 

when compared to the benchmark. The average Sharpe ratio for the container, drybulk 

and tanker sentiment-based strategies stands at 0.552, 0.680 and 0.652, respectively. 

Hence, an investor can experience an improvement in the excess return per unit of risk, 

as the highest Sharpe ratio of the benchmark is recorded in Norwegian stock market and 

stands at 0.382. Overall, the strategies based on 𝑀𝐴𝑋(𝜒,𝜓,s) and 𝐵𝐵(𝑛1,𝛾,𝑛2,𝑤), with 

alternative parameterizations, offer the highest Sharpe ratios. For example, the 

𝑀𝐴𝑋(4,12,𝑒) strategy built on the container sentiment offers a Sharpe ratios of 0.881 

when trading the Chinese stock market index. Alternatively, the 𝐵𝐵(11,0.75,4,𝑒) strategy 
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built on the drybulk sentiment offers a Sharpe ratio of 0.884 when trading the Swedish 

stock market. Finally, when an investor trades on the Russian stock market index using 

the 𝑀𝐴𝑋(4,6,𝑒) strategy built on the tanker sentiment index, the Sharpe ratios stands at 

1.014.   

Despite the effective performance of the proposed strategies, an important issue 

which needs to be addressed is that of data snooping. As pointed out by Sullivan, 

Timmermann and White (1999) and White (2000), data snooping occurs when a dataset 

is used more than once for selection and inference purposes. When testing different 

strategies, data snooping can increase the probability of having satisfactory results 

purely to chance or the use of posterior information, rather than the superior ability of 

the alternative strategies. To assess the performance of the trading strategies we employ 

the stationary bootstrap21. Asterisks attached to the 𝐸(𝑅𝑖,𝑡
𝜌,𝑗

) and 𝑆𝑅𝑖
𝜌,𝑗

 metrics in Table 

10 indicate significance at the 10% level or better based on the stationary bootstrap p-

values for testing the null hypothesis that the benchmark buy-and-hold strategy is not 

outperformed by the technical analysis strategies. The results for 𝐸(𝑅𝑖,𝑡
𝜌,𝑗

) compared to 

𝐸(𝑅𝑖,𝑡
𝐵 ) show that shipping sentiment-based strategies provide superior performance at 

conventional significance levels in 22 out of 48 cases. However, the sentiment-based 

strategies provide a significant increase in Sharpe ratios when compared to the buy-and-

hold strategy (47 out of 48 cases). Hence, the bootstrap simulation analysis corroborates 

                                                               
21 We implement a reality check using 10,000 bootstrap simulations and generate artificial time series for 

the realized returns of the constructed trading strategies; thus, generating a series of empirical distributions 

of mean returns and Sharpe ratios. We define loss function (𝐿𝐹) differentials between the benchmark and 

each of the proposed models based on the mean returns, 𝐿𝐹𝑖,W = 𝐸(𝑅𝑖,𝑡,𝑊
𝜌,𝑗

) − 𝐸(𝑅𝑖,𝑡,𝑊
𝐵 ), and Sharpe ratio 

statistics, 𝐿𝐹𝑖,W = 𝑆𝑅𝑖,W
𝜌,𝑗

− 𝑆𝑅𝑖,W
𝐵 , where 𝑊 corresponds to the estimated statistic of the 𝑊th bootstrapped 

sample. Then we test the null hypothesis that the benchmark buy-and-hold strategy is not outperformed 

by the other strategies, 𝐻0: 𝐸(𝐿𝐹𝑖,W) ≤ 0. The bootstrapped p-values are calculated as the ratio of 

frequency of occurrence of negative (one-tail test) 𝐿𝐹𝑖,W over 10,000 simulations. For more details, refer 

to White (2000) and Hansen (2005); a description of the stationary bootstrap algorithm can be found in 

Politis and Romano (1994) and Sullivan, Timmermann and White (1999). 
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that sentiment contains important information that can be used in the investment timing 

decision. 

Overall, the trading simulation results demonstrate the economic significance of 

shipping sentiment as a trading tool that offers higher excess returns and lower risk 

exposure. We show that investors can exploit the predictive ability of shipping sentiment 

for excess returns and profit by using a wide range of technical analysis trading 

strategies. 

 

7. Conclusions 

We propose three investor sentiment indices for real assets and analyze their 

power in predicting international stock returns. The constructed shipping sentiment 

indices circumvent previous limitations in the literature that focuses only on the drybulk 

market and the BDI. In addition, we contribute to the current literature on investor 

sentiment and stock return predictability by approaching the topic from a different 

angle, that of real investor sentiment. Our research answers several empirical questions. 

First, can the shipping industry be regarded as a leading indicator for financial assets? 

Second, should the investment community concentrate only on the drybulk market of 

the shipping industry?  Finally, can investors profit by employing the shipping industry 

as an investment timing tool? 

Our analysis points to a leading role for the shipping industry with respect to 

international stock return predictability. We confirm empirically the significance of 

sentiment as a contrarian predictor of stock market excess returns and show that 

shipping sentiment constitutes a global predictor of financial assets in an in-sample and 

an out-of-sample framework. Our robustness check results support the unique predictive 

power of the shipping sentiment indices after controlling for the Baker and Wurgler 

(2006) sentiment index. Further, we provide evidence that attention should be paid not 

only to the BDI but on the shipping industry at the composite level. 
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Out-of-sample 𝑅2 statistics are sizeable and suggest that the sentiment indices are 

not only statistically but also economically significant. A comprehensive study of 8,092 

trading strategies built on shipping sentiment using technical analysis demonstrates the 

economic value of the indices. We present evidence that the difficulty of exploiting 

predictability with trading strategies is overcome; and that trading strategies built on 

shipping sentiment generate higher returns than those earned based on the benchmark 

buy-and-hold strategy, while the risk exposure is substantially reduced. 
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Table 1. Total Sentiment Index Components – Loadings and Lags 

𝑆𝑆𝑗,𝑞,𝑡
𝑡𝑜𝑡𝑎𝑙┴

= 𝛼𝑁𝐶𝑗,𝑞,𝑡−𝑙
┴ + 𝛾𝑀𝐶𝑗,𝑞,𝑡−𝑙

┴ − 𝛿𝑃𝐸𝑗,𝑞,𝑡−𝑙
┴ + 휀𝑆𝑁𝐵𝑗,𝑞,𝑡−𝑙

┴ + 𝜔𝑇𝑈𝑅𝑁𝑗,𝑞,𝑡−𝑙 
┴  (Eq.  6) is the 

first principal component of the five orthogonalized sentiment proxies in market j and sector q 

during month t. NC is the net contracting (Eq.  1), MC the money committed (Eq.  2), PE the 

price-to-earnings ratio (Eq.  3), SNB the second-hand-to-newbuilding price ratio (Eq.  4) and 

TURN the turnover ratio (Eq.  5). The orthogonalized proxies labelled by ┴ are the residuals 

from the regression of each of the five raw sentiment proxies on the G7 industrial production 

growth and two-recession period dummies for the G7 and Major 5 Asia countries. The table 

reports the first principal component loadings 𝛼, 𝛾, 𝛿, 휀 and, 𝜔 of the five orthogonalized proxies 

and their respective time lags 𝑙. 
𝑞 𝛼 (𝑙) 𝛾 (𝑙) 𝛿 (𝑙) 휀 (𝑙) 𝜔 (𝑙) 

𝑗 = Container      

Panamax 0.264 (2) 0.510 (0) -0.456 (1) 0.515 (2) 0.444 (1) 

Sub-panamax 0.332 (2) 0.415 (0) -0.466 (0) 0.531 (2) 0.469 (1) 

Handymax 0.385 (2) 0.476 (0) -0.345 (0) 0.511 (2) 0.495 (1) 

𝑗 = Drybulk      

Capesize 0.435 (2) 0.416 (0) -0.379 (1) 0.491 (1) 0.502 (1) 

Panamax 0.344 (2) 0.457 (0) -0.420 (1) 0.511 (2) 0.485 (1) 

Handymax 0.314 (2) 0.464 (0) -0.419 (1) 0.508 (2) 0.488 (2) 

Handysize 0.354 (2) 0.475 (0) -0.412 (1) 0.489 (2) 0.488 (2) 

𝑗 = Tanker      

VLCC 0.386 (2) 0.502 (0) -0.340 (1) 0.521 (2) 0.459 (1) 

Suezmax 0.213 (2) 0.552 (0) -0.467 (2) 0.582 (2) 0.305 (0) 

Aframax 0.120 (2) 0.507 (0) -0.502 (0) 0.378 (2) 0.577 (1) 
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Table 2. Correlation of Index Components and Total Sentiment Indices 

𝑆𝑆𝑗,𝑞,𝑡
𝑡𝑜𝑡𝑎𝑙┴

is the first principal component of the five orthogonalized sentiment proxies in market j and sector q during 

month t. NC is the net contracting (Eq.  1), MC the money committed (Eq.  2), PE the price-to-earnings ratio (Eq.  3), 

SNB the second-hand-to-newbuilding price ratio (Eq.  4) and TURN the turnover ratio (Eq.  5). The orthogonalized 

proxies labelled by ┴ are the residuals from the regression of each of the five raw sentiment proxies on the G7 industrial 

production growth and two-recession period dummies for the G7 and Major 5 Asia countries. Superscripts a, b, c indicate 

significance at the 1%, 5%, 10% levels, respectively. 

 Correlations with 𝑆𝑆𝑗,𝑞,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 Correlations between proxies 

𝑗 = Container 

𝑞 = Panamax 
𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴

 

 

NCt−2
┴

 MCt  
┴

 PEt−1
┴

 SNBt−1
┴

 TURNt−1
┴

 

NCt−2
┴

 0.59a  1.00     

MCt  
┴

 0.75a  0.22a 1.00    

PEt−1
┴

 -0.67a  -0.14b -0.28a 1.00   

SNBt−1
┴

 0.76a  0.16b 0.41a -0.51a 1.00  

TURNt−1
┴

 0.65a  0.15b 0.45a -0.24a 0.27a 1.00 

𝑗 = Container 

𝑞 = Sub-panamax 
𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴

 
 

NCt−2
┴

 MCt  
┴

 PEt−1
┴

 SNBt−2
┴

 TURNt−1
┴

 

NCt−2
┴

 0.61a  1.00     

MCt  
┴

 0.64a  0.28a 1.00    

PEt−1
┴

 -0.72a  -0.21a -0.32a 1.00   

SNBt−2
┴

 0.82a  0.27a 0.40a -0.46a 1.00  

TURNt−1
┴

 0.72a  0.20a 0.24a -0.40a 0.54a 1.00 

𝑗 = Container 

𝑞 = Handymax 
𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴

 
 

NCt−2
┴

 MCt  
┴

 PEt−1
┴

 SNBt−2
┴

 TURNt−2
┴

 

NCt−2
┴

 0.58a  1.00     

MCt  
┴

 0.72a  0.33a 1.00    

PEt−1
┴

 -0.52a  -0.20a -0.29a 1.00   

SNBt−2
┴

 0.78a  0.33a 0.42a -0.18a 1.00  

TURNt−2
┴

 0.75a  0.22a 0.37a -0.29a 0.56a 1.00 

𝑗 = Drybulk 

𝑞 = Capesize 
𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴

 
 

NCt−2
┴

 MCt  
┴

 PEt−1
┴

 SNBt−1
┴

 TURNt−1
┴

 

NCt−2
┴

 0.70a  1.00     

MCt  
┴

 0.67a  0.32a 1.00    

PEt−1
┴

 -0.61a  -0.30a -0.23a 1.00   

SNBt−1
┴

 0.80a  0.43a 0.36 a -0.48a 1.00  

TURNt−1
┴

 0.81a  0.49a 0.53a -0.29a 0.55a 1.00 

𝑗 = Drybulk 

𝑞 = Panamax 
𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴

 
 

NCt−2
┴

 MCt  
┴

 PEt−1
┴

 SNBt−2
┴

 TURNt−1
┴

 

NCt−2
┴

 0.61a  1.00     

MCt  
┴

 0.80a  0.35a 1.00    

PEt−1
┴

 -0.74a  -0.32a -0.47a 1.00   

SNBt−2
┴

 0.90a  0.44a 0.64a -0.64a 1.00  

TURNt−1
┴

 0.85a  0.41a 0.72a -0.46a 0.72a 1.00 

𝑗 = Drybulk 

𝑞 = Handymax 
𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴

 
 

NCt−2
┴

 MCt  
┴

 PEt−1
┴

 SNBt−2
┴

 TURNt−2
┴

 

