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EXECUTIVE SUMMARY 

The increasing awareness of factors and growing popularity of factor investing have 

heightened the potential for crowding in factor strategies. Occasional but significant 

drawdown events in factor performance have highlighted the need for and potential value 

of a robust model of factor crowding that can alert investors to growing crowdedness in 

factor strategies.  

We introduce the MSCI Integrated Factor Crowding Model to quantitatively assess the 

degree of crowding in factor strategies. The model examines crowding from multiple 

dimensions using a range of metrics, combining these into one standardized measure of 

factor crowding. Institutional investors can use the model to compare crowdedness across 

factors at a given point in time, to assess the crowdedness of one or more factors over time 

and to gain insight into the most important drivers of crowding. The model is designed to 

help investors make timely decisions on their positioning in potentially crowded or 

uncrowded factors. 

The metrics we use are based on an intuitive model of the implications when too much 

capital chases the same strategies. The metrics are based on holdings, pricing and return-

based information, and include valuation spreads, short interest spreads, pairwise 

correlations, relative volatility and factor momentum. Our research indicates that each 

metric has implications for future factor volatility and performance. We also find that factors 

that appear crowded on our model had a much higher frequency (over seven times higher) 

of significant drawdowns in factor performance over the subsequent 12 months than factors 

that did not appear crowded. 
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INTRODUCTION  

A number of extreme market events, such as the failure of Long-Term Capital Management 

in 1998, the tech bubble and burst of the late 1990s and early 2000s, the quant crunch of 

August 2007 and the extreme drawdown in momentum factor performance during the 2009 

post-crisis market rebound, have heightened interest in and awareness of crowding and 

other drivers of extreme factor performance from both academics and practitioners. These 

events were driven at least in part by too much capital chasing, or liquidating, the same 

strategies – essentially strategy crowding.   

A related issue is strategy capacity. While both capacity and crowding are concerned with 

the implications of how much capital is following a given strategy, we distinguish capacity 

from crowding in that capacity is more concerned with the impact of the level of allocated 

capital on the overall long-term expected risk and return of a strategy (Alighanbari and 

Doole, 2018) whereas crowding is more concerned with crisis dynamics and a strategy’s 

behavior in tail events. Because the absolute amount of capital following a given strategy is 

difficult to estimate, most measures of crowding are constructed on a relative basis. For 

example, previous measures of crowding have included: 

 How expensive a particular group of securities is relative to their history or another 

reference group 

 How correlated a group of securities or funds is relative to their past 

 How heavily owned by institutions a group of securities is relative to their history or 

another reference group 

The MSCI Integrated Factor Crowding Model builds on our earlier research in crowding 

(Bayraktar, 2015a). Most crowding research has focused on measures derived from two 

angles – holdings and pricing or returns. Holdings-based information can be obtained from 

regulatory filings of institutions, such as the U.S. Securities and Exchange Commission Form 

13F, or other publicly available sources, such as securities-lending data for short interest.  

HOLDINGS-BASED ANALYSIS 

Using a holdings-based analysis, Gustafson and Halper (2010) examined correlations in 

active returns and holdings of a sample of 33 funds over the 1992-2009 period and found 

significant variation in the rolling correlation of active returns but no secular trend. Chue 

(2015) examined returns of mutual funds and found that those top-performing funds whose 

performance was highly correlated to the average top-performing fund tended to perform 

more poorly henceforth than top-performing funds whose performance was more 

idiosyncratic or more correlated to poor-performing funds. Chue suggests that crowding 
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could be a driver of the subsequent degradation in performance among the top-performing 

“conformist” funds that behaved similarly. Zhong et al. (2017) used mutual-fund holdings 

data to construct a security-level, mutual-fund crowding measure, defined as the shares 

owned by active mutual funds normalized by average trading volume. They found that the 

least crowded stocks produced significant positive abnormal returns while the most 

crowded stocks produced negative abnormal returns. Greenwood and Thesmar (2011) 

constructed a crowding or “fragility” measure based on mutual-fund positions and flows. 

Their measure is high when ownership is concentrated or when owners face correlated 

liquidity shocks, and they find that it is predictive of future volatility.  

A number of studies have also used short-interest data to measure crowding. For example, 

Hanson and Sunderam (2014) used short-interest data to infer the level of “arbitrage 

capital” following a given factor strategy by calculating the difference in short interest 

among bottom decile stocks of a factor compared to top decile stocks, controlling for 

common risk factors. They found that the level of arbitrage capital had a negative 

relationship with future factor returns.  

