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Aggregate Excess Demand on Wall Street 1 

Summary 2 

The rational investor behavior and news triggered price change assumed by the Efficient 3 

Market Hypothesis (EMH) could not explain most of asset price variances1,2,3
, suggesting the 4 

need for an alternative theory.  The Behavioral Finance Theory advocates that economic 5 

judgments and decisions in markets are often irrational because of systematic and predictable 6 

psychological bias4. However, due to the lack of measurable investment behaviors, proponents 7 

of the efficient market hypothesis (EMH) argue that irrational behavior could not be reliably 8 

identified and predicted 5 , 6 . Here we show that the price-takers behavior gauged by the 9 

normalized excess demand (NED) can be measured and the results explain most of the 10 

variances of SP500 daily returns over eight years of available data, the remaining variances are 11 

due to price-makers behavior, an influence abstracted out by the Walrasian general equilibrium 12 

theory7,8. The interactions between behaviors of price-takers and price-makers drive market 13 

price fluctuations. For short-term prediction, we demonstrate that detected market makers' 14 

inventory positions often lead to intraday and daily market reversals. For long-term forecasting, 15 

feedback analyses of NED and SP500 data reveal signals of looming plunges and recovery 16 

processes in 2000, 2008, and 2020 market crises.  17 

1. Background  18 

Two core premises set the basis of Neoclassical economics9:constrained utility maximization10 for 19 

microeconomics and the Walrasian general equilibrium theory11 for macroeconomics. The utility 20 

is an ordinal measure of satisfaction, pleasure, or happiness12. The unsettled state of ideas on utility 21 

maximization is manifest in two opposing perspectives among economists, both of which have 22 

been awarded the Nobel Prize in economics13. At one end, proponents of the efficient market 23 

hypothesis (EFH) believe that utility maximization is realized through rational behaviors of 24 

 
1 French, K., and R. Roll, 1986, “Stock return variances: the arrival of information and the reaction of traders,” 
Journal of Financial Economics, 17, 5-26. 
2 Roll, R. W., 1988, “R-Squared,” Journal of Finance, 43, 541-566. 
3 Cutler, D., J. Poterba, and L. Summers, 1989, “What Moves Stock Prices?” Journal of Portfolio Management, 

15(3), 4–12. 
4 Kahneman, D., and A. Tversky, 1979, Prospect theory: An analysis of decision under risk. Econometrica, 47(2), 

263-291. 
5 Fama, E. F., 1998, Market efficiency, long-term returns, and behavioral finance, Journal of Financial Economics, 

49(3), 283-306. 
6 Fama, E. F., 2014, Two pillars of asset pricing, The American Economic Review, 104(6), 1467-1485. 
7 Arrow, K. J. 1959, Towards a theory of price adjustment, in Abramowitz, M. et al. (eds), Allocation of Economic 

Resources, Stanford University Press, p41-51. 
8 Scitovsky, T., 1952, Welfare & Competition, Allen and Unwin, London. 
9 Thaler, R. H., 2015, Misbehaving -The Making of Behavioral Economics, Norton and Company. 
10 Jevons, W. S., 1871, The Theory of Political Economy, 2013, Palgrave Macmillan, UK, Chapter III, p37. 
11 Walras, L., 1900, Elements of Pure Economics, 4th Edition, (1954 American Economic Association). Lesson 11, 

p153. 
12 Bentham. J.,1781 An Introduction to the Principles of Morals and Legislation, Batoche Books (2000). 
13 Committee, Nobel Prize, 2013,”Understand Asset Prices,” Nobel Prize in Economics documents 2013-1, Nobel 

Prize Committee. 
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investors based on expectations about intrinsic values14,15. At the other end, advocators of behavior 25 

finance theory (BFT) assert that irrational decisions influenced by market psychology play a major 26 

role in market instability causing bubbles and crises16,17. In defending the EMH, Fama argued that 27 

irrational behaviors are neither identified nor reliably predicted from historical market data4,5,18. 28 

Indeed, without information on investor behaviors, it is implausible to tag price movements as 29 

consequences of rational or irrational behaviors, let alone predict future movements. Procurement 30 

of such information is theoretically formidable because the aggregate excess demand function, a 31 

gauge of market behaviors, may take arbitrary forms from the assumption of maximizing 32 

individual utilities, as proven by the Sonnenschein–Mantel–Debreu theorem19,20,21. 33 

The Walrasian general equilibrium theory assumes that market equilibrium is established through 34 

“groping”, and would be constantly reestablished after being disturbed22. However, the theory’s 35 

repeated failures to explain and predict market crises, 23 , 24  raised serious questions about its 36 

validity25,26. In contrast, Keynes contends that the market boom and the following collapse are due 37 

to uncertain foresight about the future27. Minsky argued that the capitalist economy is “not a self-38 

correcting system” because it “contains the potential for runaway expansion.”28 It has recently 39 

been shown that Minsky’s Financial Instability Hypothesis29 can be derived from macroeconomic 40 

definitions, making it arguably better grounded in macroeconomics than general equilibrium 41 

theory is in microeconomics 30 . The Walrasian equilibrium model cannot generate systemic 42 

 
14 von Neumann, J. and O. Morgenstern,  1944, Theory of Games and Economic Behavior. Princeton, NJ, Princeton 

University Press (2004). 
15 Fama, E. F., 1970, Efficient capital markets: A review of theory and empirical work. The Journal of 

Finance, 25(2), 383-417. But see also Fama, E. F. and K. R. French (2004). "The Capital Asset Pricing 

Model: Theory and Evidence." The Journal of Economic Perspectives 18(3): 25-46. 
16 Tversky, A., and D. Kahneman, 1974, Judgment under uncertainty: heuristics and biases. Science, 185, 1124-