NCt−2
┴

 0.55a  1.00     

MCt  
┴

 0.81a  0.36a 1.00    

PEt−1
┴

 -0.73a  -0.27a -0.42a 1.00   

SNBt−2
┴

 0.89a  0.36a 0.60a -0.65a 1.00  

TURNt−2
┴

 0.87a  0.35a 0.70a -0.49a 0.74a 1.00 

𝑗 = Drybulk 

𝑞 = Handysize 
𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴

 
 

NCt−2
┴

 MCt  
┴

 PEt−1
┴

 SNBt−2
┴

 TURNt−2
┴

 

NCt−2
┴

 0.61a  1.00     

MCt  
┴

 0.82a  0.36a 1.00    

PEt−1
┴

 -0.71a  -0.36a -0.39a 1.00   

SNBt−2
┴

 0.84a  0.42a 0.62a -0.53a 1.00  

TURNt−2
┴

 0.84a  0.35a 0.70a -0.49a 0.62a 1.00 
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Table 2. (continued) 

 Correlations with 𝑆𝑆𝑗,𝑞,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 Correlations between proxies 

𝑗 = Tanker 

𝑞 = VLCC 
𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴

 
 

  NCt−2
┴

 MCt  
┴

   PEt−1
┴

   SNBt−2
┴

   TURNt−1
┴

 

NCt−2
┴

 0.57a  1.00     

MCt  
┴

 0.75a  0.34a 1.00    

PEt−1
┴

 -0.51a  -0.19a -0.30a 1.00   

SNBt−2
┴

 0.77a  0.35a 0.38a -0.20a 1.00  

TURNt−1
┴

 0.68a  0.17b 0.38a -0.17b 0.51a 1.00 

𝑗 = Tanker 

𝑞 = Suezmax 
𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴

 
 

  NCt−2
┴

 MCt  
┴

   PEt−2
┴

   SNBt−2
┴

   TURNt
┴

 

NCt−2
┴

 0.58a  1.00     

MCt  
┴

 0.73a  0.16b 1.00    

PEt−2
┴

 -0.62a  -0.12c -0.36a 1.00   

SNBt−2
┴

 0.77a  0.19a 0.33a -0.24a 1.00  

TURNt
┴

 0.50a  0.14b 0.12c -0.15b 0.34a 1.00 

𝑗 = Tanker 

𝑞 = Aframax 
𝑆𝑆𝑗,𝑞,𝑡

𝑡𝑜𝑡𝑎𝑙┴

 
 

  NCt−2
┴

 MCt  
┴

   PEt
┴

   SNBt−2
┴

   TURNt−1
┴

 

NCt−2
┴

 0.57a  1.00     

MCt  
┴

 0.71a  0.16b 1.00    

PEt
┴

 -0.71a  -0.12c -0.32a 1.00   

SNBt−2
┴

 0.53a  0.18a 0.21a -0.18a 1.00  

TURNt−1
┴

 0.82a  0.15b 0.46a -0.41a 0.34a 1.00 



 

 

 

Table 3. Correlation of Total, Market and Sector Sentiment Indices 

𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

is the first principal component of all 𝑆𝑆𝑗,𝑞,𝑡
𝑡𝑜𝑡𝑎𝑙┴

in each market j. 𝑆𝑆𝑗,𝑞,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

are the residuals from regressing 𝑆𝑆𝑗,𝑞,𝑡
𝑡𝑜𝑡𝑎𝑙┴

on 

𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

for each sector q in market j. Superscripts a, b, c indicate significance at the 1%, 5%, 10% levels, respectively. 

Panel A: market and total sentiment indices 

 Correlations with 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

  Correlations between 𝑆𝑆𝑗,q,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 

𝑗 = Container 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

  𝑆𝑆𝑗,𝑝𝑎𝑛𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 𝑆𝑆𝑗,𝑠𝑢𝑏𝑝𝑎𝑛𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 𝑆𝑆𝑗,ℎ𝑚𝑎𝑥,𝑡
𝑡𝑜𝑡𝑎𝑙┴

  

𝑆𝑆𝑗,𝑝𝑎𝑛𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 0.95a  1.00    

𝑆𝑆𝑗,𝑠𝑢𝑏𝑝𝑎𝑛𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 0.96a  0.88a 1.00   

𝑆𝐸𝑁𝑇𝐼𝑗,ℎ𝑚𝑎𝑥,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 0.94a  0.83a 0.86a 1.00  

𝑗 = Drybulk 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

  𝑆𝑆𝑗,𝑐𝑎𝑝𝑒,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 𝑆𝑆𝑗,𝑝𝑎𝑛𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 𝑆𝑆𝑗,ℎ𝑚𝑎𝑥,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 𝑆𝑆𝑗,ℎ𝑠𝑖𝑧𝑒,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 

𝑆𝑆𝑗,𝑐𝑎𝑝𝑒,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 0.96a  1.00    

𝑆𝑆𝑗,𝑝𝑎𝑛𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 0.97a  0.89a 1.00   

𝑆𝑆𝑗,𝑝𝑎𝑛𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 0.99a  0.92a 0.96a 1.00  

𝑆𝑆𝑗,ℎ𝑠𝑖𝑧𝑒,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 0.98a  0.91a 0.93a 0.96a 1.00 

𝑗 = Tanker 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

  𝑆𝑆𝑗,𝑣𝑙𝑐𝑐,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 𝑆𝑆𝑗,𝑠𝑢𝑒𝑧,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 𝑆𝑆𝑗,𝑎𝑓𝑟𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

  

𝑆𝑆𝑗,𝑣𝑙𝑐𝑐,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 0.91a  1.00    

𝑆𝑆𝑗,𝑠𝑢𝑒𝑧,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 0.88a  0.68a 1.00   

𝑆𝑆𝑗,𝑎𝑓𝑟𝑎,𝑡
𝑡𝑜𝑡𝑎𝑙┴

 0.92a  0.79a 0.71a 1.00  

Panel B: market, total and sector sentiment indices 

 Correlations with 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

or 𝑆𝑆𝑗,q,𝑡
𝑡𝑜𝑡𝑎𝑙┴

  Correlations between 𝑆𝑆𝑗,q,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 

𝑗 = Container 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

 𝑆𝑆𝑗,q,𝑡
𝑡𝑜𝑡𝑎𝑙┴

  𝑆𝑆𝑗,𝑝𝑎𝑛𝑎,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 𝑆𝑆𝑗,𝑠𝑢𝑏𝑝𝑎𝑛𝑎,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 𝑆𝑆𝑗,ℎ𝑚𝑎𝑥,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

  

𝑆𝑆𝑗,𝑝𝑎𝑛𝑎,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 0.00 0.31a  1.00    

𝑆𝑆𝑗,𝑠𝑢𝑏𝑝𝑎𝑛𝑎,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 0.00 0.28a  -0.41a 1.00   

𝑆𝑆𝑗,ℎ𝑚𝑎𝑥,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 0.00 0.32b  -0.60a -0.47a 1.00  

𝑗 = Drybulk 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

 𝑆𝑆𝑗,q,𝑡
𝑡𝑜𝑡𝑎𝑙┴

  𝑆𝑆𝑗,𝑐𝑎𝑝𝑒,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 𝑆𝑆𝑗,𝑝𝑎𝑛𝑎,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 𝑆𝑆𝑗,ℎ𝑚𝑎𝑥,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 𝑆𝑆𝑗,ℎ𝑠𝑖𝑧𝑒,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 

𝑆𝑆𝑗,𝑐𝑎𝑝𝑒,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 0.00 0.30a  1.00    

𝑆𝑆𝑗,𝑝𝑎𝑛𝑎,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 0.00 0.24a  -0.51a 1.00   

𝑆𝑆𝑗,ℎ𝑚𝑎𝑥,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 0.00 0.16b  -0.48a -0.04 1.00  

𝑆𝑆𝑗,ℎ𝑠𝑖𝑧𝑒,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 0.00 0.22b  -0.42a -0.37a -0.07 1.00 

𝑗 = Tanker 𝑆𝑆𝑗,𝑡
𝑚𝑎𝑟𝑘𝑒𝑡┴

 𝑆𝑆𝑗,q,𝑡
𝑡𝑜𝑡𝑎𝑙┴

  𝑆𝑆𝑗,𝑣𝑙𝑐𝑐,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 𝑆𝑆𝑗,𝑠𝑢𝑒𝑧,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 𝑆𝑆𝑗,𝑎𝑓𝑟𝑎,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

  

𝑆𝑆𝑗,𝑣𝑙𝑐𝑐,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 0.00 0.41a  1.00    

𝑆𝑆𝑗,𝑠𝑢𝑒𝑧,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 0.00 0.48a  -0.61a 1.00   

𝑆𝑆𝑗,𝑎𝑓𝑟𝑎,𝑡
𝑠𝑒𝑐𝑡𝑜𝑟┴

 0.00 0.38a  -0.34a -0.54a 1.00  

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4. Granger Causality Tests 

The table reports causality tests between the monthly return on a broad stock market index of country 𝑖 in excess of the one-month US Treasury bill (𝑅𝑖,𝑡)  and the shipping sentiment index 

𝑆𝑆𝑗,𝑡
┴  for market 𝑗. For each sentiment index, we firstly test the null hypothesis that stock index monthly excess return for country 𝑖 does not Granger-cause shipping sentiment index of market 

j and, secondly, whether  shipping sentiment index  of market j does not Granger-cause stock index monthly excess return for country 𝑖. For each test, we report the 𝜒2-statistics and the 

optimal lag length is based on the Schwartz criterion. Superscripts a, b, c denote rejection of the null hypothesis at the 1%, 5%, 10% significance levels, respectively. Country abbreviations 

are as follows: Australia (AUS), Belgium (BEL), Canada (CAN), France (FRA), Germany (GER), India (India), Italy (ITA), Japan (JPN), Netherlands (NLD), Norway (NOR), P.R. of China 

(PRC), Russian Federation (RUS), Sweden (SWE), Switzerland (SWI), United Kingdom (UK) and United States (USA). 

 AUS BEL CAN FRA GER IND ITA JPN NLD NOR PRC RUS SWE SWI UK USA 

𝑗 = Container  

𝐻0: 𝑅𝑖,𝑡 ↛ 𝑆𝑆𝑗,𝑡
┴  0.313 0.671 0.156 0.252 0.342 0.032 1.222 0.012 0.511 0.687 0.921 0.614 0.002 0.001 0.000 0.041 

𝐻0: 𝑆𝑆𝑗,𝑡
┴ ↛ 𝑅𝑖,𝑡 8.234a 6.663b 4.271b 4.294b 3.023c 7.173a 4.269b 5.462b 4.866b 4.194b 10.706a 3.990b 5.596b 2.927c 4.128b 5.342b 

𝑗 = Drybulk  

𝐻0: 𝑅𝑖,𝑡 ↛ 𝑆𝑆𝑗,𝑡
┴  4.164b 3.251c 2.615 0.653 1.461 0.690 0.414 1.003 2.213 0.898 0.306 0.102 0.399 0.443 0.000 0.774 

𝐻0: 𝑆𝑆𝑗,𝑡
┴ ↛ 𝑅𝑖,𝑡 18.822a 11.462a 6.290b 6.377b 5.347b 12.634a 4.042b 11.303a 8.850a 8.166a 21.291a 6.587b 9.381a 6.037b 7.761a 10.44a 

𝑗 = Tanker  

𝐻0: 𝑅𝑖,𝑡 ↛ 𝑆𝑆𝑗,𝑡
┴  0.881 0.280 0.003 0.380 0.783 0.411 1.100 0.214 0.098 0.202 0.085 0.199 0.082 0.884 0.958 0.043 

𝐻0: 𝑆𝑆𝑗,𝑡
┴ ↛ 𝑅𝑖,𝑡 17.839a 16.837a 22.011a 14.504a 10.488a 17.133a 11.329a 14.154a 18.994a 16.749a 7.003a 13.931a 14.756a 10.496a 13.938a 20.831a 
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Table 5. Regression Model Estimation Results for Stock Index Returns 

The table reports OLS estimates of  𝛽𝑖,𝑗 (denoted by �̂�𝑖,𝑗) for the regression models: 𝑅𝑖,𝑡 = 𝛽𝑖,0 + 𝛽𝑖,𝑗𝑆𝑆𝑗,𝑡−1
┴ + 𝑢𝑖,𝑡  (Eq.  10) and 𝑅𝑖,𝑡 = 𝛽𝑖,0 + 𝛽𝑖,𝑗𝑆𝑆𝑗,𝑡−1

┴ + 𝛽𝑖,𝑟
𝑏 𝑅𝑀𝑅𝐹𝑟,𝑡 + 𝛽𝑖,𝑟

𝑠 𝑆𝑀𝐵𝑟,𝑡 +

𝛽𝑖,𝑟
ℎ 𝐻𝑀𝐿𝑟,𝑡 + 𝛽𝑖,𝑟

𝑤 𝑊𝑀𝐿𝑟,𝑡 + 𝑢𝑖,𝑡  (Eq.  11). �̂�𝑖,𝑗  coefficients of Eq.  10 (Eq.  11) are presented in columns 2, 6 and 10 (4, 8 and 12). 𝑅𝑖,𝑡 is the stock index monthly excess return for country 

𝑖 and 𝑆𝑆𝑗,𝑡−1
┴  is the lagged shipping sentiment for market 𝑗. The control variables are the Fama and French (2012) factors for developed markets constructed using six value-weight 

portfolios formed on size and book-to-market: 𝑅𝑀𝑅𝐹𝑟,𝑡 is region’s 𝑟 value-weighted return on the market portfolio minus the one-month US Treasury bill rate, 𝑆𝑀𝐵𝑟,𝑡 is the equal-weight 

average of the returns on the three small stock portfolios minus the average of the returns on the three big stock portfolios for region 𝑟, 𝐻𝑀𝐿𝑟,𝑡 is the equal-weight average of the returns 

for the two high B/M portfolios minus the average of the returns for the two low B/M portfolio for region 𝑟 and 𝑊𝑀𝐿𝑟,𝑡 is the equal-weight average of the returns for the two winner 

portfolios minus the average of the returns for the two loser portfolios for region 𝑟. Heteroskedasticity-robust t-statistics in parentheses are for testing 𝐻0: 𝛽𝑖,𝑗 = 0 against 𝐻𝛼: 𝛽𝑖,𝑗 < 0.  

