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stabilising impact on financial markets when this is needed most. Life insurers tend to be 
contrarian traders when they have a high proportion of unit-linked policies, while non-life 
insurers are contrarian when they have a more risky business model. 
 
JEL code: G11; G12; G22; G23 
Keywords: Asset allocation, Investment strategy, Insurance companies, Pension funds 

 
 

 
 
________________________ 
* De Nederlandsche Bank, P.O. Box 98, 1000 AB Amsterdam, The Netherlands. Email: Leo.de.Haan@dnb.nl, 
Jan.Kakes@dnb.nl. This paper does not necessarily represent the position of De Nederlandsche Bank. The 
authors thank Maarten Gelderman, Jakob de Haan, Frank Warnock and participants of the EBES 2009 
conference (Istanbul) and the 4th International Symposium on Economic Theory, Policy and Applications 
(Athens) for helpful comments and advice. 



 2 

1. Introduction 

 

As institutional investors manage a substantial part of global financial assets, their behaviour 

is likely to have a significant impact on financial market sentiment. This is particularly 

relevant in turbulent periods such as the collapse of the dotcom bubble in 2000-2003 and the 

credit crisis that started in 2007. In such circumstances, institutional investors may pursue 

contrarian investment strategies (selling past winners and buying past losers), which are likely 

to dampen excessive price movements. But they may also behave more like momentum 

traders (selling past losers and buying past winners) and exacerbate fluctuations in asset 

prices.1 

 

Various papers have documented past-return based behaviour of investors. Grinblatt et al. 

(1995) find that mutual fund managers tend to pursue momentum investment strategies. 

Badrinath and Walhal (2002) report weaker evidence of this for several types of investment 

funds. Odean (1998) finds that the investors at a US brokerage house are reluctant to realize 

losses, and presents evidence that is consistent with contrarian investment strategies. Grinblatt 

and Keloharju (2000) is one of the few studies that address investment behaviour of many 

investor categories, including insurance companies. They conclude that foreign investors tend 

to be momentum investors, while domestic investors tend to be contrarians. 

 

Most studies analyse firms’ investments in individual stocks. We take a broader perspective, 

by considering past-return trading of the entire asset portfolio, i.e. changes in the composition 

of asset classes such as equity and bonds. Our research question is different from most other 

studies, namely: how do investors reallocate their portfolio in response to (excess) returns on 

these investment categories? Our data allow us to distinguish between four asset classes: 

equity, fixed income, real estate investments and liquid assets. The data do not contain 

information on individual items within these categories. 

 

Apart from this new perspective on asset allocation, this paper presents three extensions to the 

existing empirical literature. First, we analyse investment strategies of all types of (Dutch) 

institutional investors, i.e. pension funds, life insurers and non-life insurers. Earlier asset 

allocation studies for the Netherlands have focused on pension funds (see e.g. Kakes, 2008; 

                                                
1 Contrarian trading and momentum trading are also known as negative and positive feedback strategies.  
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Bikker et al., 2009; Rubbaniy et al., 2010). To our knowledge, there are no similar studies on 

insurers. This is a serious omission as insurers comprise about one third of total institutional 

investments in the Netherlands. 

 

Our second contribution is the use of flow data on active trading. Most asset allocation studies 

are based on balance sheet data, which do not reflect whether changes in the asset mix are 

driven by active trading or revaluations. We therefore combine balance sheet data with flow 

statistics which include total sales and purchases for each asset class as well revaluations, 

direct investment returns and other cash flows (premiums, payouts). This unique quality of 

our data enables us to distinguish between active investment policy and financial market 

conditions.2  

 

Finally, we relate investment behaviour to macroeconomic developments and investor 

characteristics, such as firm size, solvency and profitability. This reveals which investor 

characteristics are important determinants of the type of investment behaviour pursued.  

 

The three types of institutional investors we consider have common characteristics but also 

important differences. For instance, life insurers and pension funds have a relatively long 

investment horizon which makes it easier to absorb short-term fluctuations, while non-life 

insurers are likely to attach more importance to the liquidity of their assets. Life insurers are 

different in another respect: a significant part of their assets – almost one third – consists of 

unit-linked products, for which the investment risk is carried by the policy holders.3 Non-life 

insurers and pension funds – which mostly offer defined benefit schemes in the Netherlands – 

are fully exposed to investment risk, so their behaviour is more likely to be driven by the 

characteristics of their liabilities.  