1131. 
17 Thaler, R. H. (Edit)., 2005, Advances in Behavioral Finance, Vol II. Princeton University Press. 
18 Chicago Booth Review, June 30, 2016, “Are Market Efficient?”, 
http://review.chicagobooth.edu/economics/2016/video/are-markets-efficient 
19Sonnenschein, H. 1973. Do Walras’s identity and continuity characterize the class of community excess demand 

functions? Journal of Economic Theory 6(4),345-354, 
20 Mantel, R. R., 1974, On the characterization of aggregate excess demand, Journal of Economic Theory, 7, 348-

353. 
21 Debreu, G., 1974, Excess demand functions, Journal of Mathematical Economics, 1, 15-21. 
22 Walras, L., 1900, Elements of Pure Economics, 4th Edition, (1954 American Economic Association. P319. 
23 Taleb, N. N., 2007, The Black Swan, The Impact of the Highly Improbable, Random House, New York. 
24 Derman, E., and P. Wilmott, 2009, The Financial Modelers’ Manifesto.  Risk Management, 17, 22-23. 
25 Ackerman, F., 2002, Still dead after all these years: interpreting the failure of general equilibrium theory, Journal 

of Economic Methodology. 9 (2), 119–139. 
26 Lavoie, M., 2015, Post-Keynesian Economics: New Foundations. Edward Elgar Inc., Northampton, MA. P52. 
27 Keynes, J. M., 1936, The General Theory of Employment, Interest, and Money, Macmillan, London. P218 
28 Minsky,H. P., 1975, John Maynard Keynes, McGraw Hill (2008). P11. 
29 Minsky, H. P., 1992, The Financial Instability Hypothesis, Working Paper, No. 74, Levy Economics Institute of Bard 

College, Annandale-on-Hudson, NY 
30 Keen, S., 2020, Emergent Macroeconomics: Deriving Minsky’s Financial Instability Hypothesis Directly from 

Macroeconomic Definitions. Review of Political Economy, 32(3), 342-370. 

http://review.chicagobooth.edu/economics/2016/video/are-markets-efficient
https://www-sciencedirect-com.elib.uah.edu/science/article/pii/0022053174901008
https://en.wikipedia.org/wiki/Frank_Ackerman


3 

 

 

instability because its abstractions pruned essential features of real markets31,32that left no room 43 

for either credit and feedback processes, two crucial mechanisms in historical deep depression and 44 

inflationary episodes33,34. Economists have studied the behavior interactions and feedbacks from 45 

descriptive perspectives such as the herding effect35,36, reflexivity37, adaptive markets38, and 46 

narrative economics39. Nonetheless, quantitative understanding of the feedback process has not yet 47 

been attained, because the behaviors of market participants has not been measurable thus far. 48 

Identifying data that describes the aggregate behaviors of investors and analyzing behavior 49 

interactions and feedbacks in a manner that enables these competing theories to be assessed is 50 

necessary to advance our understanding of financial economics. This essay reports our efforts in 51 

these regards. We have developed a technique to measure aggregate excess demand in a manner 52 

that maximizes power to explain daily SP500 returns. The real-time measured normalized excess 53 

demand (NED) can explain most of the variance of the SP500 daily returns over eight years (2016 54 

observations and counting). Six signals of behavioral feedbacks between demand and supply of 55 

market liquidity that are indicative of future movements are summarized from historical data. For 56 

short-term prediction, we found market makers’ inventory problems are associated with intraday 57 

and daily market fluctuations. For the long-term forecast, the six signals can serve as guidance 58 

indicating consents or conflicts of market participants that shed light on market future directions 59 

such as in the plunges and recovery processes in 2000, 2008, and 2020 market crises. 60 

  61 

2. Model 62 

Paul Samuelson mathematically formulated Walras’s law of supply and demand that the price 63 

changes at a rate proportional to the excess demand by,  
𝑑𝑝𝑑𝑡 = 𝐻[𝐷(𝑝) − 𝑆(𝑝)], where p is the 64 

price, D(p)-S(p) is the excess demand, and H(0)=0, H’>040.  This, however, is a model of a market 65 

mechanism of price takers in which price-making has no role7: it is only “the impersonal forces of 66 

the market.”8 In stock markets however, transactions are executed at stock quotes, the bid price 67 

and the ask price, which are determined by limit orders.  Limit order users are acting as price-68 

makers or liquidity providers whose behaviors have significant impacts on stock price adjustments, 69 

 
31 Minsky, H. P., 1982, Can ‘It’ Happen Again? Essays on Instability and Finance, Armonk, NY:M.E. Sharpe. 
32 Keen, S., 2017, Can We Avoid Another Financial Crisis? Polity.  
33 Friedman, M., and A. J. Schwartz, 1963, Money and Business Cycles, Review of Economics and Statistics, 45(1), 

32-64. 
34 Vague, R. (2019). A Brief History of Doom: Two Hundred Years of Financial Crises. Philadelphia, University of 

Pennsylvania Press. 
35 Thaler, R. H., and C. R. Sustein, 2008, Nudge: improving decisions about health, wealth, and happiness, Yale 

University Press. 
36 Nofsinger, J. R., and R. W. Sias, 1999, Herding and Feedback Trading by Institutional and Individual Investors, 

Journal of Finance 54, 2263–2295. 
37 Soros, G., 1994, “The Alchemy of Finance: Reading the Mind of the Market”, John Wiley & Sons. 
38 Lo, A., 2017, Adaptive Markets, Financial Evolution at the Speed of Thought, Princeton University Press. 
39 Shiller, R. J., 2019, Narrative Economics, How stories go viral & drive major economic events. Princeton University 

Press. 
40 Samuelson, P. A., 1941, “The stability of equilibrium: comparative statics and dynamics,” Econometrica, 9, 97-