Pooled estimates impose the restrictions that 𝛽𝑖,𝑗 = �̅�𝑗 , 𝛽𝑖,𝑟
𝑏 = �̅�𝑟

𝑏 , 𝛽𝑖,𝑟
𝑠 = �̅�𝑟

𝑠 , 𝛽𝑖,𝑟
ℎ = �̅�𝑟

ℎ and  𝛽𝑖,𝑟
𝑤 = �̅�𝑟

𝑤. Superscripts a, b, c indicate significance at the 1%, 5%, 10% levels, respectively. 

* indicates significance at the 10% level or better of the test 𝐻0: 𝛽𝑖,𝑗 = 𝛽𝑖,𝑟
𝑏 = 𝛽𝑖,𝑟

𝑠 = 𝛽𝑖,𝑟
ℎ = 𝛽𝑖,𝑟

𝑤 = 0. All p-values for the tests are estimated by the wild bootstrap procedure in Rapach, 

Strauss and Zhou (2013). 

(1) (2) (3)  (4) (5)  (6) (7)  (8) (9)  (10) (11)  (12) (13) 

 𝑗 = container  𝑗 = drybulk  𝑗 = tanker 

𝑟 = Global/ 𝑖 = �̂�𝑖,𝑗  𝑅2  �̂�𝑖,𝑗  𝑅2  �̂�𝑖,𝑗  𝑅2  �̂�𝑖,𝑗  𝑅2  �̂�𝑖,𝑗  𝑅2  �̂�𝑖,𝑗  𝑅2 

Australia -0.481b 3.48  -0.183 26.30*  -0.587a 7.46  -0.332c 28.03*  -0.696a 6.80  -0.337c 27.28* 

 (-2.071)   (-0.879)   (-2.752)   (-1.732)   (-2.867)   (-1.478)  

Belgium -0.634b 3.29  -0.256 24.73*  -0.669a 5.28  -0.305 25.24*  -0.984b 7.42  -0.521c 26.12* 

 (-2.213)   (-1.073)   (-2.195)   (-1.213)   (-2.245)   (-1.533)  

Canada -0.472b 2.50  0.000 43.03*  -0.462b 3.44  -0.078 43.12*  -1.006a 10.57  -0.459b 45.03* 

 (-2.259)   (-0.119)   (-2.105)   (-0.537)   (-3.251)   (-2.187)  

France -0.526b 2.25  0.000 33.19*  -0.524b 3.22  -0.088 33.26*  -0.949a 6.84  -0.361c 34.07* 

 (-1.946)   (-0.211)   (-2.123)   (-0.400)   (-3.124)   (-1.516)  

Germany -0.512b 1.70  0.000 30.77*  -0.547b 2.78  -0.070 30.81*  -0.936a 5.30  -0.309 31.29* 

 (-1.882)   (0.092)   (-2.240)   (-0.322)   (-3.058)   (-1.449)  

India -0.805a 2.58  -0.360 16.55*  -0.910a 4.73  -0.568c 17.77*  -1.253a 5.82  -0.792b 18.18* 

 (-2.179)   (-1.079)   (-2.433)   (-1.606)   (-2.979)   (-2.207)  

Italy -0.607b 2.07  -0.098 25.35*  -0.490c 1.94  0.000 25.30*  -0.986a 5.10  -0.377 25.97* 

 (-1.892)   (-0.361)   (-1.500)   (-0.053)   (-3.199)   (-1.369)  

Japan -0.624b 2.37  -0.121 28.24*  -0.731a 4.69  -0.288 28.82*  -0.982a 5.48  -0.367c 28.85* 

 (-2.108)   (-0.486)   (-2.678)   (-1.352)   (-2.743)   (-1.390)  

Netherlands -0.704a 1.57  -0.061 22.81*  -0.686a 2.15  -0.164 22.92*  -1.238a 4.53  -0.587b 23.73* 

 (-2.233)   (-0.207)   (-2.294)   (-0.622)   (-2.936)   (-1.837)  

Norway -0.670b 2.94  -0.190 28.04*  -0.742a 5.18  -0.337c 28.81*  -1.275a 9.94  -0.735a 30.82* 

 (-2.102)   (-0.731)   (-2.342)   (-1.355)   (-3.138)   (-2.579)  

P.R of China -1.127a 5.10  -0.938a 7.93*  -1.259a 9.18  -1.113a 11.22*  -0.959a 3.45  -0.691b 6.23* 

 (-3.092)   (-2.564)   (-3.747)   (-3.161)   (-2.955)   (-2.146)  

Russian Federation -1.469a 2.80  -0.732c 15.07*  -1.454a 3.95  -0.824b 15.59*  -2.692a 8.78  -1.998a 18.81* 

 (-2.851)   (-1.603)   (-3.019)   (-1.960)   (-3.853)   (-3.617)  

Sweden -0.705a 3.70  -0.211 34.84*  -0.719a 5.54  -0.286c 35.34*  -1.103a 8.45  -0.486b 36.02* 

 (-2.800)   (-1.029)   (-2.998)   (-1.402)   (-3.363)   (-2.176)  

Switzerland -0.386b 1.44  -0.052 22.46*  -0.446b 2.77  -0.109 22.59*  -0.717a 4.63  -0.315c 23.25* 

 (-1.746)   (-0.269)   (-2.100)   (-0.553)   (-2.891)   (-1.415)  

United Kingdom -0.362b 1.53  0.000 33.97*  -0.412b 2.86  0.000 33.97*  -0.667b 4.85  -0.166 34.23* 

 (-1.561)   (0.165)   (-1.787)   (-0.167)   (-2.038)   (-0.735)  

United States -0.453b 2.42  0.000 37.10*  -0.517b 4.54  -0.132 37.36*  -0.864a 8.22  -0.352c 38.32* 

 (-1.969)   (-0.220)   (-2.141)   (-0.755)   (-2.616)   (-1.715)  

Pooled -0.656a 2.39  -0.199 20.20*  -0.695a 3.81  -0.292c 20.60*  -1.086a 5.97  -0.554a 21.39* 

 (-2.718)   (-1.053)   (-2.922)   (-1.535)   (-3.605)   (-2.889)  
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Table 5. (continued) 

(1) (2) (3)  (4) (5)  (6) (7)  (8) (9)  (10) (11)  (12) (13) 

 𝑗 = container  𝑗 = drybulk  𝑗 = tanker 

𝑟 = Asia Pacific/ 𝑖 = �̂�𝑖,𝑗 𝑅2  �̂�𝑖,𝑗 𝑅2  �̂�𝑖,𝑗  𝑅2  �̂�𝑖,𝑗 𝑅2  �̂�𝑖,𝑗 𝑅2  �̂�𝑖,𝑗 𝑅2 

Australia -0.481b 3.48  -0.095 30.14*  -0.587a 7.46  -0.211 30.85*  -0.696a 6.80  -0.225 30.64* 

 (-2.071)   (-0.466)   (-2.752)   (-1.06)   (-2.867)   (-0.957)  

India -0.805a 2.58  -0.171 16.53*  -0.910a 4.73  -0.328 16.95*  -1.253a 5.82  -0.58c 17.51* 

 (-2.179)   (-0.505)   (-2.433)   (-0.897)   (-2.979)   (-1.577)  

P.R of China -1.127a 5.10  -0.929a 9.04*  -1.259a 9.18  -1.103a 12.02*  -0.959a 3.45  -0.668b 7.41* 

 (-3.092)   (-2.458)   (-3.747)   (-2.987)   (-2.955)   (-1.986)  

Pooled -0.804a 3.45  -0.398b 12.51*  -0.919a 6.46  -0.547b 13.72*  -0.969a 4.67  -0.491a 12.80* 

 (-3.168)   (-1.677)   (-3.732)   (-2.129)   (-4.157)   (-2.322)  

𝑟 = European/ 𝑖 = 

Belgium -0.634b 3.29  -0.141 30.74*  -0.669b 5.28  -0.205 31.03*  -0.984b 7.42  -0.414 31.74* 

 (-2.213)   (-0.642)   (-2.195)   (-0.862)   (-2.245)   (-1.302)  

France -0.526b 2.25  0.050 36.85*  -0.524b 3.22  0.012 36.83*  -0.949a 6.84  -0.247 37.24* 

 (-1.946)   (0.223)   (-2.123)   (0.052)   (-3.124)   (-1.080)  

Germany -0.512b 1.70  0.122 33.64*  -0.547b 2.78  0.035 33.56*  -0.936a 5.30  -0.169 33.71* 

 (-1.882)   (0.522)   (-2.24)   (0.148)   (-3.058)   (-0.827)  

Italy -0.607b 2.07  0.009 30.06*  -0.490c 1.94  0.107 30.14*  -0.986a 5.10  -0.249 30.34* 

 (-1.892)   (0.034)   (-1.500)   (0.362)   (-3.199)   (-0.931)  

Netherlands -0.611b 2.71  -0.020 35.51*  -0.660b 4.57  -0.118 35.64*  -1.149a 8.97  -0.446c 36.71* 

 (-2.025)   (-0.088)   (-2.086)   (-0.477)   (-2.702)   (-1.705)  

Norway -0.670b 2.94  -0.025 36.50*  -0.742a 5.18  -0.182 36.77*  -1.275a 9.94  -0.523b 37.97* 

 (-2.102)   (-0.102)   (-2.342)   (-0.796)   (-3.138)   (-2.077)  

Russian Federation -1.469a 2.80  -0.600c 17.43*  -1.454a 3.95  -0.699c 17.82*  -2.692a 8.78  -1.798a 20.46* 

 (-2.851)   (-1.422)   (-3.019)   (-1.749)   (-3.853)   (-3.426)  

Sweden -0.705a 3.7  -0.109 39.41*  -0.719a 5.54  -0.186 39.66*  -1.103a 8.45  -0.342c 40.05* 

 (-2.800)   (-0.562)   (-2.998)   (-0.956)   (-3.363)   (-1.582)  

Switzerland -0.386b 1.44  -0.009 22.81*  -0.446b 2.77  -0.079 22.89*  -0.717a 4.63  -0.282 23.44* 

 (-1.746)   (-0.044)   (-2.100)   (-0.382)   (-2.891)   (-1.285)  

United Kingdom -0.362b 1.53  0.061 32.35*  -0.412b 2.86  -0.008 32.31*  -0.667b 4.85  -0.146 32.51* 

 (-1.561)   (0.333)   (-1.787)   (-0.043)   (-2.038)   (-0.666)  

Pooled -0.648a 2.22  -0.066 23.92*  -0.666a 3.34  -0.132 24.01*  -1.146a 6.32  -0.462b 24.79* 

 (-2.453)   (-0.332)   (-2.577)   (-0.650)   (-3.389)   (-2.238)  

𝑟 = Japanese/ 𝑖 = 

Japan -0.624b 2.37  -0.299c 25.70*  -0.731a 4.69  -0.457b 26.91*  -0.982a 5.48  -0.557b 26.80* 