 

We find that investors – especially insurers – are more contrarian when selling than buying, 

which suggests that investors are reluctant to realize losses, in line with evidence by Odean 

                                                
2 Using similar data for pension funds, Kakes (2008) finds that Dutch pension funds tend to buy (sell) equity and 
bonds when the prices of these assets are declining (rising), which points at contrarian trading. Bikker et al. 
(2009) find that Dutch pension funds partly rebalance their portfolios but also allow for some free floating. 
Rubbaniy et al. (2010) analyse monthly data on individual investment items and find both positive and negative 
feedback behaviour, depending on whether contemporaneous or lagged returns are considered. 
3 Many of these policies are related to mortgage and annuity products. In the Netherlands, households typically 
accumulate savings to repay their mortgage after 30 years to benefit optimally from tax deductibility of interest 
payments. In many cases unit-linked products follow a ‘naive’ strategy by purchasing fixed proportions of asset 
classes every month. 
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(1998) and Grinblatt and Keloharju (2001). Although all three investor categories tend to 

follow contrarian strategies, determinants that encourage such behaviour are different. For life 

insurers, contrarian behaviour is strongest for firms with a high proportion of unit-linked 

products, while for non-life insurers such behaviour is stimulated by risky business models. 

Pension funds play a particularly stabilising role when markets are most turbulent. 

 

The remainder of this paper is organised as follows. Section 2 discusses the data and some 

stylised facts. Section 3 introduces our measure of momentum trading. Section 4 presents 

regresssions that relate investment strategy to economic developments and firm-specific 

characteristics and the economy. Section 5 presents two robustness checks, while Section 6 

concludes. 

 

 

2. Data and stylised facts 

 

We use data from a quarterly survey (see Appendix 1 for details). Our dataset includes 93 

insurers and 83 pension funds, representing more than 70 percent of the Dutch sectors’ total 

assets. The data are available over the period 2002-2005, and a subset from 1999 onwards. 

This is a relatively short sample, but largely covers an interesting episode during which 

institutional investors had to deal with adverse financial market conditions after the collapse 

of the dotcom bubble. The Dutch insurance and pension industry is relatively large, especially 

because participation in a funded pension scheme is compulsory for most Dutch employees. 

On a global scale, the relative proportion of Dutch investors is of course limited, but insofar 

as their behaviour is representative for similar institutions worldwide our findings are also 

relevant for global asset markets.4 

 

We carry out an analysis of investment behaviour and relate this to investor characteristics 

such as size, solvency and profitability. As indicated, the data allow us to distinguish broad 

asset classes but do not include information on individual investments. We also do not know 

investors’ strategic portfolio weights and investment policies. So, although we cannot track 

portfolio management at a detailed level, we can observe to what extent insurers’ overall asset 

allocation is consistent with contrarian or momentum trading.  

                                                
4 According to the 2009 Global Pension Asset Study by Watson Wyett, Dutch pension funds account for about 4 
percent of pension assets worldwide. 
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Table 1 presents some stylised facts. Obviously, life insurers and pension funds have much 

larger balance sheets than non-life insurers, as they manage financial assets for their clients. 

By contrast, non-life insurers largely operate on a pay-as-you-go basis and use their invested 

assets as a short-term buffer. This also explains why non-life insurers hold more assets with a 

short-term maturity (i.e. less than 1 year). Looking at a broader measure of liquidity, all three 

sectors mainly invest in marketable assets. Presumably, life insurers and pension funds are 

more exposed to financial risk than non-life insurers. Their investments are much larger 

relative to premium income and benefit payments, while they also invest a larger proportion 

in equity and real estate. This difference in risk profile is also reflected by other proxies such 

as the standard deviation of the loss ratio (i.e. the ratio of losses incurred to premiums earned). 

Finally, pension funds invest more than insurers in foreign assets. 

 
[insert Table 1 about here] 
 

Both for equity and bonds, the volumes of gross purchases and sales are strongly correlated. 

