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Abstract: Momentum and reversal effects are critical in understanding stock performance, 

yet their dynamics within the diverse U.S. technology sector remain underexplored. This 

study investigates the behavioral dynamics of momentum and reversal, analyzing their 

effects across the five largest industries by market capitalization in the U.S. technology sector, 

with particular attention on the top three businesses in each area, as determined by the Yahoo 

Finance Screener. Using time-series and cross-sectional analyses, this paper examines 

momentum and reversal effects in the technology sector at the industry and company levels, 

complemented by Fama-MacBeth regression to control for risk factors. The results reveal 

distinct patterns: IT services and software applications show strong momentum effects driven 

by long-term trends (6-month), while consumer electronics and software infrastructure 

display significant reversal effects linked to short-term (3-month) market volatility. 

Semiconductors display stable β values with minimal effects. Momentum is more prevalent 

in large-cap firms (e.g., AAPL, NVDA), while reversal dominates smaller-cap stocks (e.g., 

HEAR, CRM).  
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1. Introduction 

Momentum and reversal effects are two well-documented phenomena in the field of financial asset 

pricing. In recent years, research on momentum and reversal effects has primarily focused on 

theoretical models. Kelly, Moskowitz, and Pruitt use a conditional factor pricing model and 

instrumented principal components analysis (IPCA) to show that stock momentum and long-term 

reversal are predictive of future returns due to their correlation with time-varying risk exposures[1]. 

Nonetheless, these studies have predominantly been theoretical and have not comprehensively 

examined particular markets, especially the technology industry. Recent studies have begun to 

address this issue, with some concentrating on momentum and reversal effects within particular 

sub-sectors of the technology industry. For example, Huang, Shih, and Ke examine the 

semiconductor industry's technological evolution, use Lyapunov exponents to examine patent 

duration and find that the semiconductor industry's innovation has moved from an orderly to a chaotic 

phase[2]. Similarly, research on short-term momentum in financial markets, such as the S&P 

Composite stock price index, has found evidence supporting the profitability of trend-following 

strategies, though with challenges related to statistical test power[3]. However, there remains a lack 
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of research that comprehensively examines momentum and reversal across different technology 

industries and compares the effects at the sector level and within individual firms. This paper first 

provides an overall insight into the momentum and reversal effects within the technology sector, 

followed by dynamic (time-series) and static (cross-sectional) analyses at the industry and company 

levels. Additionally, the Fama-MacBeth regression is employed to evaluate the robustness of these 

effects and control for risk factors[4-6]. This research contributes to the existing literature by offering 

a granular perspective on the momentum and reversal dynamics within the technology sector. The 

findings hold significance for both academia and practice, offering essential insights for portfolio 

managers, investors, and policymakers focused on sector-specific investment strategies and risk 

management within the technology sector.  

2. Methodology 

2.1. Variable Definitions and Calculation Methods 

To explore the dynamic characteristics of momentum and reversal effects, this study introduces the 

concept of cumulative returns (Rcumulative) as the foundational measure of asset returns. Building on 

this, past returns (Rpast) are further defined as the core variable for analysis and model construction, 

using data from Yahoo Finance for the period from January 2023 to December 2024[7]. Cumulative 

Returns reflects the total return performance of an asset over a designated timeframe. The formula for 

its calculation is as follows: 

 Rcumulative = ∏ (1 + Rt) − 1n
t=1  (1) 

Where Rt =
Pt−Pt−1

Pt−1
, and Pt represents the closing price of the asset at time t with n denoting the 

length of the cumulative period (e.g., monthly or quarterly). 

This formula describes the total return over a specific time horizon. Past Returns serve as the core 

variable of this study, past returns are calculated using a rolling window approach based on the 

concept of cumulative returns. The formula is as follows: 

 Rpast = ∏ (1 + ri,t) − 1n
t=T−k  (2) 

Where T denotes the current time point, k represents the length of the time window (e.g. months or 

6 months), and ri,t is the monthly return of asset i at time t.  

To further analyze the impact of different time windows on momentum and reversal effects, the 

study sets a rolling step size of 1 month to ensure sample dynamism and continuity. 

2.2. Lost-Winning Portfolio Construction  

To examine the presence of momentum effects and reversal effects, the sample stocks are grouped 

into winner and loser groups based on past returns performance. The top 30% (5 stocks) with the 

highest historical returns, as determined by Yahoo, are designated as the "winner group," whereas the 

bottom 30% (5 stocks) with the lowest historical returns are designated as the "loser group." [7][8] 

The remaining stocks in the middle are excluded from the analysis. This classification approach 

allows for a clear examination of momentum and reversal effects by focusing on the extremes of the 

return distribution. 