 (-2.108)   (-1.240)   (-2.678)   (-2.042)   (-2.743)   (-1.867)  

𝑟 = North American/ 𝑖 = 

Canada -0.472b 2.50  -0.199 33.60*  -0.462b 3.44  -0.217 33.89*  -1.006a 10.57  -0.607a 36.72* 

 (-2.259)   (-1.174)   (-2.105)   (-1.344)   (-3.251)   (-2.682)  

United States -0.453b 2.42  -0.154 32.81*  -0.517b 4.54  -0.212 33.26*  -0.864a 8.22  -0.443b 34.54* 

 (-1.969)   (-0.824)   (-2.141)   (-1.153)   (-2.616)   (-1.936)  

Pooled -0.463b 2.46  -0.177 31.81*  -0.489b 3.96  -0.214 32.17*  -0.935a 9.37  -0.525a 34.18* 

 (-2.197)   (-1.060)   (-2.187)   (-1.323)   (-3.010)   (-2.441)  
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Table 6. Regression Model Estimation Results for Size-B/M Portfolio Returns 

The table reports OLS estimates of  𝛽𝑟,𝑧,𝑗  (denoted by �̂�𝑟,𝑧,𝑗) for the regression models: 𝑅𝑟,𝑧,𝑡 = 𝛽𝑟,𝑧,0 + 𝛽𝑟,𝑧,𝑗𝑆𝑆𝑗,𝑡−1
┴ + 𝑢𝑟,𝑧,𝑡  (Eq.  12) and 𝑅𝑟,𝑧,𝑡 = 𝛽𝑟,𝑧,0 + 𝛽𝑟,𝑧,𝑗𝑆𝑆𝑗,𝑡−1

┴ +

𝛽𝑟,𝑧
𝑏 𝑅𝑀𝑅𝐹𝑟,𝑡 + 𝛽𝑟,𝑧

𝑠 𝑆𝑀𝐵𝑟,𝑡 + 𝛽𝑟,𝑧
ℎ 𝐻𝑀𝐿𝑟,𝑡 + 𝛽𝑧𝑟,

𝑤 𝑊𝑀𝐿𝑟,𝑡 + 𝑢𝑟,𝑧,𝑡  (Eq.  13). �̂�𝑟,𝑧,𝑗  coefficients of Eq.  12 (Eq.  13) are presented in columns 2, 6 and 10 (4, 8 and 12). 𝑅𝑧,𝑡 is the 

monthly excess return of portfolio in region 𝑟 and size-B/M and, 𝑆𝑆𝑗,𝑡−1
┴  is the lagged shipping sentiment for market 𝑗. The control variables are the Fama and French (2012) factors 

for developed markets constructed using six value-weight portfolios formed on size and book-to-market: 𝑅𝑀𝑅𝐹𝑟,𝑡 is the region’s 𝑟 value-weighted return on the market portfolio 

minus the one-month US Treasury bill rate, 𝑆𝑀𝐵𝑟,𝑡 is the equal-weight average of the returns on the three small stock portfolios minus the average of the returns on the three big 

stock portfolios for region 𝑟, 𝐻𝑀𝐿𝑟,𝑡 is the equal-weight average of the returns for the two high B/M portfolios minus the average of the returns for the two low B/M portfolio for 

region 𝑟 and 𝑊𝑀𝐿𝑟,𝑡 is the equal-weight average of the returns for the two winner portfolios minus the average of the returns for the two loser portfolios for region 𝑟. 

Heteroskedasticity-robust t-statistics in parentheses are for testing 𝐻0: 𝛽𝑟,𝑧,𝑗 = 0 against 𝐻𝛼: 𝛽𝑟,𝑧,𝑗 < 0.  Pooled estimates impose the restrictions that 𝛽𝑟,𝑧,𝑗 = �̅�𝑟,𝑗 , 𝛽𝑟,𝑧
𝑏 = �̅�𝑟

𝑏 , 𝛽𝑟,𝑧
𝑠 =

�̅�𝑟
𝑠, 𝛽𝑟,𝑧

ℎ = �̅�𝑟
ℎ and  𝛽𝑟,𝑧

𝑤 = �̅�𝑟
𝑤. Superscripts a, b, c indicate significance at the 1%, 5%, 10% levels, respectively. * indicates significance at the 10% level or better of the test 

𝐻0: 𝛽𝑟,𝑧,𝑗 = 𝛽𝑟,𝑧
𝑏 = 𝛽𝑟,𝑧

𝑠 = 𝛽𝑟,𝑧
ℎ = 𝛽𝑟,𝑧

𝑤 = 0. All p-values for the tests are estimated following Rapach, Strauss and Zhou (2013) wild bootstrap procedure. 

(1) (2) (3)  (4) (5)  (6) (7)  (8) (9)  (10) (11)  (12) (13) 

 𝑗 = container  𝑗 = drybulk  𝑗 = tanker 

𝑟 = Global/ 𝑧 = �̂�𝑟,𝑧,𝑗   𝑅2  �̂�𝑟,𝑧,𝑗  𝑅2  �̂�𝑟,𝑧,𝑗  𝑅2  �̂�𝑟,𝑧,𝑗  𝑅2  �̂�𝑟,𝑧,𝑗  𝑅2  �̂�𝑟,𝑧,𝑗  𝑅2 

SL (Small-Low) -0.991a 6.60  -0.122b 93.57*  -0.909a 7.99  -0.139a 93.64*  -1.279a 10.26  -0.158b 93.61* 

 (-3.646)   (-1.818)   (-3.585)   (-2.519)   (-3.610)   (-2.071)  

SM (Small-Medium) -0.896a 6.82  -0.105c 94.72*  -0.855a 8.94  -0.132a 94.83*  -1.144a 10.40  -0.130b 94.76* 

 (-3.517)   (-1.703)   (-3.523)   (-2.389)   (-3.380)   (-2.026)  

SH (Small-High) -0.901a 8.77  -0.218a 93.08*  -0.831a 10.74  -0.195a 93.14*  -1.092a 12.02  -0.232a 93.09* 

 (-3.915)   (-3.444)   (-3.727)   (-3.762)   (-3.623)   (-3.57)  

BL (Big-Low) -0.697a 4.13  -0.022 97.22*  -0.684a 5.73  -0.010 97.22*  -1.010a 8.10  -0.003 97.21* 

 (-2.866)   (-0.630)   (-2.993)   (-0.366)   (-3.046)   (-0.057)  

BM (Big-Medium) -0.620a 4.17  -0.019 96.83*  -0.666a 6.91  -0.011 96.83*  -0.873a 7.71  -0.007 96.83* 

 (-2.614)   (-0.492)   (-2.827)   (-0.303)   (-2.734)   (-0.146)  

BH (Big-High) -0.685a 4.46  -0.023 97.98*  -0.725a 7.20  -0.026 97.98*  -0.884a 6.93  -0.014 97.98* 

 (-2.663)   (-0.726)   (-2.883)   (-0.859)   (-2.663)   (-0.372)  

Pooled -0.798a 5.96  -0.071b 89.26*  -0.778a 8.04  -0.082a 89.30*  -1.047a 9.39  -0.084b 89.27* 

 (-3.301)   (-2.053)   (-3.313)   (-2.558)   (-3.250)   (-2.129)  

𝑟 = Asia-Pacific/ 𝑧 = 

SL (Small-Low) -1.445a 7.74  -0.007 91.73*  -1.472a 11.56  -0.030 91.74*  -1.720a 10.23  -0.014 91.73* 

 (-3.828)   (-0.078)   (-4.214)   (-0.378)   (-3.738)   (-0.134)  

SM (Small-Medium) -1.437a 8.18  -0.014 94.71*  -1.446a 11.93  -0.045 94.72*  -1.652a 10.10  -0.003 94.71* 

 (-3.919)   (-0.172)   (-4.304)   (-0.714)   (-3.437)   (-0.040)  

SH (Small-High) -1.475a 9.28  -0.086 93.91*  -1.398a 12.01  -0.057 93.90*  -1.711a 11.66  -0.154b 93.97* 

 (-4.486)   (-1.334)   (-4.641)   (-1.031)   (-3.967)   (-1.761)  

BL (Big-Low) -1.069a 6.07  -0.080 95.83*  -1.110a 9.41  -0.075 95.83*  -1.355a 9.09  -0.123b 95.86* 

 (-3.137)   (-1.292)   (-3.307)   (-1.016)   (-2.990)   (-1.873)  

BM (Big-Medium) -0.947a 5.18  -0.005 95.34*  -0.981a 8.01  -0.013 95.35*  -1.077a 6.26  -0.068 95.37* 

 (-3.073)   (-0.085)   (-3.321)   (-0.261)   (-2.396)   (-0.814)  

BH (Big-High) -1.223a 6.95  -0.085 95.01*  -0.972a 5.67  -0.065 95.00*  -1.431a 8.77  -0.110 95.02* 

 (-3.693)   (-1.385)   (-3.268)   (-1.103)   (-3.222)   (-1.466)  

Pooled -0.966a 3.89  -0.015 88.84*  -1.230a 9.95  -0.026 88.85*  -1.068b 4.44  -0.018 88.84* 

 (-2.983)   (-0.396)   (-3.955)   (-0.764)   (-2.388)   (-0.454)  

 

 



55 

 

Table 6. (Continued) 

(1) (2) (3)  (4) (5)  (6) (7)  (8) (9)  (10) (11)  (12) (13) 

 𝑗 = container  𝑗 = drybulk  𝑗 = tanker 

𝑟 = Europe/ 𝑧 = �̂�𝑖,𝑗  𝑅2  �̂�𝑖,𝑗  𝑅2  �̂�𝑖,𝑗  𝑅2  �̂�𝑖,𝑗  𝑅2  �̂�𝑖,𝑗  𝑅2  �̂�𝑖,𝑗  𝑅2 

SL (Small-Low) -0.963a 7.07  -0.046 93.61*  -0.875a 8.41  -0.026 93.60*  -1.277a 11.61  -0.081 93.64* 

 (-3.715)   (-0.739)   (-3.797)   (-0.456)   (-4.006)   (-0.92)  

SM (Small-Medium) -0.859a 6.74  -0.003 96.20*  -0.819a 8.83  -0.009 96.20*  -1.136a 11.01  -0.051 96.22* 

 (-3.380)   (-0.071)   (-3.402)   (-0.203)   (-3.474)   (-0.776)  

SH (Small-High) -0.838a 7.20  -0.061 94.79*  -0.835a 10.29  -0.089b 94.86*  -1.065a 10.85  -0.103c 94.85* 

 (-3.328)   (-1.068)   (-3.537)   (-1.855)   (-3.231)   (-1.484)  

BL (Big-Low) -0.737a 4.15  -0.024 95.71*  -0.721a 5.71  -0.033 95.71*  -0.993a 7.03  -0.065 95.73* 

 (-2.791)   (-0.563)   (-2.990)   (-0.905)   (-2.752)   (-1.399)  

BM (Big-Medium) -0.722a 4.35  -0.004 97.17*  -0.760a 6.94  -0.026 97.18*  -0.926a 6.68  -0.033 97.18* 

 (-2.605)   (-0.090)   (-2.943)   (-0.693)   (-2.560)   (-0.705)  

BH (Big-High) -0.870a 4.77  -0.065c 97.65*  -0.892a 7.22  -0.050 97.64*  -1.016a 6.07  -0.021 97.62* 

 (-2.731)   (-1.527)   (-3.024)   (-1.153)   (-2.579)   (-0.450)  

Pooled -0.831a 5.82  -0.026 89.70*  -0.817a 7.98  -0.028 89.71*  -1.069a 8.82  -0.019 89.70* 

 (-3.172)   (-0.981)   (-3.331)   (-1.177)   (-3.143)   (-0.501)  

𝑟 = Japan/ 𝑧 = 

SL (Small-Low) -0.559b 1.36  -0.043 94.40*  -0.316 0.62  -0.041 94.40*  -0.521b 1.10  -0.093 94.42* 

 (-2.208)   (-0.565)   (-1.271)   (-0.638)   (-1.587)   (-1.184)  

SM (Small-Medium) -0.505a 1.63  -0.041 97.87*  -0.343b 1.08  -0.050c 97.88*  -0.517b 1.59  -0.053 97.88* 

 (-2.404)   (-0.991)   (-1.729)   (-1.465)   (-1.946)   (-1.069)  

SH (Small-High) -0.428b 1.17  -0.035 97.23*  -0.248 0.57  -0.007 97.22*  -0.401c 0.96  -0.031 97.22* 