120. Eq. 11. 
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which is not accounted for by Walrasian excess demand alone41. Detailed market data analyses 70 

show that limit order revisions caused stock price change more often than trades.42 Consequently, 71 

an imbalance between buying and selling sides in limit order books is indicative of the directions 72 

of future market movements43. A significant disparity of limit-sell and -buy orders led to the market 73 

flash crash on May 6, 201044. Hence, the omission of the roles of price-makers in Walrasian theory 74 

precludes interactions and feedbacks between price-takers and price-makers to generate instability. 75 

We add a term M to the price adjustment equation to mend this problem. 76 

 77 

The Walrasian demand has to be homogeneous of degree zero45. Without loss of generality, we 78 

rewrite the equation as: 79 𝑑𝑙𝑛𝑝𝑑𝑡 = 𝐻 [𝐷 − 𝑆𝐷 + 𝑆] + 𝑀                                  (1) 80 

where (D-S)/(D+S) is the normalized excess demand (NED) that describes the aggregate behavior 81 

of liquidity-takers, and M the behavior of liquidity-suppliers. We adopt an approach to retrieve 82 

NED based on equation 1 by maximizing the explanatory power of NED to daily SP500 returns.  83 

The approach is conducted through a trial-and-error process, as described in the methodology 84 

section, to obtain NED for six time-horizons: 5-minute, 15-minute, hourly, daily, weekly, and 85 

monthly.  Based on the available data we have, the three intraday NEDs are from April 30, 2013, 86 

to the present and the other three NEDs cover the period of 1999-present.  87 

 88 

Since large price changes are associated with illiquidity caused by order revision and 89 

cancellations,46 which are behaviors of price-makers, we expect that the explanatory power of 90 

market fluctuations by NED would be reduced during a highly volatile period. This is exactly what 91 

we have found in the relation between SP500 daily return and the third-order polynomial of 92 

intraday NED shown in Figure 1. For 1716 trading days from April 30, 2013, to February 24, 2020, 93 

R2 is 75.63%, suggesting that three-quarters of variances of the SP500 daily returns could be 94 

explained by the behavior of price-takers in relatively nonvolatile markets.   95 

However, extending the period by merely 21 days to March 24, 2020, reduced the R2 value 96 

dramatically to 57.88%.  This extended period includes the impact of the panic surrounding the 97 

COVID-19 pandemic when market circuit breakers were triggered four times, which was 98 

unprecedented, even in comparison to the two market crises in 2000 and 2008. 99 

 
41 Asparouhova, E., P. Bossaerts, and C.Plott, 2003, Excess Demand And Equilibration In Multi-Security Financial 

Markets: The Empirical Evidence,  Journal of Financial Markets, 6(1), 1-21. 
42 Easley, D., M. M. Lopez de Prado, and M. O’Hara, 2012, Flow toxicity and volatility in a high frequency world. 

Review of Financial Studies, 25(5), 1457-1493. 
43 Gould, M. D., and J. Bonart, 2016, Queue imbalance as a one-tick-ahead price predictor in a limit order book. 

Market Microstructure and Liquidity, 2(2), 1650006. 
44 CFTC and SEC, 2010, Findings regarding the market events of May 6, 2010. 

https://www.sec.gov/news/studies/2010/marketevents-report.pdf) 
45 Mas-Colell, A., M. D. Whinston, and J. R. Green, 1995, Microeconomic Theory. Oxford University Press.. 
46 Farmer, J. D., L. Gillemot, F. Lillo, S. Mike, and A. Sen, 2004, What really causes large price changes? Quantitative Finance, 

4(4), 383–397. 

https://www.sec.gov/news/studies/2010/marketevents-report.pdf
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The intraday NED shown in Figure 1 is the daily average of all 5-minute NEDs.  The explanatory 100 

power of NED decreases when the time horizon is broadened. For daily averages of 15-minute and 101 

hourly NEDs, the R2 over the same period as in Fig. 1a) reduce to 68.32% and 64.78%, respectively.  102 

For the daily NED, the R2 is further curtailed to only 13.59%. These results are consistent with the 103 

findings by Blume et al.47 and Chordia et al.48. The former found that the correlation between 15-104 

minute return and market order imbalance is 0.81 to 0.86 (R2 0.66 to 0.74), and the latter reported 105 

that the R2 by regression between SP500 daily return and three variables (including market order 106 

imbalance) is 0.247.  107 

 108 

While a mathematical restriction helps generate a variable with maximum explanatory power, the 109 

caveat of such an approach is that the physical meaning of the resultant variable might be 110 

ambiguous, similar to that of the Empirical Orthogonal Function (EOF) or the Principal 111 

Component Analysis (PCA). In our case, both NED and M have impacts on market returns (Eq. 112 

1), the explanatory power might be attributed to the combination of NED and M. The possible 113 

ambiguity behooves us to validate that our NED measures the aggregate behavior of price-takers. 114 

The logic is that when NED=1 (-1), all price-takers are buying (selling), so that market makers are 115 

obligated to sell (buy) to supply liquidity and unwillingly accumulate short (long) inventory.  116 

Hence, the inventory positions of market makers can be revealed by the price range when 117 

NED=± 1.  Due to their limited funds, market makers have to unwind these inventories at a price 118 

better than that when the inventories were accumulated so that they can continue to supply 119 

immediate liquidity49,50.  120 

 121 

 
47 Blume, M., A. Mackinlay and B. Terker, 1989,Order Imbalances and stock price movements on October 19 and 

20, 1987, Journal of Finance 44, 827-848. 
48 Chordia, T., R. Roll, and A. Subrahmanyam, 2002, Order imbalance, liquidity, and market returns, Journal of 

Financial Economics 65, 111-130. Table 5. 
49 Garman, M. 1976. “Market Microstructure.” Journal of Financial Economics, 3(3), 257–275. 
50 Hendershott, T., and M. S. Seasholes, 2007, Market maker inventories and stock prices, The American Economic 

Review, 97(2), 210-214. 