While holdings data have the intuitive appeal of providing more direct measures of 

investment in a security or strategy, a drawback is that these data are often updated 

infrequently and have a significant lag in availability. For example, 13 F filings are reported 

only quarterly, and the reporting deadline is 45 days after quarter-end. Other public 

holdings data, such as for short interest, are available at a higher frequency and with less 

delay.   

PRICING OR RETURN-BASED ANALYSIS  

Although pricing and return-based crowding metrics are more indirect measures, they can 

be updated more frequently and with no lag between measurement and reporting. 

However, some metrics, such as return correlations, require history to calculate. Intuitively, 

one might expect that as a strategy becomes more crowded the stocks tied to that strategy 

will increase their tendency to move together (correlation), and that their movements may 

become more volatile. In this vein, Lou and Polk (2013) examined correlations of top- and 

bottom-decile stocks of the momentum factor, and found future momentum returns were 

lower when correlations were high. Wang and Xu (2015) found that market volatility has 

predictive power in the performance of momentum, largely driven by the performance of 

the low momentum stocks. Conceptually, it is intuitive that turning points would be defined 

by high volatility, as changes in views or sentiment drive increased volatility. Daniel and 

Moskowitz (2016) examined momentum returns from 1926 to 2013, focusing on periods of 

severe underperformance, and also found that high market volatility was associated with 

poor future momentum performance.  
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In addition, one would expect crowding in a strategy to drive differences in valuation 

between stocks that are crowded and those that are not. To capture this effect, many 

studies have examined differences in valuation between top- and bottom-rated stocks of a 

factor, finding such differences to be indicators of future factor performance. For example, 

Asness et al. (2000) used a composite based on Book/Price (B/P), forecasted Earnings/Price 

(E/P) and Sales/Enterprise Value (S/EV) along with a forecast growth spread between top- 

and bottom-decile value stocks, and found both spreads in value and forecast growth had 

power in forecasting future value factor performance. Similarly, Cohen et al. (2003) found 

that the return of the B/P (HML) factor is predictable by the HML value spread. Recently, 

Yara et al. (2018) examined the relationship of the value spread to value factor returns in 

equities, commodities, currencies and bonds, and found that returns to value strategies 

could be predicted to some extent by the value spread across all the asset classes. In 

creating our crowding measures, we have leveraged many of these studies, along with our 

own research, to create an integrated model of factor crowding. 

MSCI FACTOR CROWDING METRICS 

The MSCI Integrated Factor Crowding Model brings together five measures of factor 

crowding, incorporating both holdings-based and return- and pricing-based metrics. The five 

metrics are each standardized in a time-series framework and then combined in a weighted 

average to create the final integrated score. For each metric, we examined its relationship 

with future factor returns and volatilities over the subsequent 2-year period, divided into 

four 6-month segments. We defined each metric such that large positive values indicate 

crowding; based on our conceptual model, we expect to observe negative correlations with 

future factor returns and positive correlations with future factor volatilities. In this beta 

version of the model, we examine factor crowding in the U.S. market using the MSCI Barra 

US Total Market Model (USTMM) factors (Bayraktar et al., 2015b). The five metrics are: 

Metric Description 

Valuation spread Valuation of top vs. bottom quintile stocks of a factor, combining  

B/P, Sales/P, and forecasted E/P 

Short Interest spread Difference in short interest utilization ratio of bottom vs. top 

quintile stocks of a factor 

Pairwise correlation Average return correlation of stocks in top and bottom quintiles 

of factor to corresponding quintile average portfolio 

Factor volatility MSCI Barra model forecast factor volatility relative to forecast 

market volatility 

Factor reversal Cumulative trailing factor return over last 36 months 
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VALUATION SPREAD  

Because large amounts of capital chasing a group of securities will result in them becoming 

more expensive than others that are not as crowded, valuation spread is an intuitively 

appealing metric. In our model, this metric measures the degree to which the top quintile 

stocks of a factor are expensive relative to the bottom quintile. The valuation spread 

measure of crowdedness will increase as top quintile stocks become more expensive relative 

to bottom quintile stocks. Specifically, we calculate the median B/P, Sales/Price (S/P) and 

forecast E/P among both the top and bottom quintile stocks of a factor, and then calculate 

the ratio or difference between the two. For B/P, we calculate the natural log of the ratio of  

(median B/P in bottom quintile of factor) / (median B/P in top quintile of factor) 

In this formulation, large positive values are associated with relatively high degrees of 

crowding in the factor, as the denominator will be small relative to the numerator. We use 

the ratio of bottom quintile B/P to top quintile B/P, rather than the arithmetic difference, 

because the difference will be sensitive to overall market valuations, but the ratio will not. 

