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ABSTRACT

This paper examines the influence of mispricing proxies on stock
return dynamics within the framework of Fama-French five-factor
models. Specifically, we assess the role of mispricing proxies derived
from cointegration between asset prices and factor prices, as well as
sentiment indicators extracted from quarterly earnings conference
calls. Using quarterly data from 1980 to 2023 for the cross-section
of DJIA-listed firms, our empirical analysis shows that deviations
from long-run trends, driven by factor prices, have predictive power
for stock returns after controlling for the five Fama-French fac-
tors. Stock-specific sentiment further enhances predictability. The
additional predictability generated by mispricing proxies is fully
explained by a nonlinear model in which sentiment determines
the speed of adjustment toward the long-run trend identified by
cointegration analysis when stock prices are above it.
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1 INTRODUCTION

Factor models decompose asset returns into compensation for com-
mon risk and an idiosyncratic component. Under no arbitrage,
common risk is priced whereas diversifiable idiosyncratic risk is
not. Deviations of expected returns from factor-implied values are
therefore natural candidates for mispricing. Mispricing in factor
models is often assessed through tests of whether intercepts in
excess-return regressions are jointly zero [7]. Such tests capture
average pricing errors but do not directly model stock-specific time
variation. Stambaugh and Yuan [11] instead construct factors de-
signed to capture mispricing and show that aggregate sentiment
predicts these factors, especially the short legs of anomaly port-
folios. Our approach differs by deriving the econometric proxy
internally from the prices of the same factors used in the return
model, and then combining it with firm-specific textual sentiment.
We examine two stock-specific proxies for time-varying mispricing.
A time-series approach to the relation between asset prices, factor
prices, asset returns and factor returns derives our first proxy. We
start from the intuition that asset prices are driven by a permanent
and a temporary component, [4] and we build a model in which
factor prices, i.e. the values of buy-and-hold portfolios in the 5

Fama-French factors [5], are used to capture the permanent compo-
nent in asset prices. If this model is successful, then its residuals are
stationary and mean-reverting and they can be intepreted as a proxy
of mispricing,an Equilibrium Correction Term(ECT). The ECT is
stationary and measures temporary over- or undervaluation and it
becomes an additional regressor with a significant coefficient in the
standard factor model. The second proxy is firm-level sentiment
extracted with FInBERT from quarterly earnings-call transcripts
[1]. Earnings calls offer repeated, company-specific communication
and avoid the uneven news coverage received by different firms
[8].

Our contribution is threefold. First, we construct an internally
consistent mispricing proxy from the same factors used in the
return model. Second, we combine this econometric proxy with a
granular textual measure. Third, we show that sentiment is most
informative through a nonlinear mechanism: favorable sentiment
slows correction when prices are above their factor-implied trend.
This mechanism is consistent with limits to arbitrage and diagnostic-
expectations models, in which favorable signals can reinforce beliefs
supporting an already elevated price [2, 3, 11].

Using quarterly observations through 2023 for a subset of DJIA
constituents whose prices are cointegrated with factor prices, we
obtain three principal findings. The ECT predicts subsequent re-
turns negatively, sentiment predicts returns positively, and the
two effects are economically and statistically significant under
common-coefficient restrictions. In the nonlinear model, the in-
dependent sentiment coefficient becomes smaller, while sentiment
significantly moderates the correction of overpricing. Detailed con-
struction steps, individual-firm estimates, diagnostic figures, and
robustness material are reported in the Web Appendix.