Apparently, trades in both directions are clustered in particular quarters. This robust stylised 

fact is likely to reflect portfolio reallocations, both across and especially within the broad 

asset classes we consider here.5 Graph 1 shows gross purchases of equity, bonds and real 

estate as a percentage of the total transaction volume (i.e. purchases plus sales). For life 

insurers’ and pension funds’ equity and bond investments, this percentage is more than 50 

percent in nearly all quarters, implying that they are net buyers most of the time. For non-life 

insurers, the relative proportion of gross purchases fluctuates a lot, in line with their business: 

compared to the other investors, non-life insurers are likely to liquidate their investments 

more often to pay out insurance claims. 

 

[insert Graph 1 about here] 

 

 

                                                
5 Typically, strategic portfolio reallocations take place annually while tactical adjustments are carried out more 
regularly. This includes important changes within broad asset classes. For instance, a firm may want to change 
the duration of its fixed-income portfolio or the composition over sectors and regions, which may require 
substantial purchases and sales. 
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3. Momentum trading measure 

 

To investigate the relationship between portfolio adjustments and asset price development, we 

use the momentum trading measure developed by Grinblatt et al. (1995), which has been used 

by many other studies (e.g. Badrinath and Wahal, 2002; Curcuru et al., 2009). The intuition 

behind this indicator is straightforward: it relates net purchases to revaluations, which 

indicates to what extent investors tend to buy assets that have increased in value. We apply 

this approach to the relative weights of broad asset classes in firm-specific investment 

portfolios. Omitting a suffix for individual investors, the momentum measure is defined as: 
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where n = number of asset classes, ita = net purchase of asset class i in period t, itA = total 

value of asset class i at the beginning of period t, tcf is net cash inflow, itr  = the yield on 

asset class i (capital gains), and ptr  = the yield on the whole portfolio. The indicator assumes 

that investors act on the basis of excess returns, using the overall portfolio return of the 

particular investor as a benchmark.6 The numerator in the first term reflects changes in the 

portfolio weight of asset class i due to active trading: net purchases ait corrected for ‘passive’ 

trading assuming that cash inflows are invested according to the asset allocation at the 

beginning of the period. We distinguish three asset classes (n=3): equity, fixed-income and 

real estate.7  

 

Active changes in portfolio weights for all three asset classes in period t are multiplied by the 

excess returns in period t k− . A negative value points at contrarian investment strategy in the 

sense that investors realise capital gains of asset classes that have outperformed the portfolio 

                                                
6 In Section 5, we will discuss the results of a robustness check using market returns instead of our firm-specific 
revaluation data. 
7 For these categories – which are the bulk of total investments – we have data on trading and revaluations. We 
could also include liquid assets as a fourth category, although we do not have flow data for these assets. 
However, a robustness check shows that this hardly affects Mt (see Section 5). 
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average. Positive values would imply the opposite strategy of momentum trading. The 

momentum measure is calculated for each observation in the sample. 

 
 
Table 2 presents averages of Mt over the entire sample, both for 1-quarter and 2-quarter 

horizons and for current and lagged revenues (0k =  and 1k = , respectively). As indicated, 

we do not know firms’ investment strategies so presenting these specifications provides a 

sensitivity check of one important element: the investment horizon. Most figures imply 

contrarian investment behaviour. We also present separate momentum measures for buys and 

sells to check asymmetries. The evidence for contrarian behaviour is more pronounced for 

sells than for buys in most cases. Apparently, investors are more inclined to show contrarian 

behaviour following capital gains than losses. This asymmetry is in line with the findings of 

earlier studies. Grinblatt et al. (1995) even find momentum behaviour for buys versus 

contrarian behaviour for sells, while Badrinath and Wahal (2002) report a similar difference 

between entries into new stocks and exits. For US investors’ foreign portfolios, Curcuru et al. 

(2009) find contrarian investment behaviour for sells and momentum behaviour for buys. 

 

[insert Table 2 about here] 

 

Graph 2 shows how the medians of the momentum measures have developed over time. In all 

cases, pension funds exhibited relatively strong contrarian trading in the early part of the 

sample (2002-early 2003). This makes sense, as stock prices declined sharply in this period so 

pension funds – which invest more in equity than insurers – needed to respond strongly. The 

Mt measure suggests that in the second half of 2003 their strategy temporarily changed to 

momentum trading, implying – as stock prices recovered – that many funds continued to buy. 