 

Figure 1. Scatter plots of intraday NED (daily average of 5-minute NED) and SP500 daily returns for 

a) 4/30/2013-2/24/2020 and b) 4/30/2013-3/24/2020.  The extended one-month period in b) 

includes 4 circuit breaker triggered events. 18 of the extended-period data are marked by red dots. 
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Therefore, if our retrieved NED describes the aggregate behaviors of price-takers, we can reveal 122 

the inventory positions of market makers when NED=±1 and forecast future market reversals. We 123 

tested the idea using historical intraday data from May 2013 to April 2020 and found that over 90% 124 

of the time within 7 trading days of the inventory fill, the market returned to the inventory price or 125 

better, consistent with the model findings reported in the literature51.  The test results are listed in 126 

the following table. 127 

Based on this finding we launched an experiment of real-time market reversal forecasting started 128 

on May 8, 2020, with specified target prices in a finance forum52.  We use SPY price because its 129 

return is roughly in line with that of the SP500. For significance, we only post reversal price targets 130 

when SPY price was moving away from the target for more than $1 (about 10 points of SP500 131 

index) although it will trim the success rate since all fulfilled small reversals are removed in the 132 

statistics.  Our first forecast on May 8 was a 3.56% drop within three days when the market just 133 

finished a week with a 3.5% surge, which was deemed impossible by the forum participants. The 134 

market went down to the predicted target price on the third day without any news release.  In the 135 

two-month experiment, we predicted 54 reversal targets in 44 trading days with a 90.75% success 136 

rate (49 targets reached within the specified time), including several large market surges and 137 

plunges in a single day not associated with any breaking political or economic news. The success 138 

rate of real-time market reversal forecasting suggests that NED represents the aggregate behavior 139 

of price-takers and that rewinding of market makers’ inventory is a contributing factor regulating 140 

intraday and day-to-day market reversals.  141 

 142 

3. Signals of Behavior Interactions and feedbacks 143 

 144 

 
51 Madhavan, A., and S. Smidt, 1993, An analysis of daily changes in specialist inventories and quotations, Journal of Finance 48, 

1595-1628. 
52 http://hutong9.net/forum.php?mod=viewthread&tid=430972, mouse right click for a poor google translation. 

Table 1. The Success rate of unwinding market makers’ inventories within 7 days during 2013-2020 

  NED=+100% NED=-100% 

Year Short Inventory Unwound % Long Inventory Unwound % 

2013 202 180 89 181 170 94 

2014 223 199 89 199 189 95 

2015 207 189 91 215 197 92 

2016 197 176 89 157 146 93 

2017 91 84 92 67 62 93 

2018 216 195 90 201 179 89 

2019 177 159 90 130 127 98 

Jan-Apr,2020 98 92 90 105 98 93 

Total 1411 1274 90 1255 1168 93 

 

http://hutong9.net/forum.php?mod=viewthread&tid=430972
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Theoretical studies of behavior interactions and feedbacks include information impact53,54,55, and 145 

herding effect 56 , 57 , 58 . However, it is difficult to identify these interactions from price data, 146 

especially in real-time.  In stock markets, price-takers place market orders (or executable limit 147 

orders) that demand liquidity and price-makers submit limit orders that provide liquidity59. Since 148 

market price changes are caused by interactions of price-takers and price-makers, we can analyze 149 

the behavioral interactions once the aggregate behaviors of price-takers are measured by NEDs.  150 

We have summarized six signals that can identify behavioral interactions and infer future market 151 

directions. 152 

The six signals are: 153 

1. Uptrend signal: the ridges and troughs of NED are higher than the previous adjacent ones 154 

during market oscillations, and so too the peaks and valleys of SP500. The signal 155 

indicates that both price-takers and price-makers are optimistic about the market. 156 

2. Downtrend signal: the ridges and troughs of NED are lower than the previous adjacent 157 

ones during market oscillations, and so too the peaks and valleys of SP500. This signal 158 

appears when most market participants are pessimistic. 159 

3. Impending uptrend signal: the trough of NED is lower than the prior adjacent trough 160 

when the corresponding valley of SP500 is higher than the previous one. This is because 161 

the increased selling pressure cannot suppress SP500 due to a large volume of limit-buy 162 

orders at a higher level than the previous low. The signal reveals the market 163 

microstructure remarked in Arrow (1959), which has been used to predict market 164 

directions60,61. 165 

4. Looming downtrend signal: the ridge of NED is higher than the preceding adjacent ridge, 166 

while the corresponding peak of SP500 is lower than the previous one. This is a signal 167 

similar to signal 3 but in an opposite direction. 168 

5. A downturn signal at an all-time market high: NED value is significantly below 100% at 169 

an all-time market high. The low NED value reflects that massive selling activities occur 170 

at market peaks, revealing actions of informed traders before the spread of private 171 

information.  172 

6. A recovering signal at a new market low: NED value is above -100% when SP500 173 

reaches a new low level. The raised NED value indicates that informed investors start to 174 

buy at a low price. 175 

 176 

 
53 Kyle, A., 1985. Continuous auctions and insider trading. Econometrica, 53(6), 1315–1335. 
54 Holden, C, and A, Subrahmanyam, 1992, Long Lived Private Information and Imperfect Competition, Journal of 

Finance, 47 (1), 247-270, 
55 Madhavan, A, 1992, Trading Mechanisms in Securities Markets, Journal of Finance, 47(2), 607-642. 
56 Shiller, R., 1984, Stock prices and social dynamics, Brookings Papers on Economic Activity 2, 457-510. 
57 De Long, J. B., A. Shleifer, L. H. Summers, and R. J. Waldmann, 1990, Noise trader risk in financial markets, 

Journal of Political Economy 98, 703-738. 
58 Nofsinger, J., and R. W. Sias, 1999, Herding and Feedback Trading by Institutional and Individual Investors, 

Journal of Finance, 54(6), 2263-2295. 
59 Hopman, C., 2007, Do supply and demand drive stock prices? Quantitative Finance, 7(1), 37-53. 
60 Gould, M. D., and J. Bonart, 2016, Queue imbalance as a one-tick-ahead price predictor in a limit order book. 