2 FRAMEWORK AND MISPRICING MEASURES

For stock i, the standard factor model is
Figr1 = @ + Bifre1 + 0541, (1

where f;11 contains the five Fama-French factors. If a factor model
is interpreted in a no-arbitrage context, then it is evident that the
total compensation for risk is decomposed two parts: a compensa-
tion for a common risk component, captured by the factors, and a
compensation for an idiosyncratic risk component captured by the
residuals from the projection of excess returns on factors. Common
risk, being undiversifiable, needs a compensation while idiosyn-
cratic risk, being diversifiable, does not need a compensation, there-
fore a common test for the validity of a factor model is performed
by evaluating the null @ = 0. The reduction in dimensionality of
the parameters in the variance-covariance matrix of returns occurs
as a consequence of orthogonality between the common and the
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idiosyncratic risk components for all assets and of the orthogonality
between the idiosyncratic risk components of all assets.

To empirically evaluate the potential role of mis-spricing in factor
models consider the following general specification for each of the
available n test-assets :

it+1 = @i + Pifpe + 51’@)”%& + 0541, With v ~ D (0,2y)
(2)
MP

i 1+1 represents the idiosyncratic variables that are candi-
dates to capture mispricing in the standard factor model. Given the
general specification and different variables candidate to capture
mispricing, we shall also test the hypothesis that the response to
mis-pricing is common across different assets, i.e. §;(L) = §(L).

where u

2.1 Cointegration-based proxy

Mispricing proxies can be naturally derived by taking a cointegration-
based approach to factor models Favero et al. [6]

Consider factor models specified on log excess returns and define
log cumulative excess returns on asset i In P; ; as:

InPiy =InP;s_1+ris, (3)

i.e., (log)prices of any asset are cumulative (log) returns. The analo-
gous of the (log) price for an asset can be constructed for any given
factor.

Specifically, the generic factor prices associated with the log
factor return f; evolves according to the following process:

h’lFt = h’lFt_l +ft . (4)

Test assets returns and factors are stationary, but asset prices
and factor prices are non-stationary.

If factor prices are the non-stationary variables that drive the
non-stationary dynamics of asset prices, then a linear combination
of asset prices and factor prices should be stationary; i.e., asset and
factor prices should be cointegrated.

Consider the following model describing the exposure of a given
asset price P;; to a given set of factor prices Fy:

InPjs1 = i +ayit + B InFroq + ujpe1 i=1,...,n (5
Uip+1 = Pillip + 0] g

If the residuals are stationary, i.e. [p;| < 1, then we have cointe-

gration between factors’ and asset prices. In this case, u; ; captures

temporary deviations of prices from the long-run value determined

by the factor prices. Thus, it is natural to refer to u; ; as the “Equi-

librium Correction Term" (henceforth, ECT) associated with asset i
at time t.

ECTE, =InP;; — o; — a1t — B InFy .

it —

Interestingly, the existence of cointegration and therefore the sta-
tionarity of the ECT is naturally interpreted as an indication of
validity of a factor models. The validity of a factor model can be
judged by the capability of factor prices to capture the stochas-
tic trend in asset prices. In fact, this argument could be further
refined by imposing two requirements for a valid factor models:
no-cointegration between factor prices ( the presence of common
trends among factors prices would be an indication of "redundancy
of some of the factors") and cointegration between factor prices
and asset prices.
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2.1.1  The Augmented Factor Model. The presence of cointegration
generates a mispricing proxy in factor models.

By differencing (5) we see that cointegration between asset and
factors prices implies the presence of a new additional predictive
term in the standard factor model projection of returns on factors

rige1 = a1+ Pifrer + (pi — 1) ulCtB +0] 141 (6)
— ——
%  =ECTf,

Note that the presence of the mispricing term in standard factor
models generated by the cointegration approach is ruled out only
in the case of the presence of a unit root in the ECT term i.e. when
there is no cointegration between asset prices and factor prices. By
construction, the CB-based mispricing proxy affects asset returns
with a one-period lag.