We use the same formulation with the S/P valuation ratio.  However, because earnings yield 

can theoretically become negative or near zero, we use the difference for the forecast E/P 

valuation ratio. Specifically, we calculate    

(median E/P in bottom quintile of factor) - (median E/P in top quintile of factor) 

We standardize each valuation spread using its own cumulative time series up to the given 

time, and then take the equal-weighted average of the three as the valuation spread metric 

for a given factor. We use median values rather than the mean, to prevent outliers from 

significantly influencing the standardization process. This is particularly important for B/P 

and earnings yield. Exhibit 1 below plots the correlations between the valuation metric and 

future factor returns and volatility.  
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Exhibit 1: How the Valuation Crowding Metric Correlated with Future Factor Returns and 
Volatilities 

 

Sample period is 1996-2017, U.S. universe. We measure correlations in four 6-month horizons.  

For most of the high volatility factors – momentum, value, earnings yield, size, beta and 

residual volatility – the valuation metric had a fairly strong negative correlation with future 

factor returns over the first (0-6 months) and second (7-12 months) 6-month periods, and 

then decayed as we looked farther out in time, as one would expect. The relationships with 

future factor volatility were not as consistent with this metric.  

 

SHORT INTEREST SPREAD 

The short interest spread metric measures the difference in short interest, as measured by 

utilization rate (shares shorted divided by shares available to short), between the bottom 

and top quintile stocks of a factor, accounting for differences in shorting due to value, size 

and momentum factors. Heavy shorting in the bottom quintile relative to the top quintile 

will cause a high short interest crowding score. Because hedge funds account for a large 

fraction of short interest, heavy shorting in bottom quintile stocks is a potential indicator 

that hedge funds may be heavily invested in that factor. We implemented the same 

formulation as described in Bayraktar et al. (2015a), which is based on Hanson and 

Sunderam (2014). We performed a cross-sectional regression in which we regressed stock-

level short interest utilization rate on a set of quintile dummy indicator variables for the 

factor of interest and the size, value and momentum factors, as shown on the next page. 
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𝑆𝐼 = 𝑎𝑓𝑎𝑐𝑡𝑜𝑟+ 𝑘𝑄1,𝑓𝑎𝑐𝑡𝑜𝑟𝐼𝑄1,𝑓𝑎𝑐𝑡𝑜𝑟 + ⋯ + 𝑘𝑄5, 𝑓𝑎𝑐𝑡𝑜𝑟𝐼𝑄5,𝑓𝑎𝑐𝑡𝑜𝑟 + 

                    + 𝑘𝑄1,𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚𝐼𝑄1,𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 + ⋯ + 𝑘𝑄5, 𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚𝐼𝑄5,𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚 + 

                    + 𝑘𝑄1,𝑣𝑎𝑙𝑢𝑒𝐼𝑄1,𝑣𝑎𝑙𝑢𝑒 + ⋯ + 𝑘𝑄5, 𝑣𝑎𝑙𝑢𝑒𝐼𝑄5,𝑣𝑎𝑙𝑢𝑒 + 

                    + 𝑘𝑄1,𝑠𝑖𝑧𝑒𝐼𝑄1,𝑠𝑖𝑧𝑒 + ⋯ + 𝑘𝑄5, 𝑠𝑖𝑧𝑒𝐼𝑄5,𝑠𝑖𝑧𝑒 

𝑆ℎ𝑜𝑟𝑡 𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑠𝑝𝑟𝑒𝑎𝑑 = 𝑘𝑄1,𝑓𝑎𝑐𝑡𝑜𝑟 − 𝑘𝑄5,𝑓𝑎𝑐𝑡𝑜𝑟 

 

where the IQN are indicator variables for the Nth quintile of the given factor and SI is the short 

interest utilization rate. The raw value of our metric is then calculated as the difference 

between the regression coefficient of the bottom and top quintile dummies for the factor of 

interest. In the regression, we also omitted the middle quintile for the factor of interest. We 

used data over the trailing 63 trading days to reduce noise and increase the stability in our 

regression coefficients. 