Then the paper calculates the return of each group as the average return of the stocks within the 

group, calculated as follows: 

 Rgroup =
1

N
∑ Ri

N
i=1  (3) 

Where Ri represents the single-period return of stock i, and N is the number of stocks in the 

group. 
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Forthemore the paper calculate the momentum return and reversal return is defined as the 

difference in returns between the winner group and the loser group, with the formula as follows: 

 {
RMomentum = Rwinners − Rlosers

RReversal = Rlosers − Rwinners
    (4) 

Where Rwinners is the average return of the winner group, and Rlosersis the average return of the 

loser group. 

2.3. Regression Model Construction 

To investigate the explanatory power of past industry returns or stock returns on future returns, the 

following cross-sectional regression model is used[9][10]: 

 Rfuture = α + βRpast + ϵ (5) 

Where Rfuture represents the industry return or stock return over a future period (e.g., the next 

3months or the next 6 months), and Rpast represents the industry return over a past period (the last 3 

months or the last 6 months). The sign and magnitude of the β coefficient reflect the significance and 

strength of the momentum or reversal effects. 

If β is greater than 0, it indicates the presence of a momentum effect, whereas if β is less than 0, it 

suggests the presence of a reversal effect. To further compare the dynamic characteristics of different 

industries or stocks, the β coefficients from the regression model are calculated using a rolling 

window approach. At each time point, a fixed-duration time window (e.g., 3 months or 6 months) is 

retrospectively utilized to compute the β coefficient using historical data. The rolling window is 

thereafter pushed backward by one month at each interval, preserving the same window length. This 

approach captures the time-varying trends of the β coefficient, providing a clearer understanding of 

the dynamic nature of momentum and reversal effects[11][12]. 

The Fama-MacBeth two-step regression method is employed to evaluate the long-term predictive 

capacity of momentum factors on future returns. Initially, cross-sectional regressions are conducted 

at each time point to derive the time-series regression coefficients (β). In the second step, the mean of 

the regression coefficients across all time points is calculated to test its significance. The formula is as 

follows [4][5]: 

 β =
1

T
∑ βt

T
t=1  (6) 

The corresponding significance test is completed by calculating the following t-statistic: 

 t(β) =
β

SE(β)
 (7) 

Where SE(β) is the standard error of β. 

3. Empirical Analysis 

3.1. The Momentum Effect of the Overall Technology Sector 

 

Figure 1: Monmentum return under different time-windows 
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3.1.1. Time Trend and Window Sensitivity Analysis 

This paper calculates the return difference between winners and losers to represent the momentum 

effect and presents the image shown in Figure 1. It is observed that there is an overall downward trend 

in 2023, followed by a significant upward trend in early 2024. After reaching a peak, the returns 

exhibit a subsequent decline. The momentum return for the 6-month period surged swiftly in early 

2023, attaining its zenith (about 0.8) mid-year before progressively diminishing, demonstrating 

increased overall volatility. Conversely, the 3-month period had comparatively minor swings, with 

returns predominantly ranging from 0.2 to 0.4. Overall, the return curve for the 6-month window 

demonstrated a significant growth trend in the early period, while the 3-month window was more 

stable. However, by the end of 2024, both trends converged, indicating a diminishing advantage of 

long-term returns.  

3.1.2. Cross-Window Performance Comparison Analysis 

In mid-2023 (June to September), returns from both windows converged due to consistent market 

volatility. However, in early 2024, the 6-month momentum return surged, driven by strong 

performance in sectors like technology. In mid-2023 (around July), the returns for the 6-month 

window were significantly higher than those for the 3-month window, demonstrating the 6-month 

window's stronger ability to capture medium- to long-term trends. By early 2024, the returns for both 

windows converged and briefly crossed, indicating that short-term and medium- to long-term market 

trends had become more aligned during this period. In the later half of 2024, despite the 6-month 

window yielding marginally superior returns, the volatility of both curves exhibited increasing 

similarity, indicating a gradual convergence in the efficacy of short- and long-term momentum 

strategies. 

3.2. Comparison within Industries 

 

Figure 2: β value under the 3-month rolling window 

 

Figure 3: β value under the 6-month rolling window 
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3.2.1. Analysis of Time Series 

The author calculates the β values using equation (5) and presents the results in Figure 2 and Figure 3. 