Market Microstructure and Liquidity, 2(2), 1650006. 
61 Cartea, A., R. Donnelly, and S. Jaimungal, 2018, Enhancing trading strategies with order book signals, - Applied 

Mathematical Finance, 25(1), 1-35. 
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The first and second signals reflect positive feedbacks between price-takers and price-makers 177 

that may lead to overreactions and market instabilities. Signals 3 and 4 reveal different 178 

perceptions and behaviors of market participants that cause an imbalance in limit-order books.  179 

The last two signals are related to market sentiment reversals after excessive optimism and 180 

pessimism62,63. 181 

4. Short-term Prediction 182 

 183 

It is a consensus that while there is some predictability for medium and long-term market reversal, 184 

there is no predictability at all in the short-term (intraday and daily) horizon64. We have shown 185 

short-term predictability based on the market makers' inventory problem. In this section, we will 186 

show that market directions of different horizons are inferable by the six signals. 187 

 188 

4.1 Intraday Fluctuations 189 

 190 

Figure 2 shows SP500 191 

on Oct. 28, 2016, at five-192 

minute intervals with 193 

NED_5 (hollow circle) 194 

and NED_15 (short bar) 195 

for five- and fifteen- 196 

minute horizons, 197 

respectively. 198 

Before 10:30, the 199 

market was in an 200 

uptrend from signal 1. 201 

NED-5 reached +1, and 202 

NED-15 was highest 203 

around 10:30 when 204 

SP500 rose to the peak, 205 

suggesting that price-206 

takers and price-makers 207 

were both euphoric. 208 

Between 10:30 and 12:30, SP500 moved sideways, and NED_5 was oscillating, but NED_15 209 

started decreasing. When SP500 reached the all-time high of the day around 12:50, NED_5 and 210 

NED-15 were not at their high points as they did around 10:30, implying conflict behaviors among 211 

traders.  The decreasing NED_5, especially NED_15, reveals that increased sell orders were 212 

 
62 DeBondt, W. and R. Thaler, 1985, Does the stock market overreact? Journal of Finance, 40, 793–805. 
63 Spyrou, S., 2012, Sentiment changes, stock returns and volatility: evidence from NYSE, AMEX and NASDAQ 

stocks, Applied Financial Economics, 22(19), 1631–1646 
64 Subrahmanyam, A., 2005, Distinguishing between rationales for short-horizon predictability of stock returns, The 

Financial Review, 40, 11-35. 

 

Figure 2. SP500 Intraday fluctuations on Oct. 28, 2016, when breaking 

news hit the market.  Market movements can be explained and foreseen 

by applying the six rules using 5- and 15-minute NEDs.  



9 

 

 

submitted (signal 5) as informed traders placing market orders for immediate execution65.  Then, 213 

the market plunged and turned into a downtrend identified by signal 2.  When SP500 reached the 214 

lowest level at 14:05, the NED_5 was -0.25, way above -1, flagging the downtrend termination 215 

based on signal 6.  The following three ridges of NED_5 identify an uptrend from signal 1 and the 216 

two troughs of NED_5 foresee an uptrend based on signal 3. 217 

The market drop that started at 13:00 was due to breaking news about reopening the investigation 218 

case on Hillary Clinton’s email by the FBI. Before being published by TV and Market Watch after 219 

13:14, the information was released at 11:57 on Twitter by Jason Chaffetz66, who was the chair of 220 

the Committee on Oversight and Government Reform at that time. NEDs reflect behaviors of 221 

traders who have short-horizon information and submit market orders for an immediate 222 

execution67,68. The continuous decrease of NED_15 means that the spread of information caused 223 

massive selling before the general public was notified through more popular news channels. The 224 

same information spreading process is recorded in a longer time-horizon before the market 225 

collapse due to the COVID-19 virus spread, which is shown in Figure 3. 226 

Figure 2 provides an example illustrating the loading and unwinding process of market makers’ 227 

inventory positions. At 10:00 am, NED_5 reached +1, meaning that all price-takers were buying. 228 

The market makers had to sell and stack short-inventory at the price range, which was cleared at 229 

13:00 when the market went down. Similarly, market makers had to pile up a long-inventory to 230 

buy when the NED was -1 at 13:05-13:15 and 13:30-13:35. The long-position of 13:30-13:35 was 231 

cleared up at 14:25, while the long-inventory filled at of 13:05 was unwound the next day.  At 232 

14:55 and 15:35, two more long-inventory positions were loaded and cleared within half an hour. 233 

4.2 Daily Changes 234 

 
65 Linnainmaa, J. T., 2010, Do limit orders alter inferences about investor performance and behavior? Journal of 

Finance 65(4), 1473-1506.  
66 https://twitter.com/jasoninthehouse/status/792047597040971776 
67 Harris, L., 1998. Optimal dynamic order submission strategies in some stylized trading problems. Financial 

Markets, Institutions and Instruments 7(2), 1-76. 
68 Kaniel, R., and H. Liu, 2006, So what orders do informed traders use? Journal of Business, 79(4), 1867-1913. 
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Figure 3 shows the market 235 

fluctuation of 2020 under the 236 

influence of pandemic 237 

COVID-19.  238 

Before January 17, the market 239 

was in an uptrend by signal 1. 240 

The trend reversed to a 241 

downtrend by comparing NED 242 

troughs and SP500 valleys 243 

between 1/27 and 1/15 based 244 

on signal 2. The uptrend was 245 

resumed by analysis between 246 

2/5 and 2/11 from signal 3. 247 

The market reached an all-time 248 

high on 2/19 when a signal-five 249 

appeared, warning of a market 250 

trend reversal because the daily 251 

NED was -0.13. The gradual 252 

decreasing NED started on 253 

2/13, when Richard Burr, then 254 

chairman of the Senate 255 

Intelligence Committee, sold a 256 

large volume of stocks after 257 

receiving classified briefings 258 

on the COVID-19 outbreak. He 259 

informed his brother-in-law to 260 

do the same69. Then, the private information spread out so that selling actions snowballed, revealed 261 

by decreasing NED values for several days. A sudden market slide occurred on 2/24, and we can 262 

identify a trend reversal based on signal-two. On 3/3, after an SP500 bounce-back of more than 263 