We standardized the raw short interest spread using the time series of the metric for each 

factor, employing an expanding cumulative window at each point in time. We used a factor-

specific mean in the standardization but a global standard deviation (average standard 

deviation over all factors), to preserve a degree of absoluteness in the metric. In this way, 

the standardized value preserves the relative magnitude in de-meaned short interest 

spreads across factors. Exhibit 2 below displays the correlations between the short interest 

spread metric and future factor returns and volatilitiy. 
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Exhibit 2: How the Short Interest Crowding Metric Correlated with Future Factor Returns 
and Volatilities 

 

Sample period is 2007-2017, U.S. universe. Our short interest data history, and thus also our short interest 

spread crowding metric history, starts in 2007. We measure correlations in four 6-month horizons.  

 

As with the valuation spread metric, we observe fairly consistent negative correlations with 

future factor returns among the high volatility factors, which are more prone to crowding.  

PAIRWISE CORRELATION 

This metric measures the degree to which stocks of the top or bottom quintile of a factor 

move together, after accounting for movements due to the market, size, beta and residual 

volatility factors. If a factor is being heavily followed by investors, stocks with very high 

exposures to the factor will, in theory, tend to move together, as will stocks with very low 

exposure to the factor. This will cause high average pairwise correlation. For this metric, we 

implemented the same formulation as described in Bayraktar et al. (2015a), which is based 

on the framework of Lou and Polk (2013). 

In this metric, we select the top quintile securities of a factor and for each security we 

measure its correlation with the top quintile average return, excluding the individual stock, 

using the past 63 trading days of daily returns. We do the same for the bottom quintile. We 

use specific returns, accounting for the standard risk factors of market, size, beta and 

residual volatility. We calculate the average pairwise correlation of the top and bottom 

quintiles separately, and then take the average of the two quintiles to create the raw value 
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of the pairwise correlation metric for a given factor. We standardize the metric for each 

factor using a factor-specific mean and global standard deviation (average standard 

deviation over all factors) employing an expanding cumulative window at each point in time. 

Exhibit 3 below displays the relationships of the pairwise correlation metric with future 

factor returns and volatility.  

Exhibit 3: How the Pairwise Correlation Crowding Metric Correlated with Future Factor 
Returns and Volatilities 

 

Sample period is 1996-2017, U.S. universe. We measure correlations in four 6-month horizons.  

 

FACTOR VOLATILITY 

The relative volatility metric measures the degree to which a factor’s expected volatility is 

unusually high or low for the given market environment. If large amounts of capital are 

following a factor, the swings in factor returns are likely to increase, particularly if the factor 

reaches a turning point or sentiment starts to shift. Specifically, our relative volatility metric 

is defined by the Barra USTMM forecast factor volatility divided by the forecast volatility for 

the market factor. We normalized by the current market volatility so that the metric 

measures expected factor volatility after accounting for general market volatility. We 

standardized the metric for each factor using a time-series framework with an expanding 

cumulative window at each point in time. 
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As we know that volatility tends to cluster or exhibit serial correlation, we might expect the 

relative volatility metric to be positively correlated with future factor volatility. That is 

indeed what we observe, as Exhibit 4 shows. 

Exhibit 4: How the Factor Volatility Metric Correlated with Future Factor Returns and 
Volatilities 

 

Sample period is 1996-2017, U.S. universe. We measure correlations in four 6-month horizons.  

 

Nearly all the correlations with future factor volatilities were positive for each of the 6-

month horizons. The correlation decayed as we moved beyond the first 12 months. We 

would expect decay in the correlation at some point, and it is notable that it takes about 12 

months before it declines significantly. Again, as with valuation spread and short interest 

spread, largely negative correlations with future factor returns occurred, particularly for the 

most volatile factors.  

FACTOR REVERSAL 

Because investors have a tendency to chase past performance, a factor that has done very 

well for some time is likely to have accumulated large amounts of capital. This performance 

chasing may initially provide a tailwind for factor performance, but eventually may set the 

stage for a drawdown or mean reversion when views or positioning change. Exceptionally 

strong performance does not typically last forever. For our factor reversal metric, we used a 

3-year trailing window, which is consistent with the timeframe on which performance is 

evaluated for many funds. The phenomenon of long-term (3-5 year) reversal has been well 
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known at the security level for some time (De Bondt and Thaler, 1985). Thus, our factor 

reversal metric is essentially the long-term reversal analog for factors. As with the other 

metrics, we standardized the factor reversal metric using a time-series framework. We 

standardized the raw trailing 3-year return for each factor using a factor-specific mean and 

global standard deviation (average standard deviation over all factors), employing an 

expanding cumulative window at each point in time. 