 (-2.015)   (-0.734)   (-1.329)   (-0.195)   (-1.506)   (-0.776)  

BL (Big-Low) -0.576a 2.45  -0.001 94.10*  -0.506b 2.73  -0.046 94.12*  -0.738a 3.76  -0.024 94.11* 

 (-2.553)   (-0.026)   (-2.379)   (-0.999)   (-2.541)   (-0.349)  

BM (Big-Medium) -0.471a 2.04  -0.040 94.77*  -0.448b 2.66  -0.069c 94.82*  -0.620a 3.30  -0.068 94.79* 

 (-2.353)   (-0.988)   (-2.293)   (-1.540)   (-2.275)   (-1.113)  

BH (Big-High) -0.335b 0.85  -0.040 96.69*  -0.281c 0.86  -0.045 96.70*  -0.355c 0.89  -0.090 96.73* 

 (-1.647)   (-0.940)   (-1.524)   (-0.997)   (-1.251)   (-1.432)  

Pooled -0.479a 1.58  -0.006 89.28*  -0.357b 1.28  -0.012 89.28*  -0.525b 1.76  -0.009 89.28* 

 (-2.331)   (-0.197)   (-1.817)   (-0.408)   (-1.910)   (-0.245)  

𝑟 = North America/ 𝑧 = 

SL (Small-Low) -0.924a 3.14  -0.144c 91.18*  -0.857a 3.90  -0.146b 91.21*  -1.314a 5.93  -0.211b 91.24* 

 (-2.787)   (-1.311)   (-3.020)   (-1.901)   (-2.958)   (-1.837)  

SM (Small-Medium) -0.753a 3.33  -0.065 94.16*  -0.731a 4.52  -0.078c 94.18*  -1.068a 6.26  -0.087 94.17* 

 (-2.663)   (-0.887)   (-2.819)   (-1.343)   (-2.882)   (-1.072)  

SH (Small-High) -0.958a 7.26  -0.365a 90.20*  -0.868a 8.58  -0.282a 90.04*  -1.236a 11.28  -0.394a 90.24* 

 (-3.565)   (-4.363)   (-3.271)   (-3.823)   (-3.659)   (-4.867)  

BL (Big-Low) -0.652a 2.72  -0.016 95.47*  -0.648a 3.87  -0.009 95.47*  -1.057a 6.69  -0.090c 95.52* 

 (-2.506)   (-0.322)   (-2.793)   (-0.202)   (-3.123)   (-1.414)  

BM (Big-Medium) -0.542a 2.75  0.038 94.08*  -0.619a 5.15  -0.007 94.07*  -0.869a 6.59  -0.002 94.07* 

 (-2.213)   (0.651)   (-2.585)   (-0.124)   (-2.785)   (-0.028)  

BH (Big-High) -0.616a 3.45  -0.030 96.65*  -0.689a 6.22  -0.040 96.66*  -0.905a 6.96  -0.027 96.64* 

 (-2.372)   (-0.651)   (-2.711)   (-0.875)   (-2.858)   (-0.431)  

Pooled -0.741a 3.65  -0.097b 82.57*  -0.735a 5.11  -0.091b 82.58*  -1.075a 7.02  -0.134a 82.61* 

 (-2.808)   (-1.887)   (-2.937)   (-1.968)   (-3.174)   (-2.415)  
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Table 7.  Regression Model Estimation Results for Industry Portfolio Returns 

The table reports OLS estimates of  𝛽𝑖,𝑗 (denoted by �̂�𝑖,𝑗) for the regression models: 𝑅𝜃,𝑡 = 𝛽𝜃,0 + 𝛽𝜃,𝑗𝑆𝑆𝑗,𝑡−1
┴ + 𝑢𝑟,𝑡  (Eq.  14) and 𝑅𝜃,𝑡 = 𝛽𝜃,0 + 𝛽𝜃,𝑗𝑆𝑆𝑗,𝑡−1

┴ + 𝛽𝜃,𝑈𝑆
𝑏 𝑅𝑀𝑅𝐹𝑈𝑆,𝑡 + 𝛽𝜃,𝑈𝑆

𝑠 𝑆𝑀𝐵𝑈𝑆,𝑡 + 𝛽𝜃,𝑈𝑆
ℎ 𝐻𝑀𝐿𝑈𝑆,𝑡 +

𝛽𝜃,𝑈𝑆
𝑤 𝑊𝑀𝐿𝑈𝑆,𝑡 + 𝑢𝜃,𝑡   (Eq.  15).  �̂�𝜃,𝑗 coefficients of Eq.  14 (Eq.  15) are presented in columns 2, 6 and 10 (4, 8 and 12). 𝑅𝜃,𝑡 is the return for the portfolio of industry 𝜃 minus the one-month US Treasury 

bill rate and 𝑆𝑆𝑗,𝑡−1
┴  is the lagged shipping sentiment for market 𝑗. The control variables 𝑅𝑀𝑅𝐹𝑈𝑆,𝑡 , 𝑆𝑀𝐵𝑈𝑆,𝑡 and 𝐻𝑀𝐿𝑈𝑆,𝑡 are the Fama and French (1993) factors. 𝑅𝑀𝑅𝐹𝑈𝑆,𝑡 is the value-weight return of all 

CRSP firms incorporated in the US and listed on the NYSE, AMEX, or NASDAQ that have a CRSP share code of 10 or 11 at the beginning of month t, good shares and price data at the beginning of t and good 

return data for t minus the one-month US Treasury bill rate. 𝑆𝑀𝐵𝑈𝑆,𝑡 is the equal-weight average of the returns on the three small stock portfolios minus the average of the returns on the three big stock portfolios 

for region 𝑟 and, 𝐻𝑀𝐿𝑈𝑆,𝑡 is the equal-weight average of the returns for the two high B/M portfolios minus the average of the returns for the two low B/M portfolio for region 𝑟. The Fama and French momentum 

factor is based on six value-weight portfolios formed on size and prior returns. 𝑊𝑀𝐿𝑈𝑆,𝑡 is the average return on the two high prior return portfolios minus the average return on the two low prior return 

portfolios. Heteroskedasticity-robust t-statistics in parentheses are for testing 𝐻0: 𝛽𝜃,𝑗 = 0 against 𝐻𝛼: 𝛽𝜃,𝑗 < 0.  Pooled estimates impose the restrictions that 𝛽𝜃,𝑗 = �̅�𝑗 , 𝛽𝜃,𝑈𝑆
𝑏 = �̅�𝑈𝑆

𝑏 , 𝛽𝜃,𝑈𝑆
𝑠 = �̅�𝑈𝑆

𝑠 , 𝛽𝜃,𝑈𝑆
ℎ = �̅�𝑈𝑆

ℎ  

and  𝛽𝜃,𝑈𝑆
𝑤 = �̅�𝑈𝑆

𝑤 . Superscripts a, b, c indicate significance at the 1%, 5%, 10% levels, respectively. * indicates significance at the 10% level or better of the test 𝐻0: 𝛽𝜃,𝑗 = 𝛽𝜃,𝑈𝑆
𝑏 = 𝛽𝜃,𝑈𝑆

𝑠 = 𝛽𝜃,𝑈𝑆
ℎ = 𝛽𝜃,𝑈𝑆

𝑤 = 0. 

All p-values for the tests are estimated following Rapach, Strauss and Zhou (2013) wild bootstrap procedure. 

(1) (2) (3)  (4) (5)  (6) (7)  (8) (9)  (10) (11)  (12) (13) 

 𝑗 = container  𝑗 = drybulk  𝑗 = tanker 

𝜃 = �̂�𝜃,𝑗  𝑅2  �̂�𝜃,𝑗  𝑅2  �̂�𝜃,𝑗  𝑅2  �̂�𝜃,𝑗  𝑅2  �̂�𝜃,𝑗  𝑅2  �̂�𝜃,𝑗 𝑅2 

Automobiles -1.356a 8.02  -0.684a 74.09*  -1.314a 10.72  -0.626a 74.41*  -1.649a 10.93  -0.608a 73.49* 

 (-3.485)   (-3.849)   (-3.360)   (-3.858)   (-3.979)   (-3.468)  

Chemicals -0.974a 5.66  -0.376a 76.17*  -0.964a 7.89  -0.344b 76.31*  -1.451a 11.57  -0.530a 76.78* 

 (-3.026)   (-2.652)   (-2.925)   (-2.327)   (-4.012)   (-3.382)  

Textiles & Apparel -1.177a 7.79  -0.609a 70.63*  -1.101a 9.70  -0.528a 70.71*  -1.422a 10.47  -0.556a 70.09* 

 (-3.548)   (-3.589)   (-3.113)   (-3.241)   (-3.780)   (-3.106)  

Construction & Constr. Materials -0.776b 3.38  -0.143 81.20*  -0.764b 4.66  -0.114 81.19*  -0.992a 5.09  -0.007 81.09* 

 (-2.208)   (-1.053)   (-2.309)   (-0.979)   (-2.470)   (-0.058)  

Consumer Products -0.744a 2.79  -0.185c 75.86*  -0.632a 2.87  -0.146 75.84*  -0.976a 4.43  -0.133 75.77* 

 (-2.713)   (-1.294)   (-2.626)   (-1.233)   (-2.670)   (-0.792)  

Consumer Durables -1.272a 9.20  -0.686a 78.87*  -1.161a 10.91  -0.593a 78.96*  -1.535a 12.36  -0.652a 78.34* 

 (-3.980)   (-5.567)   (-3.577)   (-4.744)   (-4.587)   (-4.999)  

Fabricated Products -0.540b 2.08  -0.006 72.74*  -0.554b 3.11  -0.019 72.74*  -0.924a 5.61  -0.106 72.81* 

 (-1.945)   (-0.047)   (-1.930)   (-0.142)   (-2.475)   (-0.657)  

Financials -0.552a 3.99  -0.147 79.16*  -0.579a 6.26  -0.147c 79.26*  -0.645a 5.03  -0.006 78.88* 

 (-2.423)   (-1.221)   (-2.643)   (-1.582)   (-2.485)   (-0.046)  

Food -0.630a 5.12  -0.254b 67.92*  -0.655a 7.86  -0.277b 68.44*  -0.683a 5.54  -0.096 67.21* 

 (-2.785)   (-2.079)   (-2.745)   (-2.299)   (-2.523)   (-0.775)  

Machinery & Bus. Equipment -1.020a 3.75  -0.303a 84.85*  -0.887a 4.04  -0.245a 84.82*  -1.552a 8.01  -0.473a 85.22* 

 (-3.045)   (-2.610)   (-2.932)   (-2.764)   (-3.751)   (-3.428)  

Mining & Minerals -0.683c 1.51  -0.076 43.22*  -0.767b 2.70  -0.152 43.30*  -1.324a 5.21  -0.414 43.67* 

 (-1.540)   (-0.222)   (-1.742)   (-0.446)   (-2.374)   (-1.065)  

Oil & Petroleum Products -0.451 0.67  -0.169 43.70*  -0.493 1.15  -0.167 43.73*  -1.412a 6.07  -0.483 44.27* 

 (-0.990)   (-0.481)   (-1.123)   (-0.511)   (-2.791)   (-1.300)  

Retail Stores -0.995a 5.35  -0.409a 69.40*  -1.118a 9.61  -0.547a 70.70*  -1.056a 5.55  -0.138 68.61* 

 (-2.976)   (-2.487)   (-3.262)   (-3.472)   (-2.465)   (-0.724)  

Steel Works -0.731b 1.97  -0.022 72.61*  -0.803b 3.38  -0.037 72.61*  -1.218a 5.04  -0.048 72.61* 

 (-1.835)   (-0.110)   (-1.985)   (-0.172)   (-2.342)   (-0.182)  

Transportation -0.781a 4.15  -0.211b 79.37*  -0.731a 5.17  -0.145 79.27*  -1.016a 6.47  -0.130 79.17* 

 (-2.609)   (-1.781)   (-2.602)   (-1.314)   (-3.165)   (-0.921)  

Utilities -0.137 0.37  -0.112 48.36*  -0.181 0.92  -0.117 48.49*  -0.271c 1.33  -0.139 48.45* 

 (-0.835)   (-0.925)   (-1.135)   (-1.004)   (-1.438)   (-0.985)  

Pooled -0.813a 3.60  -0.243a 62.79*  -0.800a 4.93  -0.233a 62.87*  -1.142a 6.47  -0.267a 62.80* 

 (-2.879)   (-2.764)   (-2.837)   (-2.651)   (-3.364)   (-2.869)  
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Table 8. Out-of-Sample Predictive Ability of Shipping Sentiment 

This table reports the Campbell and Thompson (2008) out-of-sample 𝑅2 statistic (𝑅𝑂𝑆
2 ) in columns 2, 4 and 6. 