150 points in two days, the NED arrived at +1.  However, the SP500 peak was significantly lower 264 

than that at the previous NED ridge, which was a signal-four warning of a looming downtrend.  265 

An SP500 plunge of 900 points followed until 3/23.  At the new SP500 valley on 3/23, the NED 266 

was -0.66, a signal-six indicating a possible market reversal.  The trend reversal was confirmed on 267 

3/26 by signal-one.  The uptrend continued until 6/9 by signals one and three alternatively.  On 268 

6/11, the downtrend resumed by signal-two. 269 

One important factor contributing to short-term reversals is the market makers’ inventory problem.  270 

For example, at the market low on 3/23, there was only one inventory long position of market 271 

makers at SP500 2364, much higher than the market close of 2237.40.  The stimulus measures 272 

announced by the Federal Reserve led to a surge of 9.38% on 3/24, which helped to rewind the 273 

 
69 https://www.propublica.org/article/burr-family-stock 

 

Figure 3. Daily SP500 and NED of the first (up panel) and second 

(lower panel) quarter of 2020. Labeled dates are Mondays of 

each week. 

https://www.propublica.org/article/burr-family-stock
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long-position.  Similarly, on 6/10, when the market closed at SP500 3190.14, market makers had 274 

only short-positions at SP500 3065 or lower, as forecasted in our real-time prediction experiment70.  275 

The market plunged by 5.9% the next day without any associated breaking news.  276 

5. Long-term Prediction  277 

 278 

One challenge that remains in financial economics is how to reconcile the unpredictability in the 279 

short-term, which has been long perceived as a random-walk process71, and predictability for the 280 

long run based on macro variables such as dividend yield and short interest72. In this section, we 281 

show that the six signals working in the short-term fluctuations can also be applied to long-term 282 

variations to identify trends and anticipate looming market reversals. 283 

 284 

5.1 The Dot-com bubble of 2000 285 

 286 

Figure 4 is the monthly chart 287 

of SP500 and NED from 288 

1999 to 2004. It covers the 289 

period of the Dot-Com 290 

bubble burst and recovery. 291 

An all-time- high was 292 

presented in July 1999 with a 293 

NED of 0.27, a warning 294 

signal-five. The signal was 295 

followed by a 13% market 296 

slid in the next two months. 297 

Another signal-five 298 

appeared in December 1999 299 

with an all-time-high 300 

accompanied with a NED 301 

value of 0.65, which led to a 10% market drop.  The third signal-five presented in March 2000 was 302 

the strongest: the NED value was -0.35 at the market all-time-high when the dot-com bubble burst 303 

and the recession commenced.73  304 

 305 

One may ask why only the third signal-five led to the three-year recession. The reason is the 306 

follow-up intensified feedbacks among investors. In 2000, NEDs kept low after March, indicating 307 

a pessimistic view of price-takers. The morose sentiments influenced price-makers, and SP500 308 

started to drop in October. The interaction and feedback between price-takers and price-makers 309 

led to a downtrend that can be identified and inferred by signal-two (November 2000, March 2001, 310 

September 2001, July 2002) and signal-four (December 2000, June, August 2001, March 2002) 311 

 
70 http://hutong9.net/forum.php?mod=viewthread&tid=430972&extra=&page=19 
71 Malkiel, B., 2019, A Random Walk down Wall Street: The Time-Tested Strategy for Successful Investing, 12th Ed., 

W.W. Norton Company. 
72 Ang, A., and G. Bekaert, 2007, Stock Return Predictability: Is It There? The Review of Financial Studies, 20(3),651-

707. 
73 Odekon, M., 2010, Booms and Busts- An Encyclopedia of Economic History from the First Stock Market Crash of 

1792 to the Current Global Economic Crisis, Routledge. 

 

Figure 4. Monthly SP500 and NED for 1999-2004 that covers the 

period of the onset and recovery of the 2000 dot-com crisis. 

http://hutong9.net/forum.php?mod=viewthread&tid=430972&extra=&page=19
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alternatively. The descending trend came to a stop between July and October 2002 when NED 312 

values locked at -1 with no new market lows. In the monthly chart, the reversal could be identified 313 

in June 2003 by signal-one. We can identify the trend reversal at a much earlier time using finer-314 

time intervals. A signal-one appeared in the week of 4/21/2003 and on 3/17/2003, respectively. 315 

 316 

5.2 The Subprime Crisis of 2008 317 

Figure 5 is a monthly 318 

chart of SP500 and NED 319 

from 2005 to 2010. We 320 

can identify an uptrend 321 

from 2005 to August 322 

2007 based on signal-323 

one (October 2005, 324 

January 2006, January, 325 

March, and May 2007) 326 

and signal-three (July 327 

2006, August 2007). A 328 

signal-five appeared in 329 

October 2007 when 330 

SP500 reached an all-331 

time high with a NED 332 

value of 46, indicating 333 

price-takers' gloomy 334 

view about the market 335 

peak.  Without the full support of price-takers for three months, SP500 started to fall, and a signal-336 

two in January 2008 identified the trend reversal.  A signal-four in April 2008 reveals that large 337 

sell-pressure in the order book by price-makers and the market doomed to go down.   In July 2008, 338 

a signal-six hinted at a possible trend reversal. However, the turnaround did not go far, and the 339 

market kept moving down until January 2009.  In March 2009, the SP500 was at the lowest level, 340 

but the NED increased from -1 to -0.83, flagging another signal-six. This time the reversal was 341 

successful, which was validated in February 2010 by a signal-three. 342 

 343 

One may argue that many of the predictions can only be seen afterward. For example, given a 344 

possible uptrend signal in July, how do we know before the market resumed a downtrend in 345 