In Exhibit 5, we show the correlations of the reversal factor crowding metric with future 

factor returns and volatilities. Once again, we see that among the high volatility factors, 

most of the correlations with future factor returns were negative, while those with future 

factor volatility were mostly positive.  

Exhibit 5: How the Factor Reversal Crowding Metric Correlated with Future Factor Returns 
and Volatilities 

 

Sample period is 1996-2017, U.S. universe. We measure correlations in four 6-month horizons.  

 

THE INTEGRATED SCORE 

We combined the standardized values of the five metrics to produce the final integrated 

factor crowding score, which is not re-standardized. To summarize the relationships of the 

crowding metrics with future factor returns and volatility, we averaged the correlations of 

the high volatility factors and consolidated all the metrics, along with the integrated score, 

in Exhibit 6. The peak correlation with future factor returns and volatility generally occurred 
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at the 7-12 month horizon, indicating that crowding continued to build for some time before 

a reversal occurred. 

 

Exhibit 6: Average Correlations of the Integrated Crowding Score and Individual Metrics 
with Future Factor Returns and Volatilities 

 

Sample period is 2007-2017 for the short interest metric and 1996-2017 for all others, U.S. universe. 

Correlations are averaged over the six highest volatility factors — momentum, value, earnings yield, size, 

beta and residual volatility.  

BEYOND CORRELATION 

Because concerns about crowding are focused on the potential for extreme events, we have 

examined the frequency of large drawdowns in factor returns as a function of our integrated 

crowding score. We calculated the frequency of a factor experiencing a 5% or larger 

drawdown over the next year when the integrated score was in six different ranges:  

 less than -1  

 -1 to -0.5 

 -0.5 to 0  

 0 to 0.5  

 0.5 to 1  

 greater than 1  

Integrated crowding scores of -1, -0.5, 0, 0.5 and 1 correspond approximately to the 7th, 20th, 

50th, 80th and 93rd percentiles, respectively.  We see in Exhibit 7 that the frequency of a 5% 

or larger drawdown in factor return in the next year is approximately 23% when the 
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crowding score is above 1 — 7.5 times the frequency of 3% when the score is less than 0.5. 

We found very similar results when we conducted the same analysis in a z-score framework 

by normalizing the factor drawdown by trailing factor volatility. This showed that the high 

frequency of drawdown at high crowding scores was not driven by high volatility factors 

dominating the high crowding scores. In fact, high volatility factors were over-represented in 

both the very low (negative) and very high crowding score buckets. We have also examined 

other drawdown thresholds (e.g., 2%, 10%) and time horizons (e.g., 6, 18, 24 months) and 

found qualitatively similar results.  

 

Exhibit 7: Frequency of 5% or Larger Drawdown in Factor Return over next Year vs. 
Integrated Crowding Score 

 

 

Sample period is 2007-2017 and includes all long-term factors from the Barra USTMM . Drawdown is defined 

as lowest value of cumulative factor return in next 12 months relative to the value on the evaluation date. 

 

We have also compared how the behaviors of crowded and uncrowded factors tended to 

evolve over time, using a more continuous framework. At each date, we grouped the factors 

into three categories – crowded, uncrowded and neutral – based on their integrated 

crowding scores. Factors with an integrated score above 0.5 were included in the crowded 
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category, those with scores below -0.5 were classed as uncrowded and those between -0.5 

and 0.5 as neutral.  

Exhibits 8 and 9 show that, on average, returns from the crowded and uncrowded factors 

initially diverged, a trend that peaked after about six months. As we moved farther out in 

time, the factor returns tended to converge, as expected. We observed similar behavior for 

volatility. Exhibit 9 indicates that the crowded factors tended to have the highest volatility, 

which peaked about six months after the formation date. Interestingly, the uncrowded 

factors had the next highest volatility, while the neutral factors had the lowest. This 

phenomenon was driven in part by higher volatility factors tending to have more extreme 

crowding scores and therefore dominating both the “crowded” and “uncrowded” 

categories. Nevertheless, we still observed gradual convergence in volatility for all three 

groups over time, consistent with the pattern for factor returns. 

 

Exhibit 8: Returns for Crowded, Uncrowded and Neutral Factors over Next 24 Months 

 

Sample period is 1996-2017. Data includes all long-term factors from the Barra USTMM.  
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Exhibit 9: Volatility for Crowded, Uncrowded and Neutral Factors over Next 48 Months 

 

Sample period is 1996-2017. Data includes all long-term factors from the Barra USTMM. Factor volatility is 

defined as standard deviation of factor returns in given month.  