The statistic measures the mean-squared prediction error (MSPE) reduction when the forecasts estimated by the 

unrestricted models given by Eqs. (16)-(18) are compared to the historical average forecast estimated by the 

restricted models. Columns 3, 5 and 7 report the 𝑅𝑂𝑆,𝑃
2  statistics for the pooled version of Eqs. (16)-(18) that 

imposes the restrictions 𝛽𝑖,𝑗 = �̅�𝑗, 𝛽𝑟,𝑧,𝑗 = �̅�𝑗 and 𝛽𝜃,𝑗 = �̅�𝑗. The out-of-sample forecasts are based on recursive 

estimation windows. Values in parentheses report the Clark and West (2007) MSPE-adjusted statistic of the test 

𝐻0: 𝑅𝑂𝑆
2 = 0 against 𝐻𝛼: 𝑅𝑂𝑆

2 > 0. * indicates significance at the 10% level or better. “Average” is the average 

𝑅𝑂𝑆
2  (𝑅𝑂𝑆,𝑃

2 ) statistic. 

(1) (2) (3)  (4) (5)  (6) (7) 

 𝑗 = container  𝑗 = drybulk  𝑗 = tanker 

𝑖 = 𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%)  𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%)  𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%) 

Australia 2.56* 3.50*  7.16* 9.27*  7.06* 10.18* 

 (1.48) (1.73)  (2.04) (2.27)  (2.03) (2.25) 

Belgium 2.62* 4.91*  4.25* 6.37*  5.63* 14.5* 

 (1.95) (2.26)  (1.59) (1.88)  (2.35) (2.27) 

Canada 0.15* 1.91*  3.43* 4.71*  10.09* 11.53* 

 (1.37) (1.87)  (1.66) (1.78)  (2.16) (2.16) 

France 2.21* 1.94*  3.29* 3.44*  8.21* 7.89* 

 (1.37) (1.47)  (1.43) (1.62)  (2.28) (2.34) 

Germany 2.03* 2.38*  3.39* 4.19*  8.76* 8.78* 

 (1.46) (1.65)  (1.53) (1.74)  (2.65) (2.59) 

India 0.12 3.11*  1.75* 5.84*  5.06* 7.01* 

 (1.19) (1.76)  (1.54) (1.78)  (1.93) (2.05) 

Italy 1.69 1.36  0.42 1.66  6.91* 7.28* 

 (1.15) (1.13)  (0.64) (0.98)  (2.41) (2.46) 

Japan -0.84 1.60*  4.50* 5.57*  4.87* 5.74* 

 (0.92) (1.38)  (2.05) (2.14)  (1.92) (1.97) 

Netherlands 1.41* 3.36*  1.87* 4.32*  4.57* 5.99* 

 (1.63) (2.09)  (1.38) (1.83)  (1.88) (1.97) 

Norway 1.20* 2.80*  5.21* 7.04*  10.58* 12.32* 

 (1.33) (1.64)  (1.74) (2.00)  (2.23) (2.24) 

P.R of China 6.21* 2.83*  11.86* 9.40*  3.44* 2.33* 

 (2.57) (2.08)  (2.77) (2.99)  (2.38) (2.30) 

Russian Federation 1.20* 3.72*  7.91* 6.91*  8.56* 10.63* 

 (1.57) (2.01)  (2.43) (2.4)  (2.11) (2.20) 

Sweden 5.36* 4.82*  8.70* 8.43*  7.71* 8.01* 

 (2.50) (2.43)  (2.55) (2.52)  (2.23) (2.34) 

Switzerland 5.36* 4.82*  8.70* 8.43*  7.71* 8.01* 

 (2.50) (2.43)  (2.55) (2.52)  (2.23) (2.34) 

United Kingdom 0.72 0.76*  2.18 1.74*  4.29* 3.29* 

 (0.92) (1.33)  (1.08) (1.34)  (1.68) (1.76) 

United States 2.20* 2.57*  4.52* 5.41*  9.17* 11.08* 

 (1.54) (1.75)  (1.68) (1.75)  (2.41) (2.21) 

Average 1.79 2.74  4.54 5.48  7.23 8.62 
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Table 8. (continued) 

(1) (2) (3)  (4) (5)  (6) (7) 

 𝑗 = container  𝑗 = drybulk  𝑗 = tanker 

𝑟 = Global/ 𝑧 = 𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%)  𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%)  𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%) 

SL (Small-Low) 4.66* 6.74*  10.66* 10.76*  9.80* 10.62* 

 (2.64) (2.56)  (2.57) (2.52)  (2.26) (2.26) 

SM (Small-Medium) 6.34* 6.92*  10.74* 10.64*  11.06* 10.99* 

 (2.62) (2.59)  (2.50) (2.48)  (2.26) (2.25) 

SH (Small-High) 8.98* 8.75*  12.17* 12.13*  13.60* 13.59* 

 (2.85) (2.79)  (2.62) (2.61)  (2.47) (2.47) 

BL (Big-Low) 3.02* 3.31*  7.90* 8.56*  9.74* 9.44* 

 (2.15) (2.22)  (2.16) (2.20)  (2.14) (2.16) 

BM (Big-Medium) 3.94* 3.08*  7.64* 7.63*  8.17* 8.77* 

 (1.97) (2.09)  (1.96) (2.02)  (2.07) (2.12) 

BH (Big-High) 4.78* 4.76*  8.12* 8.14*  7.20* 9.46* 

 (2.03) (2.18)  (1.99) (2.04)  (2.12) (2.21) 

Average 5.29 5.59  9.54 9.64  9.93 10.48 

𝑟 = Asia-Pacific/ z = 

SL (Small-Low) 7.45* 8.19*  11.39* 12.33*  9.87* 10.15* 

 (2.84) (2.77)  (3.07) (3.03)  (2.38) (2.33) 

SM (Small-Medium) 8.52* 9.16*  11.44* 12.88*  10.86* 10.76* 

 (2.94) (2.88)  (3.15) (3.08)  (2.27) (2.24) 

SH (Small-High) 11.58* 11.28*  12.84* 14.68*  13.76* 12.88* 

 (3.34) (3.18)  (3.45) (3.37)  (2.55) (2.50) 

BL (Big-Low) 5.98* 6.31*  9.35* 8.01*  9.39* 10.86* 

 (2.44) (2.57)  (2.30) (2.38)  (2.17) (2.16) 

BM (Big-Medium) 5.99* 4.68*  9.09* 6.55*  6.68* 7.22* 

 (2.35) (2.45)  (2.29) (2.38)  (1.71) (1.85) 

BH (Big-High) 5.66* 3.95*  6.88* 4.62*  6.46* 5.67* 

 (2.19) (2.27)  (2.17) (2.23)  (1.73) (1.85) 

Average 7.53 7.26  10.16 9.84  9.50 9.59 

𝑟 = Europe/ 𝑧 = 

SL (Small-Low) 4.16* 6.67*  11.62* 11.98*  11.11* 11.44* 

 (2.68) (2.60)  (2.78) (2.67)  (2.43) (2.41) 

SM (Small-Medium) 5.85* 6.28*  10.36* 10.66*  11.37* 11.18* 

 (2.55) (2.54)  (2.44) (2.45)  (2.32) (2.31) 

SH (Small-High) 6.43* 6.08*  10.94* 10.85*  10.88* 11.23* 

 (2.47) (2.44)  (2.48) (2.49)  (2.24) (2.26) 

BL (Big-Low) 3.50* 3.77*  7.75* 8.21*  8.12* 7.79* 

 (2.15) (2.22)  (2.17) (2.22)  (2.01) (2.04) 

BM (Big-Medium) 4.03* 3.72*  7.56* 7.40*  6.48* 7.43* 

 (1.95) (2.07)  (2.01) (2.07)  (1.90) (2.01) 

BH (Big-High) 4.79* 5.07*  7.71* 7.71*  5.70* 7.92* 

 (2.05) (2.16)  (2.06) (2.10)  (1.97) (2.12) 

Average 4.80 5.26  9.32 9.47  8.94 9.50 
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Table 8. (continued) 

(1) (2) (3)  (4) (5)  (6) (7) 

 𝑗 = 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑒𝑟  𝑗 = 𝑑𝑟𝑦𝑏𝑢𝑙𝑘  𝑗 = 𝑡𝑎𝑛𝑘𝑒𝑟 

𝑟 = Japan/ 𝑧 = 𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%)  𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%)  𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%) 

SL (Small-Low) -8.77 -5.23  -3.70 -3.28  -3.90 -3.07 

 (0.25) (0.39)  (-0.56) (-0.19)  (0.37) (0.50) 

SM (Small-Medium) -11.25 -8.99  -3.71 -3.38  -3.21 -3.66 

 (0.29) (0.32)  (0.08) (0.14)  (0.79) (0.79) 

SH (Small-High) -9.18 -10.04  -3.02 -4.59  -3.54 -6.07 

 (0.02) (0.17)  (-0.40) (-0.10)  (0.38) (0.49) 

BL (Big-Low) -7.17 -4.66  -3.71 -0.10  -1.68* 1.71* 

 (1.06) (1.05)  (1.08) (0.87)  (1.36) (1.29) 

BM (Big-Medium) -4.70 -7.25  0.08 -0.43  -0.24 1.07 

 (0.94) (0.81)  (1.22) (0.91)  (1.28) (1.24) 

BH (Big-High) -5.41 -10.23  -2.95 -3.70  -3.81 -6.87 

 (0.14) (0.20)  (0.11) (0.12)  (0.31) (0.36) 

Average -7.75 -7.73  -2.84 -2.58  -2.73 -2.81 

𝑟 = North America/ 𝑧 = 

SL (Small-Low) 4.02* 5.01*  7.43* 7.62*  9.00* 9.22* 

 (2.32) (2.26)  (2.21) (2.19)  (2.12) (2.14) 

SM (Small-Medium) 4.59* 4.84*  7.19* 7.43*  9.07* 8.91* 

 (2.16) (2.19)  (1.99) (2.04)  (2.13) (2.14) 

SH (Small-High) 9.45* 8.93*  10.84* 10.55*  14.81* 15.71* 

 (2.78) (2.76)  (2.39) (2.40)  (2.72) (2.66) 

BL (Big-Low) 3.10* 3.11*  7.10* 7.41*  11.24* 10.38* 

 (2.01) (1.98)  (2.04) (2.04)  (2.35) (2.39) 

BM (Big-Medium) 3.13* 3.26*  6.46* 6.73*  8.74* 9.91* 

 (1.73) (1.90)  (1.81) (1.84)  (2.37) (2.41) 

BH (Big-High) 3.76* 5.03*  7.66* 7.74*  8.44* 11.17* 

 (1.86) (2.07)  (1.92) (1.89)  (2.40) (2.49) 

Average 4.68 5.03  7.78 7.91  10.22 10.88 
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Table 8. (continued) 

(1) (2) (3)  (4) (5)  (6) (7) 

 𝑗 = 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑒𝑟  𝑗 = 𝑑𝑟𝑦𝑏𝑢𝑙𝑘  𝑗 = 𝑡𝑎𝑛𝑘𝑒𝑟 

𝜃 = 𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%)  𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%)  𝑅𝑂𝑆
2  (%)  𝑅𝑂𝑆,𝑃

2  (%) 

Automobiles 9.72* 8.44*  12.82* 9.37*  13.45* 13.97* 

 (2.95) (2.98)  (2.59) (2.51)  (3.43) (3.45) 

Chemicals 5.99* 5.32*  8.15* 7.27*  13.74* 12.09* 

 (2.30) (2.20)  (2.09) (2.10)  (2.87) (2.85) 

Textiles & Apparel 9.06* 8.38*  11.74* 9.86*  13.51* 14.75* 

 (2.89) (2.81)  (2.57) (2.32)  (3.31) (3.14) 

Construction & Constr. Materials 2.94* 3.94*  4.26* 5.94*  4.92* 7.13* 

 (1.52) (1.75)  (1.67) (1.83)  (2.00) (2.20) 

Consumer Products 5.25* 5.39*  3.79* 7.42*  7.04* 5.77* 

 (2.25) (2.23)  (1.66) (2.29)  (2.04) (1.99) 

Consumer Durables 11.73* 9.19*  14.02* 10.49*  17.11* 15.32* 

 (3.14) (2.88)  (2.74) (2.41)  (3.42) (3.29) 