October 2008?  Furthermore, is it too late that confirming the reversal signal of March 2009 had 346 

to be 10 months later when the SP500 shot up 450 points (a 68% increase)? The answer lies in the 347 

shorter time scale chart.   348 

 349 

 

Figure 5. Monthly SP500 and NED for 2005-2010 covering the period of 

the onset and recovery of the 2008 subprime crisis. 
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Figure 6 is a weekly chart 350 

that helps to answer the 351 

questions. At the end of 352 

July 2008, when a signal-353 

six presented in the 354 

monthly chart, the 355 

interaction detail between 356 

price-takers and price-357 

makers is revealed in the 358 

weekly horizon. Initially, 359 

the SP500 and NED went 360 

up in the weeks of 7/28, 361 

8/4, 8/11, conformed to the 362 

monthly signal. However, 363 

in the week started on 364 

August 18, the NED 365 

reached a ridge higher 366 

than the previous NED 367 

ridge, but the SP500 level was much lower than at that time.  That is a signal-four warning of a 368 

downturn.  A signal-two in the week of 9/15 confirmed the downtrend. Now turn to the trend 369 

reversal in March 2009.  A signal-one presented in the week of 5/4/2009, seven months before the 370 

monthly signal-two in February 2010. The daily signal (not shown here) would confirm the trend 371 

reversal by a signal-one as early as 3/11/2009 when SP500 just rose 8.2% from the lowest level of 372 

666.79 on 3/6/2009. 373 

6. Methodology 374 

 375 

Investors behave differently in stock markets by placing orders: price-takers use market-orders (or 376 

executable limit orders), and price-makers submit limit orders. Many studies using historical data 377 

focused either on the behaviors of price-takers74  or on the actions of price-makers75 . These 378 

investigations are successful in revealing the market microstructure as the result of investor 379 

behaviors. 380 

 381 

 
74 Chakrabarty, B., and G. Zhang, 2012, Credit Contagion Channels: Market Microstructure Evidence from Lehman 

Brothers' Bankruptcy, Financial Management, 41(2), 319-343. 
75 Cont, R., A. Kukanov, and S. Stoikov, 2014: The price impact of order book events.  J. Financial Econometrics, 

12(1), 47-88. 

 

Figure 6. Weekly SP500 & NED for details of trend reversal process at 

the recovering stage of the subprime crisis. 
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The SMD theorem proved that market demand cannot be inferred from the utility hypothesis76,77. 382 

In the proof, however, the market prices are based on the assumption of perfect competition78,79, 383 

despite its well-known weaknesses80,81,82. These are even more evident in stock markets, where 384 

transaction prices are determined by the bid-ask spread of limit-orders placed by market makers 385 

who cannot be modelled as competitive actors, and which are frequently revised and canceled 386 

due to updated information to prevent loss and maximize profit83,84. In practice, aggregate 387 

behaviors of price-takers, as a measure of market demand, had been numerically observed for 388 

different horizons through calculations of market-order imbalance85,86. Our goal is to fit the 389 

numerical values of market-order imbalance into a function of price change that maximizes its 390 

explanatory power of SP500 daily return changes and can be measured in real-time.  The 391 

approach is divided into three-steps. First, measure NED using a classification rule described 392 

below so that NED describes the aggregate behaviors of price-takers. Second, fit the numerical 393 

values of NED into an empirical function of the price through a trial-and-error process to 394 

maximize the explanatory power to SP500 daily return changes. The third step is to verify that 395 

the NED represents the behavior of price takers since the fitted empirical function may include 396 

contributions from price-makers due to the possible errors introduced in the first two steps. The 397 

results of the third step have been described in the Model section. 398 

The expression of NED(p) is [D(p)-S(p)]/[D(p)+S(p)], where D(p) is the buying volume and S(p) 399 

the selling volume at a given price p that can be obtained from the market-order information. 400 

However, such information is not disclosed to the public. Scholars have developed several 401 

algorithms for classifying trades as the buyer or seller-initiated transactions to study investor 402 

behaviors87,88and market microstructures89, each with different pros and cons due to complex 403 

 
76 Sonnenschein, H., 1973, The Utility Hypothesis and Market Demand Theory, Discussion Paper, No. 51, 

Northwestern University, Kellogg School of Management, Center for Mathematical Studies in Economics and 

Management Science, Evanston, IL 
77 Shafer, W., and H. Sonnenschein, 1982, Market Demand and Excess Demand Functions, In Handbook of 

Mathematical Economics, 671-693. K. Arrow and M. Intriligator, eds., North-Holland 
78 Walras, L., 1900, Elements of Pure Economics, 4th Edition, (1954 American Economic Association). 
79 Robinson, J., 1934, What is perfect competition, The Quarterly Journal of Economics, 49(1), 104-120. 
80 Keynes, J. N., 1890, The Scope and Method of Political Economy, Batoche Books [1999].p81 
81 Knight, F. H., 1921, Risk, Uncertainty, and Profit, Houghton Mifflin Company. P5 
82 Chamberlin, E. H., 1962, The Theory of Monopolistic Competition, 8th Edition, Harvard University Press. 
83 Calcagno, R., and S. Lovo, 2006, Bid-Ask Price Competition with Asymmetric Information between Market-

Makers. Review of Economic Studies, 73(2), 329-355. 
84 Farmer, J. D., L. Gillemot, F. Lillo, S. Mike, and A. Sen, 2004, What really causes large price changes? Quantitative Finance, 