2.2 Sentiment-based Mispricing Proxies

An alternative mispricing proxy to the cointegration-based one has
been developed, using a sentiment indicator constructed from the
analysis of earnings call transcripts with natural language process-
ing (NLP) techniques, specifically employing the FInBERT model.
Earnings calls, where corporate executives discuss financial per-
formance and future outlook, are valuable sources of information
for investors. To distill insights from these complex and lengthy
conversations, FInBERT, a model fine-tuned on financial data, was
leveraged to extract sentiment from these texts and quantify the
overall tone of the discussion. The process of constructing this sen-
timent indicator involved several steps, including data extraction,
sentence-level sentiment scoring, and the final calculation of an
overall sentiment score for each earnings call.

2.2.1 Data Extraction and Preprocessing. The first step involved ob-
taining the earnings call transcript in a format suitable for sentiment
analysis. The text was extracted and broken down into individual
sentences, with each sentence serving as a unit of analysis. This
granular approach allowed for a more detailed and accurate senti-
ment assessment. Once segmented, the data was converted into a
structured CSV file. Each row contained a single sentence from the
earnings call, which was then analyzed independently.

2.2.2  Applying FinBERT for Sentiment Analysis. To evaluate the
sentiment of each sentence, the FinBERT model was employed.
FinBERT is a pre-trained transformer model specifically tailored
for sentiment analysis in financial texts. Unlike general-purpose
NLP models, FinBERT is fine-tuned on financial data, making it
particularly effective in capturing the nuances of language used in
the finance sector. Its training involved a large annotated dataset
from the Financial Phrasebank, ensuring its ability to identify pos-
itive, negative, and neutral sentiments in the context of financial
markets.

The Financial Phrasebank, developed as part of this research, is
a collection of over 4,800 sentences annotated by financial experts.
Each sentence is classified as positive, negative, or neutral based
on its likely impact on stock prices from an investor’s perspective.
Sentences with annotations from at least 16 contributors form the
basis for training FInBERT. This dataset is essential in ensuring that
the model is fine-tuned specifically for the financial domain, where
certain phrases or statements may carry sentiment that could easily
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be missed or misinterpreted by models trained on non-financial
data.

Using FinBERT, each sentence in the earnings call transcript was
processed, and a sentiment score was assigned based on FinBERT’s
analysis. The model categorizes sentences into three categories:
positive, negative, or neutral. Positive sentences typically high-
light favorable financial performance or optimistic future outlooks,
while negative sentences focus on challenges, losses, or unfavorable
trends. Neutral sentences, on the other hand, do not present any
clear sentiment relevant to financial outcomes.

2.2.3 Calculating the Overall Sentiment Indicator. Once each sen-
tence was associated with a sentiment score, the overall sentiment
for the entire earnings call was calculated. This step involves ag-
gregating the sentence-level scores to provide a single summary
metric representing the tone of the call. To compute this, the av-
erage of the individual sentiment scores was taken, giving equal
weight to each sentence. The resulting outcome serves as the final
sentiment indicator for the earnings call, offering a snapshot of the
call’s overall sentiment—whether positive, negative, or neutral.

2.2.4 The Financial Phrasebank. The accuracy of FinBERT’s senti-
ment scoring can be attributed to the Financial Phrasebank, which
plays a critical role in ensuring that the model is finely attuned
to the language used in financial communications. The Phrase-
bank contains sentences that were manually annotated by finance
students and researchers with relevant domain knowledge, en-
suring that the resulting model captures the specific nuances of
financial language. The dataset offers multiple agreement levels
for annotations—ranging from 100% consensus to 50% majority
voting—providing flexibility in building sentiment models. For this
sentiment indicator, using sentences with high agreement ensures
a more reliable and consistent interpretation of sentiment.

The Financial Phrasebank focuses specifically on sentences that
influence stock prices from an investor’s perspective. This domain-
specific annotation enables FInBERT to accurately assess how a
given sentence, and by extension, the entire earnings call, might
affect investor sentiment and market behaviour. Sentences that may
appear neutral or irrelevant to non-financial models are carefully
evaluated in terms of their potential impact on stock prices, signifi-
cantly enhancing the model’s applicability to real-world financial
analysis.