Comparing the 3-month and 6-month rolling windows highlights notable differences. While overall 

trends are consistent, the 6-month window produces smoother curves with fewer extremes, 

minimizing the impact of short-term volatility. In contrast, the 3-month window captures sharper 

fluctuations and more frequent reversals, reflecting stronger sensitivity to short-term market 

dynamics. 

From the β value trends under 3-month and 6-month rolling windows, industries show distinct 

volatility and cyclicality patterns. The semiconductor industry exhibits stable trends, with β values 

near zero for most periods, likely due to the sector's technological maturity, which reduces volatility, 

and its market efficiency, which quickly incorporates new information. A significant positive peak is 

observed between December 2023 and January 2024, succeeded by a steep decrease, indicating 

overall weak momentum, potentially affected by transient market forces or external shocks. 

Conversely, the software-infrastructure sector exhibits greater volatility, with β values often 

oscillating between positive and negative. This instability is particularly pronounced in early 2024, 

showing a strong reversal effect. The consumer electronics industry displays extreme negative β 

values in May 2023 under the 3-month window, indicating a strong reversal effect. The 6-month 

window smooths these extremes, but volatility remains, reflecting inherent cyclicality and reversal 

tendencies. The software application industry shows mainly positive β values across both windows, 

with a peak from late 2023 to early 2024, reflecting a stable momentum effect. Lastly, the information 

technology services industry has consistent, predominantly positive β values, indicating persistent 

momentum, which is more evident under the 6-month window. 

3.2.2. Cross Section Analysis 

The Information Technology Services industry consistently leads, with positive beta values 

indicating strong momentum, while the Consumer Electronics industry lags, showing significant 

fluctuations and frequent negative values, reflecting a strong reversal effect. 

Certain time points reveal anomalies in industry β values. In May 2023, the consumer electronics 

industry had extreme negative β values, possibly due to new product launches or shifts in consumer 

sentiment. In January 2024, the software and IT services industries exhibited significant positive β 

peaks, possibly due to increased tech investments or seasonal cycles. Additionally, the β values of 

consumer electronics and software applications showed notable differences between May 2023 and 

January 2024. The stable β values in the semiconductor and IT services sectors suggest these 

industries may be slow to react to market volatility. (Figure 2 and Figure 3) 

3.3. Comparison within Stocks 

3.3.1. Analysis of Time Series  

 

Figure 4: The β values of stocks with more pronounced momentum effects (partial) 
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Figure 5: The β values of stocks with more pronounced reversal effects (partial) 

The author selected a subset of stocks with notable β performance and categorized them based on 

different effects, presenting the results in Figure 4 and Figure 5. In the Semiconductor Industry, 

stocks like NVDA, AVGO exhibit significant momentum effects in a six-month window. 

Significantly, AVGO's β exceeded 2 at the onset of 2024, indicating heightened sensitivity to industry 

changes and substantial momentum impacts. Likewise, ACN (IT services sector) and AAPL 

(Consumer Electronics sector) exhibit persistent momentum effects, with their β maintaining positive 

throughout six-month intervals. 

Conversely, reversal effects are more pronounced in the Consumer Electronics industry, 

particularly for SONO and HEAR, whose β values are mostly negative. HEAR, for instance, 

exhibited a sharp decline in beta after May 2023, followed by a quick recovery, likely driven by 

earnings reports or market sentiment shifts. Similarly, in the Software-Application industry, 

CRM(Software - Application industry)and ADBE (Software - Infrastructure industry) experienced a 

notable reversal in its β , dropping from positive to negative in late 2023 and early 2024. 

It can be observed that there is significant time window dependence in the analysis. Momentum 

effects are particularly window-dependent. Stocks depicted in Figure 4 exhibit pronounced 

momentum during the six-month period, whereas the three-month period reveals significant volatility, 

underscoring the persistence of long-term trends and the emergence of short-term momentum. Figure 

5 illustrates that reversal effects exhibit greater consistency over time intervals, although short-term 

volatility is more pronounced in extended periods. 

3.3.2. Cross Section Analysis 

In the semiconductor sector, AVGO's average β (0.6123) is significantly higher than NVDA (0.1378) 

and AMD (0.1586), indicating its strongest momentum effect in the long-term. In the Software - 

Infrastructure industry, Oracle (ORCL) exhibits the largest beta fluctuations, reflecting its higher 

sensitivity to market changes compared to Microsoft (MSFT) and Adobe (ADBE). The consumer 

electronics industry displays notable heterogeneity, with Sonos (SONO) and Turtle Beach (HEAR) 

having negative betas, while Apple's (AAPL) beta remains relatively high, reinforcing its position as 

a core stock. In the Information Technology Services sector, Accenture (ACN) displays greater 

momentum effect with higher average β (0.0366, 0.6153) than IBM and FI. 