Fabricated Products 1.13* 1.44*  1.84 3.24*  5.58* 6.12* 

 (1.28) (1.60)  (1.18) (1.41)  (1.80) (1.94) 

Financials 3.89* 2.17*  6.52* 6.43*  4.51* 6.07* 

 (1.74) (1.79)  (1.79) (1.81)  (2.03) (2.27) 

Food 6.00* 6.40*  9.38* 11.33*  5.69* 8.67* 

 (2.36) (2.41)  (2.08) (2.07)  (2.02) (2.24) 

Machinery & Bus. Equipment 5.85* 6.01*  7.04* 7.21*  12.73* 10.82* 

 (2.52) (2.42)  (2.10) (2.14)  (2.53) (2.54) 

Mining & Minerals -0.17 1.54*  -0.600 2.70*  4.15* 4.45* 

 (0.71) (1.28)  (0.48) (1.41)  (1.64) (1.78) 

Oil & Petroleum Products -1.69 0.65  -1.30 2.16  4.96* 6.41* 

 (-0.19) (0.96)  (0.18) (1.14)  (1.84) (2.08) 

Retail Stores 7.22* 6.61*  13.5* 10.60*  6.55* 10.02* 

 (2.52) (2.48)  (2.44) (2.33)  (2.08) (2.26) 

Steel Works 0.90 0.84  2.34 2.29  4.71* 3.93* 

 (1.17) (1.16)  (1.19) (1.15)  (1.69) (1.72) 

Transportation 4.72* 5.05*  5.55* 6.51*  8.66* 10.84* 

 (1.92) (1.96)  (1.79) (1.83)  (2.46) (2.58) 

Utilities -1.54 -12.48  -2.70 -6.85  -1.06 -9.97* 

 (-0.03) (0.80)  (0.32) (0.67)  (0.56) (1.88) 

Average 4.66 3.90  6.32 6.23  8.18 8.08 
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Table 9. Robustness Check Results 

The table reports OLS estimates of  β𝑚,𝑗  (denoted by �̂�𝑚,𝑗) for the regression models: R𝑚,𝑡 = β𝑚,0 + β𝑚,𝑗𝑆𝑆𝑗,𝑡−1
┴ + β𝑚

𝑘 𝐵𝑊𝑡−1
┴ + u𝑚,𝑡  (Eq.  20) and R𝑚,𝑡 = β𝑚,0 + β𝑚,𝑗𝑆𝑆𝑗,𝑡−1

┴ +

β𝑚
𝑘 𝐵𝑊𝑚,𝑡−1

┴ + β𝑚,𝑈𝑆
𝑏 𝑅𝑀𝑅𝐹𝑈𝑆,𝑡 + β𝑚,𝑈𝑆

𝑠 𝑆𝑀𝐵𝑈𝑆,𝑡 + β𝑚,𝑈𝑆
ℎ 𝐻𝑀𝐿𝑈𝑆,𝑡 + β𝑚,𝑈𝑆

𝑤 𝑊𝑀𝐿𝑈𝑆,𝑡 + u𝑚,𝑡 (Eq.  21). �̂�𝑚,𝑗  coefficients of Eq. 20 (Eq. 21) are presented in columns 2, 6 and 10 (4, 8 and 

12). R𝑚,𝑡 is the excess return on financial asset 𝑚 (US stock market index; 1, … ,6 US portfolios; 1, … ,16 US industry portfolios), 𝑆𝑆𝑗,𝑡−1
┴  is the lagged shipping sentiment for market 𝑗 and 

𝐵𝑊𝑈𝑆,𝑡−1
┴  is the lagged Baker and Wurgler (2006) investor sentiment. The control variables 𝑅𝑀𝑅𝐹𝑈𝑆,𝑡 , 𝑆𝑀𝐵𝑈𝑆,𝑡 and 𝐻𝑀𝐿𝑈𝑆,𝑡 are the Fama and French (1993) factors. 𝑅𝑀𝑅𝐹𝑈𝑆,𝑡 is the 

value-weight return of all CRSP firms incorporated in the US and listed on the NYSE, AMEX, or NASDAQ that have a CRSP share code of 10 or 11 at the beginning of month t, good 

shares and price data at the beginning of t and good return data for t minus the one-month US Treasury bill rate. 𝑆𝑀𝐵𝑈𝑆,𝑡 is the equal-weight average of the returns on the three small stock 

portfolios minus the average of the returns on the three big stock portfolios for region 𝑟 and, 𝐻𝑀𝐿𝑈𝑆,𝑡 is the equal-weight average of the returns for the two high B/M portfolios minus the 

average of the returns for the two low B/M portfolio for region 𝑟. The Fama and French momentum factor is based on six value-weight portfolios formed on size and prior returns. 𝑊𝑀𝐿𝑈𝑆,𝑡 

is the average return on the two high prior return portfolios minus the average return on the two low prior return portfolios. Heteroskedasticity-robust t-statistics in (.) are for testing 

𝐻0: 𝛽𝑚,𝑗 = 0 against 𝐻𝛼: 𝛽𝑚,𝑗 < 0.  Pooled estimates impose the restrictions that 𝛽𝑚,𝑗 = �̅�𝑗 , 𝛽𝑚,𝑈𝑆
𝑘 = �̅�𝑈𝑆

𝑘 ,  𝛽𝑚,𝑈𝑆
𝑏 = �̅�𝑈𝑆

𝑏 , 𝛽𝑚,𝑈𝑆
𝑠 = �̅�𝑈𝑆

𝑠 , 𝛽𝑚,𝑈𝑆
ℎ = �̅�𝑈𝑆

ℎ  and 𝛽𝑚,𝑈𝑆
𝑤 = �̅�𝑈𝑆

𝑤 . Superscripts a, b, 

c indicate significance at the 1%, 5%, 10% levels, respectively. * indicates significance at the 10% level or better of the test 𝐻0: 𝛽𝑚,𝑗 = 𝛽𝑚,𝑈𝑆
𝑘 =  𝛽𝑚,𝑈𝑆

𝑏 = 𝛽𝑚,𝑈𝑆
𝑠 = 𝛽𝑚,𝑈𝑆

ℎ = 𝛽𝑚,𝑈𝑆
𝑤 = 0. All 

p-values for the tests are estimated following Rapach, Strauss and Zhou (2013) wild bootstrap. 

(1) (2) (3)  (4) (5)  (6) (7)  (8) (9)  (10) (11)  (12) (13) 

 𝑗 = container  𝑗 = drybulk  𝑗 = tanker 

𝑚 = stock market index �̂�𝑚,1,𝑗  𝑅2  �̂�𝑚,1,𝑗  𝑅2  �̂�𝑚,1,𝑗  𝑅2  �̂�𝑚,1,𝑗  𝑅2  �̂�𝑚,1,𝑗  𝑅2  �̂�𝑚,1,𝑗  𝑅2 

United States -0. 327c 4.74*  -0.104 32.66*  -0.461b 7.35*  -0.189 33.13*  -0.744b 9.36*  -0.379c 33.94* 

 (-1.258)   (-0.527)   (-1.828)   (-0.972)   (-1.984)   (-1.435)  

𝑚 = US portfolios  
SL (Small-Low) -0.616b 4.11*  -0.136c 82.74*  -0.728a 5.75*  -0.203a 82.89*  -0.906b 5.51*  -0.116 82.72* 

 (-1.882)   (-1.375)   (-2.574)   (-2.483)   (-2.120)   (-0.933)  

SM (Small-Medium) -0.655a 4.16*  -0.220a 88.83*  -0.714a 7.11*  -0.223a 89.05*  -0.881a 6.53*  -0.167b 88.69* 

 (-2.310)   (-2.926)   (-2.827)   (-3.624)   (-2.461)   (-2.080)  

SH (Small-High) -0.958a 7.61*  -0.511a 84.53*  -0.908a 10.59*  -0.412a 84.62*  -1.175a 10.51*  -0.457a 84.15* 

 (-3.171)   (-5.043)   (-3.34)   (-5.151)   (-3.310)   (-4.264)  

BL (Big-Low) -0.479b 4.59*  -0.084c 91.51*  -0.584a 6.88*  -0.064 91.51*  -0.794a 7.23*  -0.075 91.50* 

 (-1.806)   (-1.586)   (-2.508)   (-1.184)   (-2.350)   (-1.023)  

BM (Big-Medium) -0.491b 2.57  -0.050 89.03*  -0.640a 6.22*  -0.050 89.04*  -0.804a 5.83*  -0.009 89.01* 

 (-1.734)   (-0.545)   (-2.426)   (-0.597)   (-2.198)   (-0.075)  

BH (Big-High) -0.573b 3.31  -0.111c 90.60*  -0.694a 7.12*  -0.086 90.59*  -0.831a 6.14*  -0.010 90.50* 

 (-1.926)   (-1.464)   (-2.510)   (-1.168)   (-2.334)   (-0.109)  

Pooled -0.628b 4.13*  -0.185a 74.66*  -0.711a 6.82*  -0.173a 74.74*  -0.899a 6.54*  -0.139b 74.57* 

 (-2.231)   (-3.141)   (-2.772)   (-3.097)   (-2.571)   (-2.074)  
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Table 9. (continued) 

(1) (2) (3)  (4) (5)  (6) (7)  (8) (9)  (10) (11)  (12) (13) 

 𝑗 = container  𝑗 = drybulk  𝑗 = tanker 

𝑚 = US industry portfolios �̂�𝑚,1,𝑗  𝑅2  �̂�𝑚,1,𝑗  𝑅2  �̂�𝑚,1,𝑗  𝑅2  �̂�𝑚,1,𝑗  𝑅2  �̂�𝑚,1,𝑗  𝑅2  �̂�𝑚,1,𝑗  𝑅2 

Automobiles -1.378a 8.33*  -0.814a 74.66*  -1.327a 12.54*  -0.652a 73.54*  -1.596a 10.85*  -0.647a 74.55* 

 (-3.200)   (-4.347)   (0.520)   (-3.904)   (-3.600)   (-3.937)  

Chemicals -0.984a 7.31*  -0.499a 76.63*  -0.975a 10.84*  -0.384b 77.08*  -1.394a 12.69*  -0.580a 76.68* 

 (-2.787)   (-3.246)   (1.508)   (-2.468)   (-3.489)   (-3.373)  

Textiles & Apparel -1.218a 8.31*  -0.725a 71.04*  -1.107a 11.13*  -0.532a 70.42*  -1.400a 10.59*  -0.587a 71.35* 

 (-3.295)   (-4.112)   (1.099)   (-3.226)   (-3.444)   (-3.17)  

Construction & Constr. Materials -0.642b 3.22  -0.110 80.78*  -0.735b 5.81*  -0.104 80.71*  -0.833b 4.67  -0.061 80.76* 

 (-1.665)   (-0.751)   (1.073)   (-0.867)   (-1.888)   (-0.492)  

Consumer Products -0.623b 3.29*  -0.220c 75.51*  -0.596a 4.22*  -0.163c 75.43*  -0.809b 4.46*  -0.157 75.54* 

 (-2.090)   (-1.398)   (2.320)   (-1.315)   (-1.970)   (-0.833)  

Consumer Durables -1.326a 10.24*  -0.842a 79.18*  -1.181a 13.23*  -0.635a 78.34*  -1.496a 12.63*  -0.711a 79.45* 

 (-3.853)   (-7.291)   (0.371)   (-4.935)   (-4.252)   (-5.683)  

Fabricated Products -0.439c 2.27  -0.004 74.35*  -0.529b 4.10*  -0.004 74.4*  -0.830b 5.50*  -0.095 74.35* 

 (-1.410)   (-0.029)   (2.068)   (-0.029)   (-1.951)   (-0.517)  

Financials -0.569a 3.87*  -0.218 78.67*  -0.596a 7.15*  -0.167c 78.16*  -0.641b 4.89*  -0.039 78.69* 

 (-2.231)   (-1.233)   (1.197)   (-1.743)   (-2.230)   (-0.327)  

Food -0.631a 4.79*  -0.309a 67.41*  -0.666a 8.67*  -0.288b 66.07*  -0.658b 5.16*  -0.113 66.98* 

 (-2.524)   (-2.414)   (1.939)   (-2.365)   (-2.175)   (-0.879)  

Machinery & Bus. Equipment -0.827a 4.94*  -0.303a 85.01*  -0.846a 6.54*  -0.259a 85.45*  -1.369a 8.56*  -0.516a 84.96* 

 (-2.327)   (-2.864)   (2.180)   (-2.861)   (-3.106)   (-3.914)  

Mining & Minerals -0.374 3.89*  0.127 43.84*  -0.748b 6.30*  -0.167 43.99*  -1.130b 7.29*  -0.321 43.75* 