2.2.5 Example: JPM Sentiment Indicator. This section presents an
example for JPMorgan Chase (JPM). The following time series illus-
trates the sentiment scores for multiple earnings calls, highlighting
the minimum and maximum sentiment scores.

Below are the two earnings call transcripts corresponding to the
minimum and maximum sentiment scores for JPM. The left image
shows the earnings call with the minimum sentiment score, while
the right image shows the call with the maximum sentiment score.

In conclusion, using FinBERT, the Financial Phrasebank and by
breaking down the text into individual sentences and applying a
financial-domain-specific NLP model, an accurate sentiment score
was generated that reflects the overall tone of the call. This sen-
timent indicator gauges the mood of corporate executives during
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Figure 1: JPM Sentiment Scores for Earnings Calls

earnings calls, helping to inform investment decisions. By leverag-
ing FInBERT’s specialized training and the comprehensive anno-
tation of the Financial Phrasebank, the resulting sentiment scores
offers a measure of financial sentiment in earnings calls.

2.2.6 The augmented factor model specification. In the case of sen-
timent based mis-pricing proxies, the relevant augmented factor
model will be the following:

_ ’ SB r
el = ani + Bifean + 6ty g + 0544, (7)
SB . . . .
where u7 /| are the asset specific sentiment-based mis-pricing prox-

ies. Note that, while the econometric specification strategy leads to
the inclusion in the specification of the cointegration based proxy
with a lag, the sentiment based proxy is simply an additional vari-
able that affects returns contemporaneously as the factors. Both
the CB-based and the SB-based proxy are idiosyncratic to test as-
sets and are meant to capture fluctuations in the idiosyncratic risk
components, but the timing of the CB based proxy is different be-
cause of the link between cointegration between asset prices and
factor prices and the implied Equilibrium Correction Term for asset
returns.
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Figure 2: Earnings Calls for JPM with Minimum and Maximum Sentiment Scores

3 DATA AND EMPIRICAL DESIGN
3.1 Data

We consider as a baseline model a standard factor model for a
representative sample of large and liquid stocks, in particular we
consider the quarterly data over the sample 1980 : 01 — 2023 : 01
of the 30 constituents of the Dow Jones Industrial Average index
(DJIA) at the end of the sample, omitting from our analysis Dow Inc.,
which was included in the index only in 2019. This gives us an initial
cross-section of 29 assets. The data on the Fama-French 5 factors
[5] are retrieved from Ken French data library (https://mba.tuck.
dartmouth.edu/pages/faculty/ken.french/data_library.html), where
also data on the time-series of the riskfree rate are made available.
Data on factor prices and asset prices are constructed by cumulating
log(returns).

Our measure of sentiment is constructed by analyzing the text of

quarterly earnings call, which we obtain via Refinitiv and Bloomberg.

We analyze them using a FinBERT model. Earnings calls are con-
ducted by companies with their board members, investors, analysts
and the press. These calls typically occur once every quarter and are
used to discuss the company’s financial results and performance.
Earnings calls serve as a platform for the company to communicate
its financial performance and outlook to stakeholders. They also
provide an opportunity for investors and analysts to ask questions
and gain insights into the company’s operations and prospects.
Earnings calls usually follow a structured format, consisting of
two parts: the main presentation and a question-and-answer (Q&A)
session. During the main presentation portion, the company’s man-
agement, typically the CEO and CFO, provide a detailed overview
of the financial results for the quarter or year. Management may
also discuss strategic initiatives, market trends, and other factors
that have influenced the company’s performance. The main presen-
tation is scripted and prepared in advance to ensure that important
information is communicated clearly and accurately. A Q&A session
follows the main presentation. In this session, analysts, investors,
and the press have the opportunity to interact with the company’s

management. These questions can cover a wide range of topics,
including specific financial results, future guidance, industry trends,
and more. The Q&A session allows for direct engagement between
the company and its stakeholders, providing additional insights
beyond the prepared remarks.