3.4. Significance Analysis (t-value) 

Table 1: Comparison of key significance indicators 

 3-month_𝛃 6-month_𝛃 3-month_t 6-month_t 

NVDA -0.383604381 0.13781244 -1.00267233 1.313234357 

AVGO -0.200146052 0.612338581 -0.448704898 4.545591777 
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AMD -0.46570392 0.158611542 -1.353722632 2.698373482 

Industry Overall -0.02655724 0.209003213 -0.079774364 2.178265134 

MSFT -0.03395151 -0.098473744 -0.101610382 -1.263235385 

ORCL 0.12955697 -0.288621388 0.669444317 -4.010075303 

ADBE -0.958749366 0.073721765 -1.531062806 0.723362824 

Industry Overall -0.093419949 -0.443654754 -0.372990528 -3.033341905 

AAPL -0.695872647 0.403953558 -2.29588432 2.744484066 

SONO -0.780752944 -0.474990248 -1.802842033 -4.039640969 

HEAR -0.278134484 -0.309133581 -0.634625915 -2.289291051 

Industry Overall -1.543142733 -0.235235329 -0.745697512 -2.436041668 

CRM -0.298049852 -0.105670606 -1.191976585 -0.653079987 

NOW -0.181227931 0.087441659 -0.359315947 0.650758963 

INTU -0.410868098 -0.067609159 -1.097241326 -0.885022463 

Industry Overall 0.472971792 0.283726142 1.106176624 1.584590684 

ACN 0.036551411 0.516314544 0.091988349 4.153031455 

IBM -0.706432603 0.481449071 -3.040238088 6.389626644 

FI -0.362996916 -0.310284343 -1.400603419 -6.273411618 

Industry Overall 0.560876593 0.358308441 1.682079027 4.409874745 

Table 1 presents the calculated average β and t-values for the companies and industries. In the 

semiconductor industry, AMD and AVGO show significant long-term momentum with t-values of 

2.6984 and 4.5456 in the 6-month window, while NVDA's t-values are insignificant, indicating 

unreliable β estimates. The software-infrastructure sector often has diminished impacts; however, 

Oracle demonstrates a notable long-term reversal with a t-value of -4.0107, signifying susceptibility 

to market volatility, whilst Microsoft and Adobe have minor β values. 

In consumer electronics, SONO and HEAR exhibit strong reversal effects with negative β values 

and notable t-values in both short- and long-term windows. Apple shows both long-term momentum 

(t = 2.7448) and short-term reversal (t = -2.2958), reflecting dual market roles. The stocks in the 

Software - Application industry generally show no significant momentum or reversal effects. 

The IT services industry shows notable long-term momentum, led by Accenture (t = 4.1530) and 

IBM (t = 6.3896), though IBM shows short-term reversal tendencies (t = -3.0042). FIS has strong 

long-term momentum (t = 4.4098) but lacks short-term significance. 

4. Conclusion 

The momentum effect in the overall technology sector exhibits fluctuations over time, with notable 

peaks and troughs; the overall trend suggests moderate momentum returns. The information 

technology services and software-application industries exhibit stronger momentum effects, with 

consistently positive β values across most periods. This may arise from their dependence on enduring 

technical trends, consistent demand, and incremental adoption cycles. Conversely, the consumer 

electronics and software infrastructure sectors have significant reversal effects, marked by abrupt 

volatility and recurrent β value reversals. The semiconductors industry demonstrates relatively stable 

β values with limited momentum or reversal effects, reflecting its slower response to market cycles 

and its position as a foundational sector that often follows broader economic and technological trends. 

Overall, these differences underscore the heterogeneity among industries, driven by distinct structural 

and market dynamics. WIn the analysis of momentum and reversal effects among companies, it is 

Table 1: (continued). 
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observed that momentum effects are prevalent in large, innovative firms (e.g., AAPL, NVDA, ACN), 

whereas reversal effects frequently occur in smaller-cap companies (e.g., HEAR, CRM), generally 

coinciding with significant events or market corrections. This highlights the distinct market dynamics 

driven by industry and company size. The limitations of this paper lie in analyzing only a subset of 

leading companies and industries within the U.S. technology sector, with limited data coverage and 

without considering the impact of macroeconomic variables on momentum and reversal effects. 

Future research could expand to include more industries, regional markets, or integrate machine 

learning models to enhance predictive accuracy. 
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