 (-0.762)   (0.322)   (2.380)   (-0.478)   (-1.785)   (-0.742)  

Oil & Petroleum Products -0.302 1.48  -0.201 40.40*  -0.533 2.65  -0.084 41.32*  -1.393a 7.02*  -0.580c 40.49* 

 (-0.601)   (-0.494)   (2.270)   (-0.246)   (-2.521)   (-1.420)  

Retail Stores -1.000a 5.60*  -0.503a 70.67*  -1.125a 10.71*  -0.551a 68.57*  -0.976b 5.38*  -0.131 69.62* 

 (-2.687)   (-3.144)   (1.356)   (-3.436)   (-2.055)   (-0.696)  

Steel Works -0.523 3.94*  -0.091 71.91*  -0.783b 6.45*  -0.047 71.90*  -1.006b 6.36*  -0.029 71.93* 

 (-1.200)   (-0.380)   (1.597)   (-0.213)   (-1.740)   (-0.099)  

Transportation -0.756a 4.51*  -0.272b 78.92*  -0.711b 6.19*  -0.127 78.83*  -0.921a 6.14*  -0.102 79.20* 

 (-2.262)   (-2.230)   (1.638)   (-1.111)   (-2.623)   (-0.709)  

Utilities -0.126 0.70  -0.102 49.66*  -0.188 1.46  -0.119 49.59*  -0.266c 1.65  -0.141 49.45* 

 (-0.679)   (-0.755)   (2.683)   (-0.964)   (-1.290)   (-0.911)  

Pooled -0.737a 4.16*  -0.273a 62.16*  -0.793a 6.59*  -0.247a 62.03*  -1.044a 6.72*  -0.272a 62.05* 

 (-2.391)   (-3.097)   (2.233)   (-2.737)   (-2.780)   (-2.867)  
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Table 10. Trading Simulation Results 

The table reports the best performing strategies from a universe of 8,092 trading strategies. 𝐸(𝑅𝑖,𝑡
𝜌,𝑗

), 𝜎𝑖
𝜌,𝑗

 and 

𝑆𝑅𝑖
𝜌,𝑗

 are respectively the mean excess return, standard deviation and Sharpe ratio when trading on the stock 

index of country 𝑖 using trading rule 𝛲 based on shipping sentiment of market 𝑗. 𝐸(𝑅𝑖,𝑡
𝐵 ), 𝜎𝑖

𝐵 and 𝑆𝑅𝑖
𝐵 are 

respectively the mean excess return, standard deviation and Sharpe ratio of the benchmark buy-and-hold 

strategy. 𝑀𝐴𝑋(𝜒,𝜓,s) is the moving average crossover rule and 𝑀𝐴𝐶𝐷(𝜒,𝜓,𝜔,𝑠) is the moving average 

convergence-divergence oscillator rule. 𝐴𝑅𝑁𝑛 is the Aroon rule; 𝐵𝐵(𝑛1,𝛾,𝑛2,𝑤) is the Bollinger bands rule and 

𝑀𝐴𝐸(𝜁,𝑛,s) the moving average envelopes rule. 𝑠 = a or 𝑠 = 𝑒 implies arithmetic averaging or exponential 

averaging respectively. 𝑤 = a or 𝑤 = 𝑒 implies arithmetic weighted averaging or exponential weighted 

averaging respectively. * attached to the 𝐸(𝑅𝑖,𝑡
𝜌,𝑗

) and 𝑆𝑅𝑖
𝜌,𝑗

 metrics indicate significance at the 10% level or 

better based on the stationary bootstrap p-values for testing the null hypothesis that the benchmark buy-and-

hold strategy is not outperformed by the technical analysis strategies. 

(1) (2) (3) (4) (5)  (6) (7) (8) 

 𝑃 = 𝐸(𝑅𝑖,𝑡
𝜌,𝑗

) 𝜎𝑖
𝜌,𝑗

  𝑆𝑅𝑖
𝜌,𝑗

   𝐸(𝑅𝑖,𝑡
𝐵 )  𝜎𝑖

𝐵 % 𝑆𝑅𝑖
𝐵 

𝑗 = container/ 𝑖 = 

Australia ARN(4) 0.148 0.238 0.622*  0.054 0.242 0.223 

Belgium  MAX(4,12,e) 0.123 0.241 0.510*  0.020 0.244 0.082 

Canada ARN(4) 0.103 0.209 0.493  0.056 0.211 0.265 

France BB(5,0.5,12,e) 0.092* 0.221 0.416*  0.015 0.227 0.066 

Germany BB(5,0.5,12,e) 0.126 0.223 0.565*  0.083 0.229 0.362 

India MAX(4,12,e) 0.165 0.235 0.702*  0.088 0.309 0.285 

Italy BB(5,0.5,12,e) 0.097* 0.266 0.365*  -0.029 0.274 -0.106 

Japan MAX(3,12,e) 0.109* 0.204 0.534*  0.009 0.206 0.044 

Netherlands MAX(4,12,e) 0.116* 0.236 0.492*  0.018 0.239 0.075 

Norway MAE(0.042,11,a) 0.148 0.278 0.532*  0.107 0.280 0.382 

P.R. of China MAX(4,12,e) 0.244* 0.277 0.881*  0.036 0.286 0.126 

Russian Fed. MAX(3,12,e) 0.252* 0.366 0.689*  0.029 0.373 0.078 

Sweden MAE(0.084,2,e) 0.138 0.287 0.481*  0.088 0.305 0.289 

Switzerland MAX(4,12,e) 0.090 0.165 0.545*  0.060 0.166 0.361 

United Kingdom MAX(4,12,e) 0.092 0.191 0.482*  0.016 0.192 0.083 

United States MAX(4,12,e) 0.086 0.165 0.521*  0.034 0.166 0.205 

𝑗 = drybulk/ 𝑖 = 

Australia BB(11,0.75,4,e) 0.143 0.184 0.777*  0.054 0.242 0.223 

Belgium  MAX(3,10,e) 0.130* 0.241 0.539*  0.020 0.244 0.082 

Canada BB(11,0.75,4,e) 0.116 0.166 0.699*  0.056 0.211 0.265 

France BB(8,0.75,4,e) 0.105* 0.177 0.593*  0.015 0.227 0.066 

Germany BB(8,0.75,4,e) 0.146 0.166 0.880*  0.083 0.229 0.362 

India MAX(3,10,e) 0.131 0.237 0.553*  0.088 0.309 0.285 

Italy BB(10,0.5,5,e) 0.150* 0.228 0.658*  -0.029 0.274 -0.106 

Japan MAX(3,10,e) 0.117* 0.204 0.574*  0.009 0.206 0.044 

Netherlands BB(8,0.75,4,e) 0.117* 0.203 0.576*  0.018 0.239 0.075 

Norway BB(12,0.75,4,e) 0.142 0.227 0.626*  0.107 0.280 0.382 

P.R. of China BB(9,1,4,e) 0.146 0.199 0.734*  0.036 0.286 0.126 

Russian Fed. BB(11,0.75,4,e) 0.218* 0.265 0.823*  0.029 0.373 0.078 

Sweden BB(11,0.75,4,e) 0.183 0.207 0.884*  0.088 0.305 0.289 

Switzerland BB(8,0.75,4,e) 0.099 0.128 0.773*  0.060 0.166 0.361 

United Kingdom BB(8,0.75,4,e) 0.104* 0.164 0.634*  0.016 0.192 0.083 

United States MAE(0.1,6,a) 0.092 0.163 0.564*  0.034 0.166 0.205 

𝑗 = tanker/ 𝑖 = 

Australia MAX(4,10,a) 0.165 0.237 0.696*  0.054 0.242 0.223 

Belgium  MAX(4,12,e) 0.141* 0.240 0.588*  0.020 0.244 0.082 

Canada MACD(5,8,11,a) 0.124 0.208 0.596*  0.056 0.211 0.265 

France MAX(4,6,a) 0.125* 0.224 0.558*  0.015 0.227 0.066 

Germany MAX(4,6,a) 0.124 0.228 0.544*  0.083 0.229 0.362 

India MAX(4,10,a) 0.155 0.236 0.657*  0.088 0.309 0.285 

Italy MAX(4,6,a) 0.139* 0.271 0.513*  -0.029 0.274 -0.106 

Japan MACD(5,10,12,e) 0.139* 0.201 0.692*  0.009 0.206 0.044 

Netherlands MAX(4,6,a) 0.145* 0.235 0.617*  0.018 0.239 0.075 

Norway MACD(5,7,6,a) 0.168 0.278 0.604*  0.107 0.280 0.382 

P.R. of China MAX(4,8,a) 0.214* 0.278 0.770*  0.036 0.286 0.126 

Russian Fed. MAX(4,6,a) 0.363* 0.358 1.014*  0.029 0.373 0.078 

Sweden MAX(4,6,a) 0.200 0.300 0.667*  0.088 0.305 0.289 

Switzerland MAX(4,12,e) 0.104 0.165 0.630*  0.060 0.166 0.361 

United Kingdom MAX(4,10,a) 0.126* 0.189 0.667*  0.016 0.192 0.083 

United States MAX(4,12,a) 0.102* 0.164 0.622*  0.034 0.166 0.205 

 



64 

 

 

Figure 1: Market and Sector Sentiment Indices 1996-2014 

The figure depicts the three market sentiment indices (container, drybulk and tanker) and their respective sector sentiment indices. 
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Figure 2: Out-of-sample forecasts based on lagged shipping sentiment vs. historical average forecasts 

The figure depicts the cumulative differences of squared forecast errors estimated by the unrestricted models given by Eqs. (16)-(18) relative to the historical 

average forecast errors. The out-of-sample forecasts are based on recursive estimation windows. The figure illustrates a sample of six stock indices and six 

US industry portfolios. Vertical shaded areas represent country specific business cycle recessions according to the Economic Cycle Research Institute 

(www.businesscycle.com). 
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Figure 2: continued 
 

Excess return forecasts for US industry portfolios based on lagged container sentiment index model vs. historical average forecast model 

 
 

Excess return forecasts for US industry portfolios based on lagged drybulk sentiment index model vs. historical average forecast model 

 
 

Excess return forecasts for US industry portfolios based on lagged tanker sentiment index model vs. historical average forecast model 
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Appendix: Types of seaborne transportation cargoes and vessel type characteristics 
Seaborne trade encompasses the transportation of many different commodities. For example, raw materials such as 

oil, iron ore and coal; agricultural products such as grains, sugar and wheat; industrial materials such as cement, 

chemicals and rubber; and manufactured products such as cars, consumer products and heavy machinery. The 

shipping transportation model can be split into three main categories: bulk parcels, specialized parcels and general 

cargo parcels, depending on the parcel size distribution (PSD) function of the commodity and the service 

requirements of the cargo parcel; where a parcel is an individual quantity of cargo for transportation. Bulk cargoes 

can be split into two main categories: 1) liquid bulk (such as oil products and liquid chemicals) that requires tanker 

transportation; and, 2) drybulk (such as iron ore, grain and steel products) that requires conventional drybulk 

transportation. Additionally, specialized cargoes (such as motor vehicles and refrigerated food) require transportation 

by vessels designed precisely for a specialized cargo type. Finally, general cargoes (such as manufactured products 

of all types) require mainly containership transportation. This paper is focused, on the liquid, drybulk and general 

cargoes seaborne transportation. In particular, container vessels that their carrying capacity is measured in TEUs 

(Twenty-foot Equivalent Unit – the international standard measure for containers and containership capacity); and, 

drybulk and tanker vessels that their carrying capacity is measured in deadweight ton (dwt – a unit of carrying 

capacity including cargo, fuel, oil, water, stores and crew and is measured in in metric tons of 1,000 kilograms). 
Vessel type  Carrying Capacity  Transported Cargoes 

Container market     

Panamax  3,000 TEU >  Manufactured products of all types 

Sub-panamax  2,999 – 2,000 TEU  Manufactured products of all types 

Handymax  1,999 – 1,000 TEU  Manufactured products of all types 

Drybulk market     

Capesize  100,000 dwt >  Iron ore and coal 

Panamax  99,999 – 60,000 dwt  Coal; grains and minor bulks 

Handymax  59,999 – 40,000 dwt  Grains and minor bulks 

Handysize  39,999 – 10,000 dwt  Minor Bulks 

Tanker market     

VLCC (Very Large Crude Carrier)  200,000 dwt >  Crude oil  

Suezmax  199,999 – 120,000 dwt  Crude oil and clean petroleum products 

Aframax  119,999 – 80,000 dwt  Crude oil and clean petroleum products 
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