Additionally, earnings calls can offer insights into the company’s
sentiment and risk perceptions. This information is derived through
textual analysis of transcripts from these calls. Earnings calls are
considered valuable because they provide timely information on a
company’s financial performance and offer insights into its man-
agement’s perspective on the business. Furthermore, they are used
to monitor sentiment and risk trends, which can offer valuable
insights into the overall health of a company and its industry.

3.2 Building mis-pricing proxies

Several steps are necessary to build the cointegration-based mis-
pricing proxies. First, asset prices and factor prices are constructed
by cumulating (log) returns:

InPiy = InPis_1+ris 8)
lnFi,t = In Fi,t—l +fi,t (9)

Second, the long-run properties of the factor prices are investigated
by checking the absence of any co-integrating relationship among
them. If factor prices were to share some stochastic trends, then
some of the factors would be redundant for pricing the assets. To test
for no-cointegration among factor prices, we estimate the following
VAR on them to apply the Johansen cointegration analysis [10]

lnFt = A +A1t+A2(L) h’lFt_l +v:. (10)
In Ft

(InFpgss — lnFrf’t, InFgmp 1 InFrmp ¢ INFrmaw,t, INFemayt)

Table 1 reports the empirical results and shows that the null
of at most zero cointegrating vectors is not rejected at 1 percent
critical level by the relevant test (the one for the specification that
allows for the presence of a deterministic trend in the cointegrating
vector).
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Table 1: Cointegration Test on Factor Prices. This table re-
ports the statistic and critical values for the Johansen maxi-
mum eigenvalue test on factor prices. The factor prices are ob-
tained as the cumulative returns of a buy-and-hold strategy
that invests in the 5 Fama French factors. r denotes the num-
ber of cointegrating relations. Quarterly data from 1980 : Q1
to 2023 : Q1.

test 10pct Spct 1 pct

r<4 3.47 10.49 12.25 16.26
r<3 5.09 16.85 18.96 23.65
r<2 10.49 23.11 25.54 30.34
r<i 18.11 29.12 31.46 36.65
r=0 39.70 34.75 37.52 42.36

We then move to the cointegration analysis between asset prices
and the factor prices. Again we apply the Johansen procedure that
requires the specification of 29 VARs, on the vector of variables
obtained by augmenting in turn the (log-)factor prices with the
(log-)asset prices of the constituents of the DJIA at the end of the
sample:

InZ; = Ao+ A1t + Ay (L) InZ;—1 + vy, (11)
InZ; = (InPis, InFpppep s — InFypy, In Fopp s
In Fppmp o 10 Frmans, In Femay). (12)

Table 2 reports the result of the Johansen analysis for the thirty
constituent of the DJIA, showing that for 26 of the 29 assets the
null of at most zero cointegrating vectors can be rejected at the
10pct critical level, if the 5pct critical value is adopted the number
reduces to 16 assets, and if the strictest 1pct critical value is adopted
then null is rejected only for 5 assets.

In the light of these mixed results on the capability of the Fama-
French factor prices to capture the long-run trend in asset prices, we
construct cointegration based mis-pricing proxies by considering
only the 16 companies when the null of at most zero cointegrating
vectors between factor prices and asset prices was rejected at the
5pct level and we drop from the analysis of returns those companies
for which the null of no cointegrating vectors could not be rejected.
Cointegration based mis-pricing proxies are then constructed as
follows:

uStB = lnPi’t - &O,i - (5{1,,'1“ - ﬁl/ InF;.

InF; = (InPaxp,s, In Ppa s, In Pcat,t, In Porm, e,
InPcsco,r, InPevx,s, InPprs s, In Pgs 1,
In Pyp . In Pypars, In Py 15 In ParsFr s

In PNkE,, In PUNg,t, In Py, In Pyt

where the cointegrating parameters are estimated via static long-
run regressions.!