 

A CLOSER LOOK AT MOMENTUM 

From a crowding perspective, momentum is arguably the most interesting factor, given that 

it has been subject to some of the most severe drawdowns and extreme levels of crowding, 

as measured by our metrics. Exhibit 10 plots the time series of standardized crowding scores 

along with the integrated score and cumulative factor return of this factor since 1998.  
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Exhibit 10: MSCI Factor Crowding History for the Momentum Factor 

 

History of the individual MSCI factor crowding metrics (top panel) and Integrated score with cumulative 

factor return (bottom panel) for the momentum factor. Notable points in market history – Feb. 1, 2000 (tech 

bubble); Aug. 1, 2008 (pre-financial crisis); Dec. 31, 2015 (pre-2016 momentum drawdown) – are marked by 

thick dashed lines.  

 

The behavior of the metrics during significant market events provides insights into investor 

positioning during those periods. For example, in the tech bubble period nearly all the 

crowding metrics, particularly those for valuation spread, factor momentum and relative 

volatility, reached very high values, driving the integrated score to extreme levels as well. 

After the bubble burst, the values of all the metrics declined and the overall score became 

significantly negative, indicating the momentum factor was very uncrowded.  
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Over the following few years, the integrated score remained mainly negative, until crowding 

in the momentum factor began to build up again in 2007. In 2008, prior to the financial 

crisis, the integrated score reached a value close to two, indicating significant crowding. 

When the market rebounded in 2009, the momentum factor crashed. However, the fact that 

the integrated crowding score dropped several months before the momentum factor 

crashed suggests that the momentum crash of 2009 was not driven by crowding. The 

integrated score for momentum generally remained negative or neutral until 2015, when 

the integrated score again rose above one, indicating crowding had built up.  

As of February 2018, the integrated score for the momentum factor was back in the neutral 

zone, close to 0.5. Taking integrated scores of +/-1 to indicate significant levels of 

crowdedness and uncrowdedness, on this date no factor exhibited significant crowding. 

Only the size factor had an integrated score below -1, indicating that large caps were 

significantly uncrowded as measured by our model, with the valuation and short interest 

components the primary drivers of the low score.  

Exhibit 11 displays the integrated crowding score along with the contributions from each of 

the individual metrics for all the long-term factors of the Barra USTMM at a number of 

interesting points in history – during the tech bubble, just prior to the financial crisis, prior to 

the momentum drawdown of Q1 2016, and recently in February 2018. The factors are 

ordered based on the integrated score during the tech bubble. 
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Exhibit 11: MSCI Integrated Factor Crowding Scores and Contributions  
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CONCLUSION 

With the rise of factor investing, institutional investors increasingly have sought to 

understand whether their factor exposures are crowded. Current MSCI Barra equity factor 

risk models are designed to provide insight and detail to help institutional investors 

understand how a portfolio is positioned and what has driven its risk and return. The MSCI 

Integrated Factor Crowding Model is designed to complement the Barra model by providing 

investors with insight into how the rest of the market is positioned with respect to factors. 

The model infers the relative degree of crowdedness in factor strategies by examining a 

robust set of metrics incorporating holdings, pricing and return-based information, which 

are sensitive to large amounts of capital following the same strategies. The model can be 

used to quickly identify where crowding risks may be building and to help investors assess 

whether adjustments to their own exposures are warranted.   

We have examined the relationships of each of the metrics and the integrated score with 

subsequent factor performance, volatility and drawdowns.  While not indicative of future 

events, we found that high levels of crowding in a factor have historically implied greater 

risk of poor performance and higher volatility for that factor thereafter, particularly over the 

subsequent six to 12 months. For the momentum factor, nearly all of the metrics indicated 

high levels of crowding at a number of interesting points in financial history – during the 

technology bubble of the late 1990s, leading up to and during the financial crisis in 2008 and 

at the end of 2015 prior to the momentum drawdown of the first quarter of 2016.  

While it is not possible to be certain about how or when the next crisis or extreme event will 

occur, it is likely that another one eventually will. Some observers have argued that 

crowding has contributed to a number of extreme market events. Investors may want to be 

aware of those occasions when crowdedness (or uncrowdedness) in a factor has become 

extreme. Our crowding model can provide indications of these events.    
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