 

[insert Graph 2 about here] 

 

Life insurers also followed a contrarian investment strategy in early 2002 according to most 

measures. For the rest of the sample, Mt indicates that they did not exhibit a clear contrarian 

or momentum investment strategy on average. Finally, the momentum measures for non-life 

insurers show wide fluctuations that cannot easily be linked to developments in financial 

markets. Presumably, these are largely driven by short-term liquidity considerations related to 

their insurance business rather than developments in financial markets. 
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4. Investment strategy: explanatory factors 

 

In this section, we present regressions that relate our momentum measure to possible 

explanatory factors. These are macroeconomic variables – like market sentiment or economic 

growth – but also firm-specific variables. Table 3 presents pooled regressions, relating Mt to 

the size of institutions (measured by their total assets), market volatility (VIX8), GDP growth, 

balance sheet liquidity, risk (standard deviation of the loss ratio), financial position (solvency 

ratio for insurers, funding ratio for pension funds), profitability (return on assets), the 

proportion of foreign assets and – only for life insurers – the proportion of unit-linked 

products.  

 

One interesting issue to investigate is whether contrarian behaviour is different when markets 

are relatively volatile (indicated by a high VIX index). Insofar as momentum trading is 

inherently more risky, one may expect this behaviour for institutions that pursue a ‘high risk-

high return’ strategy, which is likely to be captured by profitability and the standard deviation 

of the loss ratio. For balance sheet liquidity, exposure to foreign assets and unit-linked 

products we do not have strong a priori views about the impact. Unit-linked life insurance 

products are invested according to the policy holders’ preferences. Often, these investments 

are purchased in fixed proportions, which introduces a ‘naive’ element that is difficult to 

relate to either momentum or contrarian behaviour. 

 

Like in Table 2, we present regressions both for 1-quarter and 2-quarter horizons and for 

current and lagged revenues. To investigate possible asymmetries, we also present separate 

regressions for buys and sells. 

 

[insert Table 3 about here] 

 

For life insurers, most variables are insignificant in nearly all specifications, the main 

exception being the proportion of unit-linked activities which is significantly negative in most 

cases. Apparently, life insurers tend to follow more contrarian investment strategies if part of 

                                                
8 The VIX measures the implied volatility of S&P 500 index options and is often considered an indicator that 
reflects the market’s expectation of global stock market volatility over the next month. 
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their investment risk is carried by their clients. Furthermore, this result is driven by sells, 

indicating that unit-linked products particularly enhance stabilising behaviour by realising 

capital gains. To the extent that unit-linked products can be related to household investment 

behaviour, this result is consistent with the finding of Grinblatt and Keloharju (2002) that 

households in Finland exhibit stronger contrarian behaviour than other investor types. Size, 

risk profile, return-on-assets and GDP growth have a significantly positive sign in some of the 

regressions – although they are insignificant in most cases – suggesting that these variables 

may discourage contrarian strategies. 

 

Non-life insurers with a volatile loss ratio – reflecting a risky business model – tend to be 

more contrarian. Perhaps, these insurers follow a more stringent rebalancing strategy because 

they believe this reduces their overall risk profile. Like life insurers, return on assets and GDP 

growth stimulates momentum behaviour in some of the regressions. Finally, it is striking that 

the impact of the VIX index is asymmetric: for buys this variable is negative – consistent with 

life insurers – while for sells it is positive. Hence, in turbulent times non-life insurers are more 

willing to buy assets that have declined in value, while they are less willing to realise capital 

gains by selling assets. We do not have a clear explanation for this asymmetry; to some 

extent, it may reflect that financial positions are more resilient when stock markets are 

relatively stable, which creates more scope for insurers to raise their risk profile through a 

growing exposure to equity. 

 

For pension funds, the negative impact of the VIX volatility variable suggests that contrarian 

trading is stronger during periods of market stress. This may be largely due to the early part of 

the sample, when stock prices collapsed and pension funds massively purchased stocks (see 

Graph 2). This implies that the pension sector’s stabilising role is strongest when this is 

needed most. 