Sentiment-based mispricing proxies for our selected assets are
built using the detailed textual analysis approach described in the

Robustness of these estimates to the omission of the short-term dynamics has been
checked via the ARDL approach, which gives negligible differences in the mispricing
proxies
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Table 2: Cointegration Test on Asset and Factor Prices. This
table reports the statistic and critical values for the Johansen
maximum eigenvalue test on asset and factor prices. Each
row shows the test result considering the price of asset i and
the price of the 5 Fama French factors. Each row shows tests
for the null of at most zero cointegration relation among the
series. The data is at the quarterly frequency, from 1980 : Q1
to 2023 : Q1 (unbalanced panel).

test 10pct 5pct 1pct

AAPL 40.37 40.91 43.97 49.51
AMGN 43.01 40.91 43.97 49.51

AXP 47.36 40.91 43.97 49.51
BA 50.29 40.91 43.97 49.51
CAT 46.54 40.91 43.97 49.51
CRM 62.65 40.91 43.97 49.51
CSCO 59.13 40.91 43.97 49.51
CVX 49.65 40.91 43.97 49.51
DIS 46.82 40.91 43.97 49.51
GS 47.54 40.91 43.97 49.51
HD 45.33 40.91 43.97 49.51
HON 42.92 40.91 43.97 49.51
IBM 41.73 40.91 43.97 49.51
INTC 40.25 40.91 43.97 49.51
JNJ 41.02 40.91 43.97 49.51
JPM 48.21 40.91 43.97 49.51
KO 49.30 40.91 43.97 49.51

MCD 42.75 40.91 43.97 49.51
MMM 43.93 40.91 43.97 49.51
MRK 47.89 40.91 43.97 49.51
MSFT 44.99 40.91 43.97 49.51

NKE 49.13 40.91 43.97 49.51
PG 41.14 40.91 43.97 49.51
TRV 41.33 40.91 43.97 49.51
UNH 47.77 40.91 43.97 49.51
\Y% 66.29 40.91 43.97 49.51
VZ 40.08 40.91 43.97 49.51

WBA 42.74 40.91 43.97 49.51
WMT 48.75 40.91 43.97 49.51

previus section. Specifically, we apply the FInBERT model to the
same set of companies for which cointegration analysis between
factor prices and stock prices has been implemented. We run Fin-
BERT on the transcripts of earnings calls, where company leaders
discuss their financial results and future plans. The model analyzes
these transcripts to determine the sentiment of each report, assess-
ing the overall tone and emotion expressed. This tone is computed
as a weighted average of the sentiment of each sentence within the
earnings calls. The sentiment score from each report provides us
with a proxy for how the market might emotionally react to the
information shared during the earnings call.
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3.3 Mis-pricing proxies in the FF factor model

On the basis of the evidence of low correlation between the two
mispricing measures we investigate their importance in FF fac-
tor model by estimating first a standard factor model for the 16
companies selected in the previous section:

Fitsl = Qi + Bifrin + €irets (13)
and then by augmenting the standard factor model with the two

proposed mispricing proxies to estimate the following system of
equations

Titel = 0 + ﬂ;ftﬂ + SiCBugtB + SiSBu?fH + €141, (14)
Table 3 reports the results of augmenting the standard FF model
with the Cointegration based and the Sentiment based mispricing
proxies. Two versions of model (14) have been estimated: in the
first version the speed of adjustment with respect to disequilibrium
is allowed to be heterogenous across assets, while in the second
version is restricted to be the same. In the first version of the model
the inclusion of the mispricing proxies leaves estimated coefficients
on factors substantially unaltered with respect to those obtained in
the standard Fama-French specification, but both mispricing proxies
carry some additional predictability. The coefficients on uicf are
significant for 12 tickers, with a very similar magnitude. When the
same speed of adjustment is imposed on all tickers, the estimated
coefficient takes a value of -0.109 significant at the 1 per cent level,
implying that about one-tenth of the mispricing is corrected over
the one-quarter horizon. This evidence of a strongly significant
partial adjustment coefficient estimated with panel restriction is
consistent with the results in the recent literature estimating the
impact of relative leverage in corporate finance [9]. The coefficients
on ulsf are significant for 7 tickers, with a very similar magnitude.
When the homogeneity restriction is imposed on all tickers, the
estimated coefficient takes a value of 0.105 significnt at the 1 per cent
level, implying that the returns are positively affected by sentiment
after controlling for common factors and idiosyncratic fluctuations
driven by the cointegration based-mispricing proxy.