4(4), 383–397. 
85 Blume, M., A. Mackinlay and B. Terker, 1989, Order Imbalances and stock price movements on October 19 and 

20, 1987, Journal of Finance 44, 827-848. 
86 Chordia, T., R. Roll, and A. Subrahmanyam, 2002, Order imbalance, liquidity, and market returns, Journal of 

Financial Economics 65, 111-130. 
87 Lee, C. M. C., and M. J. Ready, 1991, Inferring trade direction from intraday data. The Journal of Finance, 46(2), 

733-746. 
88 Lee, C.M.C., and B. Radhakrishna, 2000, Inferring investor behavior: evidence from TORQ data. J. Financial 

Markets 3, 83-111. 
89 Chakrabarty, B., and G. Zhang, 2012, Credit Contagion Channels: Market Microstructure Evidence from Lehman 

Brothers' Bankruptcy, Financial Management, 41(2), 319-343. 
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market conditions and data recording procedures 90. We chose the tick rule as recommended by 404 

Finucane91 using the data downloaded from Scottrade. The absolute accuracy of the classification 405 

rule is not critical because the results are used as the data pool for finding an empirical function of 406 

normalized excess demand that will maximize the explanatory power of fluctuations in SP500 407 

daily returns. 408 

 409 

For a single stock, the empirical function Z is the inverse function of H in Equation 1, so that an 410 

input of return change for each time step to the empiric function will generate a NED value for the 411 

time horizon. For the aggregate market, NED is the weighted average of NEDs of all component 412 

stocks. Then we adjust the parameters of the empirical function until they maximized the 413 

explanatory power for fluctuations of SP500 daily returns. We measure NED values in real-time, 414 

updated four times per minute. 415 

 416 

7. Summary 417 

 418 

The efficient market hypothesis that security prices fully reflect all available information is hard 419 

to contradict, given that the market is not easily beaten, although “the extreme version of the 420 

market efficiency hypothesis is surely false.”92 This study shows that the time required for the 421 

price to fully reflect the information is dependent on the speed of information dissemination, 422 

which is recorded by NEDs. For short-lived information, the time required is in minutes, such as 423 

the Hillary Clinton email case on 10/28/2016 and Joe Biden’s claim of tax raise on 4/24/2021 424 

(not shown here). For long-lived information, the time needed is in days (Covid-19 virus spread 425 

2/13-19, 2020) or even months (Tech bubble in 2000 and subprime crisis in 2008), consistent 426 

with the Kyle model53. 427 

Perfect competition, in which all agents are price-takers, is a fundamental and prevalent concept 428 

in macroeconomics despite criticism of it since the 19th century, with its use defended by the claim 429 

that it is a good enough approximation for general phenomena, with the result that it is widely used 430 

in theoretical work93. We have shown that this empirical defense is inadequate when applied to the 431 

stock market, where it ignores the role of market makers and their interactions with price-takers. 432 

 
90 Easley, D., M. M. Lopez de Prado, and M. O’Hara, 2012, Flow toxicity and volatility in a high frequency world. 
Review of Financial Studies, 25(5), 1457-1493. 
91 Finucane, T. J., 2000, A Direct Test of Methods for Inferring Trade Direction from Intra-Day Data, The Journal of 

Financial and Quantitative Analysis, 35(4), 553-576. 
92 Fama, E. F., 1991, Efficient Capital Markets: II, The Journal of Finance, 66(5), 1575-1617. 
93 Stigler, G. J., 1957, perfect competition, historically contemplated. Journal of Political Economy, 65(1), 1-17. 
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Our study, in which price-takers94,95 and price-makers96,97 are treated as separate interacting 433 

agents fits the measured price-takers’ behaviors into an empirical function of price change so that 434 

real-time retrievals of NED at different horizons are possible.  The summarized six signals of 435 

investor interactions and feedbacks between price-takers and price-makers are indicative of 436 

market structure and future directions of both short-term and long-term market movements.  437 

While the initial results are encouraging, much work need to be done for better understanding the 438 

cause and predictability of financial market fluctuations. 439 

The datasets generated during the current study are available from the corresponding author on 440 

reasonable request. 441 

 
94 Lee, C.., and B. Radhakrishna, 2000. Inferring investor behavior: evidence from TORQ data. J. Financial Markets 

3, 83-111. 
95 Chakrabarty, B., and G. Zhang, 2012, Credit Contagion Channels: Market Microstructure Evidence from Lehman 

Brothers' Bankruptcy, Financial Management, 41(2), 319-343. 
96 Cont, R., A. Kukanov, and S. Stoikov, 2014, The price impact of order book events.  J. Financial Econometrics, 

12(1), 47-88. 
97 Gould, M. D., and J. Bonart, 2016, Queue imbalance as a one-tick-ahead price predictor in a limit order book. 

Market Microstructure and Liquidity, 2(2), 1650006. 



Figures

Figure 1

Scatter plots of intraday NED (daily average of 5-minute NED) and SP500 daily returns for a) 4/30/2013-
2/24/2020 and b) 4/30/2013-3/24/2020. The extended one-month period in b) includes 4 circuit breaker
triggered events. 18 of the extended-period data are marked by red dots.

Figure 2



SP500 Intraday �uctuations on Oct. 28, 2016, when breaking news hit the market. Market movements can
be explained and foreseen by applying the six rules using 5- and 15-minute NEDs.

Figure 3

Daily SP500 and NED of the �rst (up panel) and second (lower panel) quarter of 2020. Labeled dates are
Mondays of each week.



Figure 4

Monthly SP500 and NED for 1999-2004 that covers the period of the onset and recovery of the 2000 dot-
com crisis.

Figure 5



Monthly SP500 and NED for 2005-2010 covering the period of the onset and recovery of the 2008
subprime crisis.

Figure 6

Weekly SP500 & NED for details of trend reversal process at the recovering stage of the subprime crisis.