 

It is interesting that some variables do not have any explanatory power in most regressions. 

This is particularly the case for the proportion of foreign investments and for investors’ 

financial positions. Regarding foreign exposures, only two of the specifications for pension 

funds have a significant coefficient, indicating momentum behaviour for buys and contrarian 

behaviour for sells. For insurers, the finding that the financial position does not play a role 

may reflect that the solvency ratio as reported to the supervisor does not capture their own 

assessment of their financial position. De Haan and Kakes (2007) conclude that Dutch 
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insurers in general do not consider official solvency requirements a binding restriction, which 

is also illustrated by the fact that they typically hold two to three times the regulatory 

minimum (see Table 1). Pension funds are more likely to be guided by their funding ratio, but 

they also have more flexibility to deal with set-backs than insurers – e.g. by raising premiums 

or suspending indexation – which may enable them to pursue a rebalancing strategy that is 

unaffected by their financial position most of the time. 

 

 

5. Robustness checks 

 

We performed two robustness checks (not reported, but available from the authors). First, we 

repeated the analysis with a momentum measure based on four asset categories, adding liquid 

assets – deposits, short-term credit and cash – as a separate class. We do not have flow data 

for this category, but revaluations per quarter would probably be close to zero. For this 

reason, and because the relatively small proportion of these assets, the results indicate that the 

impact on Mt  is modest and the regression results are virtually the same. 

 

Second, we repeated the analysis using market data on revaluations instead of the firm-

specific data from our dataset. For equity, fixed income and real estate we used, respectively, 

the global MSCI stock market index, a proxy for fluctuations in bond prices and the ROZ real 

estate index.9 These proxies are inferior to the ones we used as they do not take into account 

differences across investors. For instance, the MSCI index gives a biased picture of equity 

performance for firms that invest in non-listed equity; our bond yield indicator does not take 

into account differences in duration and credit risk, and the ROZ indicator is only relevant for 

Dutch real estate. Nonetheless, it is useful to carry out this robustness check as we do not 

know how reliable the revaluation data are, while investors may also consider broader market 

indicators. Simple correlations show that the MSCI index is highly correlated (71%) with the 

median equity performance in our dataset, followed by the bond yield proxy (31%) while the 

ROZ is not significantly correlated (2%) with our data.  

 

                                                
9 The bond yield proxy is based on the assumption that a one percent increase (decrease) in long-term interest 
rates leads to a five percent decline (rise) in bond prices. The ROZ index is an overall index of Dutch real estate 
investments, published annually by the Raad Onroerende Zaken; we translated this into quarterly observations 
using a spline function. 
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The results are very similar to our initial findings for pension funds, but somewhat different 

for insurers. In contrast with our results in Table 2, the mean value of the momentum measure 

of both life and non-life insurers is not significantly different from zero for most 

specifications. However, these overall mean values mask the fact that the momentum measure 

fluctuate over time, similar to the pattern in Graph 2. In most regressions with explanatory 

factors, the VIX impact now has a significantly negative sign for life insurers and a positive 

sign for non-life insurers. This suggests contrarian behaviour by life insurers in turbulent 

times, in line with pension funds. Non-life insurers are more likely to show momentum 

behaviour in such periods, but because their total assets are modest compared to the other two 

categories (see Table 1), the overall conclusion remains that institutional investors have a 

stabilising impact in markets when this is needed most.  

 

 

6. Conclusion 

 

We analyse investment behaviour of three types of institutional investors – life insurers, non-

life insurers and pension funds – using a quarterly dataset not only including balance sheet 

data but also flow data on active trading and cash flows. Overall, our results indicate that all 

three types of investors tend to be contrarian rather than momentum traders. Investors’ 

behaviour is not constant over time, however, nor is it the same for all institutions within one 

sector. Contrarian investment responses are most pronounced when selling assets, i.e. 

following capital gains. Pension funds show the strongest contrarian behaviour in the most 

turbulent part of the sample, implying that these institutions have a stabilising impact when 

this is needed most. Life insurers tend to be more contrarian traders when they have a high 

proportion of unit-linked policies, while non-life insurers are more contrarian when they have 

a relatively risky business model. Non-life insurers show the least contrarian behaviour. In 

view of their relatively small size, however, the overall investment behaviour of Dutch 

institutional investors can be designated as being contrarian. Insofar as these outcomes are 

representative for the insurance and pension industry worldwide, this would imply that 

institutional investors are a stabilising factor in asset markets.  