Confalonieri, Favero, and Leoni
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Table 3: Fama-French Five-Factor Model with CB and SB Mispricing Proxies. This table reports the coefficient estimates for
the estimation of system (14). Sample of quarterly data 2001:1-2023:1, number of observations not balanced across equations.

Standard errors are shown in parentheses.

Dependent variable: r; 141

Intercept  exmbkt smb hml rmw cma uEtB ugfﬂ

AXP 0.004 1.363** -0.473* 0.908** -0.662** -0.532 -0.156™* -0.069
(0.009) (0.12) (0.261)  (0.214)  (0.257)  (0.337) (0.068) (0.063)

BA -0.006 1.302** 0.298 0.611% 0.105 -0.304 -0.122* 0.217*
(0.016)  (0.195)  (0.439)  (0.363)  (0.421)  (0.549) (0.07) (0.122)

CAT 0.01 1.142%* 0.474 0.07 0.076 0.872** -0.187*** 0.144™*
(0.012)  (0.157)  (0.329)  (0.264)  (0.325)  (0.412) (0.064) (0.065)

CRM 0.031** 1.118*** -0.085 -0.678** -0.507 -0.38 -0.241*** 0.322
(0.014)  (0.179)  (0.378)  (0.311)  (0.398) (0.52) (0.067) (0.202)

CSCO 0.004 1.095*** -0.199 0.068 -0.492 0.368 -0.079** 0.024
(0.012)  (0.141)  (0.303)  (0.255)  (0.304)  (0.394) (0.031) (0.122)

CVX 0.003 0.796*** 0.193 0.257 0.629** 0.675* -0.073 0.165*
(0.011)  (0.149)  (0.31)  (0.251)  (0.314)  (0.385) (0.061) (0.096)

DIS 0.001 1.083*** 0.223 0.33 -0.366 -0.449 -0.023 0.081
(0.01) (0.131)  (0.28)  (0.225) (0.28) (0.345) (0.039) (0.074)

GS -0.009 1.259*** 0.048 0.896™* -0.15 -0.66* -0.184** 0.135%
(0.012) (0.148)  (0.313)  (0.255)  (0.313)  (0.392) (0.068) (0.068)

HD 0.003 0.983*** -0.061 -0.177 0.307 0.525 -0.034 -0.004
(0.012)  (0.151)  (0.338)  (0.257)  (0.323)  (0.393) (0.061) (0.091)

JPM 0.011 1.075™** 0.13 0.89*** -0.884*** -0.037 -0.168** 0.101*
(0.01) (0.128)  (0.284)  (0.228)  (0.261)  (0.328) (0.073) (0.059)

MRK -0.004 0.695*** -0.499 -0.475** -0.077 1.047*** -0.227*** 0.123
(0.011)  (0.135)  (0.333)  (0.228)  (0.277)  (0.352) (0.069) (0.086)

MSFT 0.012 1.152**  -0.576** -0.06 -0.055 -0.425 -0.093** 0.095
(0.009)  (0.117)  (0.251)  (0.202)  (0.243)  (0.298) (0.039) (0.074)
NKE 0.013 1.003*** -0.305 0.003 0.321 -0.016 -0.193** 0.438"**
(0.013)  (0.163)  (0.334)  (0.277) (0.37) (0.459) (0.081) (0.162)

UNH 0.002 0.775*** 0.237 -0.147 0.551% 0.372 -0.14™** 0.225**
(0.012)  (0.125)  (0.293)  (0.234)  (0.276)  (0.365) (0.045) (0.092)

\Y% 0.022% 0.894™* -0.45 -0.269 -0.329 0.304 -0.22% -0.087
(0.012) (0.13)  (0.294)  (0.246)  (0.352)  (0.401) (0.114) (0.113)
5CB = 6CB, 558 = 555 ~0.109"*  0.105"**
(0.014) (0.021)

Note:

3.4 Sentiment-dependent nonlinear adjustment

We therefore allow the ECT response to differ between overpricing
CB+ _ 4CB
it Uit

> 0 and zero otherwise, and define ulCtB >~ analogously

and underpricing and to vary with sentiment. Define u

CB

when upy

*p<0.1; **p<0.05; ***p<0.01

for negative deviations. We estimate

’ SB_ SB
Fit+1 = i + ﬂ,’ft+1 + 50 Uj 141

CB,+ CB,+ SB) , CB+
+ (50 +67uyy, ) Ui

CB,- CB,—_ SB)\ , CB,—
(0P + 8P uP v (19)

Table 4 summarizes the estimates. When prices are below their
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Table 4: Mispricing proxies and adjustment speed

Specification Coefficient Std. error
Linear: 6¢B8 —0.109*** 0.014
Linear: 658 0.105*** 0.021
Nonlinear: &35 0.067* 0.035
Nonlinear: 55> —0.087*** 0.026
Nonlinear: $~5%  0.444™* 0177
Nonlinear: 6%~ —0.127"* 0.027
Nonlinear: &%~ ~0.012 0.193

ok

p <0.01,"p < 0.10.
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Figure 3: Sentiment-dependent adjustment for American Ex-
press when price is above its factor-implied trend. Dotted
lines denote 90% confidence intervals.

long-run trend, the adjustment coefficient is negative and stable:
gOC B _ —0.127, while its interaction with sentiment is econom-
ically small and insignificant. When prices are above trend, the

5B+ = —0.087, but the in-

teraction with sentiment is positive and significant, ;Slt B+ — 0.444.
Hence favorable sentiment makes the adjustment coefficient less
negative and slows convergence. At sufficiently high sentiment,
correction can temporarily cease or reverse.

The direct sentiment coefficient falls from 0.105 in the linear
model to 0.067 and is significant only at the 10% level. Thus, much
of sentiment’s incremental predictive content is explained by its
effect on the persistence of overpricing rather than by an additive
return channel. The asymmetry is consistent with limits to arbi-
trage: correcting overvaluation often requires short selling, while
undervaluation can be traded through ordinary purchases. It is also
consistent with diagnostic expectations, because favorable corpo-
rate communication can validate beliefs that support an elevated
valuation.

baseline adjustment remains negative,

Confalonieri, Favero, and Leoni

Figure 3 illustrates the mechanism for American Express. The
adjustment speed varies with call sentiment when the ECT is posi-
tive and is occasionally close to or above zero. Corresponding plots
for negative deviations and other diagnostics are provided in the
Web Appendix.

4 CONCLUSION

Stock-specific deviations from factor-implied price trends and earnings-

call sentiment both add predictive content to the Fama-French
five-factor model. Their joint role is parsimoniously captured by a
nonlinear equilibrium-correction model. Prices below trend revert
at a relatively stable rate; prices above trend revert more slowly
when sentiment is favorable. Once this interaction is included, the
direct sentiment effect becomes substantially weaker.

The results connect textual information to the dynamics of factor-
model mispricing. They also suggest practical applications: moni-
toring the ECT together with earnings-call sentiment may improve
conditional return forecasts, risk measurement, and portfolio deci-
sions. Future work can evaluate the mechanism in broader equity
universes and in real-time forecasting designs.
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