 



 12 

References 

 

Badrinath, S.G. and S. Wahal (2002), Momentum trading by institutions, Journal of Finance 
57(6), 2449-2478. 
 
Bikhchandani, S. and S. Sharma (2000), Herd behaviour in financial markets, IMF Staff 
Papers 47(3), 279-310. 
 
Bikker, J., D. Broeders en J. de Dreu (2009), Stock market performance and pension fund 
investment policy: rebalancing, free float or market timing?, International Journal of Central 
Banking, forthcoming. 
 
De Haan, L.,  and J. Kakes (2007), Are non-risk based capital requirements for insurance 
companies binding? DNB Working Paper, No. 145. 
 
Curcuru, S.E., C.P. Thomas, F.E. Warnock and J. Wongswan (2009), U.S. international equity 
investment and past and prospective returns, mimeo. 
 
Ferson, W. and K. Khang (2002), Conditional performance measurement using portfolio 
weights: evidence for pension funds, Journal of Financial Economics 65, 249-282. 
 
Grinblatt, M. and M. Keloharju (2000), The investment behaviour and performance of various 
investor types: a study of Finlands’s unique data set, Journal of Financial Economics 55, 43-
67. 
 
Grinblatt, M. and M. Keloharju (2001), What make investors trade?, Journal of Finance 
56(2), 589-615. 
 
Grinblatt, M., S. Titman and R. Wermers (1995), Momentum investment strategies, portfolio 
performance, and herding: a study of mutual fund behaviour, American Economic Review 
85(5), 1088-1105. 
 
Kakes, J. (2008), Pensions in a perfect storm: financial behaviour of Dutch pension funds 
(2002-2005), Applied Financial Economics Letters, 4(1), 29-33. 
 
Lakonishok, J., A. Sheifer and R.W. Vishny (1992), The impact of institutional trading on 
stock prices, Journal of Financial Economics, 32, 23-43. 
 
Odean, T. (1998), Are investors reluctant to realize their losses?, Journal of Finance 53(5), 
1775-1797. 
 
Nofsinger, J.R. and R.W. Sias (1999), Herding and feedback trading by institutional and 
individual investors, Journal of Finance 54(6), 2263-2295. 
 
Rubbaniy, G., I.P.P. van Lelyveld and W.F.C. Verschoor (2010), Herd behaviour and trading 
of Dutch pension funds, mimeo. 
 
Sias, R. W. (2004), Institutional herding, Review of Financial Studies 17(1), 165-206. 
 



 13 

Appendix 1 Survey data 

 

We use data from a quarterly survey that was carried out by Statistics Netherlands and De 

Nederlandsche Bank, which consists of three types of data: 

- A detailed balance sheet of pension assets and liabilities. Assets include listed and 

nonlisted shares, real estate, fixed income (bonds, loans) and deposits. These can be 

further split into subcategories: by counterparty (corporate sector, government, 

households) and domestic versus foreign investments. Our dataset does not include off-

balance sheet exposures, such as derivatives. 

- Flow data of the main investment categories. These are split into transactions and other 

changes (mainly changes in valuation). 

- Costs and benefits, including contributions received and benefits paid (i.e. insurer claims, 

pension benefits). Pension contributions include both regular premiums and ad hoc 

contributions by the sponsor. 

 

These data are available on a quarterly basis over the period 2002-2005, after which the set-up 

of the survey was changed. A subset is available from 1999 onwards. The survey does not 

cover all insurers and pension funds, although all the large institutions are included. In 

addition, insurers are part of the same financial group often report identical data, scaled by 

their total assets. In these cases, we only include the largest entity. Comparing the institutions 

we use in our calculations to the official aggregate figures for 2005Q4, life insurers, non-life 

insurers and pension funds account for, respectively, 73, 61 and 74 percent of total assets in 

their sectors. 
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