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Abstract. Purpose. The purpose of this study is to investigate the potential of the Bayesian Truth Serum mecha-
nism for identifying hidden causes of changes in employee productivity using corporate survey data.
Methodology. The study applies the Bayesian Truth Serum mechanism to extract more reliable information from
corporate survey responses. The method collects two signals from each respondent: a personal answer to a survey
question and an estimate of how other participants are expected to respond. This structure allows analysis not only
of individual opinions but also of respondents’ perceptions of the collective distribution of answers. The analytical
procedure compares the empirical frequency of each response option with the predicted frequency derived from
respondents’ expectations. Based on this comparison, an information score is calculated, reflecting the difference
between observed and expected response distributions. Options that occur more frequently than predicted may indicate
underestimated factors influencing productivity. To demonstrate the approach, a model corporate survey aimed at
identifying causes of productivity changes was analyzed. Aggregated responses were used to calculate empirical
frequencies, predicted frequencies, and information scores, allowing identification of patterns that diverge from
expected collective perceptions.
Results. The results demonstrate that the Bayesian Truth Serum mechanism allows identification of responses that
significantly differ from expected collective evaluations and therefore contain additional information about real
factors influencing productivity. The approach reduces the impact of socially desirable responses and other systematic
distortions commonly present in traditional surveys.
Scientific novelty. The scientific novelty of the study lies in the application of the Bayesian Truth Serum mechanism for
analyzing hidden drivers of productivity changes within organizational environments.
Practical value. The proposed approach can be used to improve the reliability of corporate surveys and support more
accurate identification of factors influencing employee productivity, which may assist managers in making better-
informed organizational decisions.
Key words: Bayesian Truth Serum; employee productivity; causal surveys; information indicator; corporate analytics;
prioritization of interventions.

AHoTtamiss. Mema. MeToro JOCTIKSHHS € aHaJli3 MOXJIMBOCTEH 3acTOCyBaHHs MexaHismMy Bayesian Truth Serum
(baeciBchka cupoBaTka MpaBan) AJIsl BUSIBJICHHS IPUXOBAaHUX MPUYUH 3MiH MTPOJYKTHBHOCTI NpaliBHUKIB HA OCHOBI
JTAHUX KOPIIOPATUBHUX OITUTYBaHb.

Memoouxa. Y nocnijpkeHHi 3acTocoBaHo MexaHi3M Bayesian Truth Serum sik iHCTpyMeHT oTprUMaHHsI OB JOCTO-
BipHOT iH(oOpMAIIil 3 pe3y/bTariB OnuTyBaHb. [1ifXi1 BpaxoBye HE JIMIIIC BJIACHI BIIMOBIII PECIIOHICHTIB, aje i ixHi
OYiKyBaHHS I0JI0 BIJIIOBI/ICH 1HIINX YYaCHUKIB. METOJ IPYHTYEThCS Ha MOPIBHAHHI (PAKTHYHHUX YacTOT BiAMOBiACH
i3 IPOTHO30BAHUMH Ta PO3PaXyHKy iH(OPMAIIIHHOIO MOKA3HUKA, SIKUH J03BOJIsIE BU3HAYUTH BIIMOBIII, 110 MIiCTSTh
HaWOLIbLI iHpOPMATHBHI OIIHKH. J{J1s1 AeMOHCTpALT MiIX0AY PO3MIISIHYTO MOZEIBbHY CUTYALlil0 KOPIIOPATUBHOTO OTH-
TYBaHHSI, CIIPSIMOBAHOTO Ha BUSIBJICHHSI (DaKTOPIB, 1110 BIUTUBAIOTH Ha 3MIHU MPOJyKTHBHOCTI.

Pesynomamu. Otpumani pe3ysbTaTi MOKa3yrTh, 1110 3aCTOCYBaHHs MexaHi3mMy Bayesian Truth Serum mo3Bosnse ineHTH-
(iKyBaTH BiINOBII, SIKi CYTTEBO BIIPI3HSIOTHCS Bijl OUIKYBAaHUX KOJICKTUBHHUX OLIIHOK 1 MICTSITh JOJIATKOBY 1H(pOpMallito
010 peabHUX (DaKTOPIB, SIKi BILIMBAIOTH HAa MPOAYKTHBHICTh. 3aIPOIMIOHOBAHUM MiX1/l 3MEHIIY€E BIUIMB COLIAIBHO
Oa)kaHMX BIJIIOBIJICH Ta IHIIMX CHCTEMATHYHUX BUKPUBIICHB, 1110 YACTO BUHUKAIOTh Y TPAJULIIHIX ONMUTYBaHHSIX.
Haykosa nosusna. HaykoBa HOBU3HA JOCIIDKEHHS MOJSTAE y 3aCTOCYBaHHI MexaHisMy Bayesian Truth Serum s
aHaJIi3y MPUXOBAaHWX YMHHHUKIB 3MiH ITPOJYKTHBHOCTI MPAIIBHUKIB Y MEXaX OpraHi3aliiiHOro cepejoBHIIA.
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Ipaxmuuna snauumicmo. IlpakTHYHA 3HAYUMICTH OTPUMAHHMX PE3YJIBTATIB MOJISTAE Y MOMKIJIMBOCTI BUKOPHCTAHHS
3anpOIOHOBAHOTO MMiAXOY IS IIIBUILIEHHS JOCTOBIPHOCTI KOPIIOPATHBHUX OIUTYBAaHb Ta O1IbII TOYHOTO BUSIBIICHHS
(axTopiB, 110 BIUIMBAIOTH HA MPOAYKTUBHICTh NPAIiBHUKIB, 0 MOXKE OyTH BUKOPUCTAHO ITPU MPUHHATTI yIIpaBiliH-

CHKHX PILIICHB.

KuarouoBi cioBa: Bayesian Truth Serum; mpoayKTHBHICTH NpailiBHHKIB; NPUYUHHI ONMTYBaHHS; iH(pOpMaNiiHUN
NOKa3HMK; KOPIIOPAaTHBHA aHATITHKA; IIPIOPUTE3alisl yIIPABIIHCHKUX BTPYYaHb.

PROBLEM STATEMENT

Research on organizational performance frequently
relies on subjective data sources, including employee
surveys, interviews, self-reports, and peer or manager
assessments. In organizational practice, such instruments
are widely used to diagnose internal processes, identify
barriers to effective work, and analyze potential causes
of productivity changes. Surveys are particularly attrac-
tive because they allow organizations to collect feedback
directly from employees about factors that are difficult to
observe using purely quantitative indicators.

However, behavioral research has accumulated sub-
stantial evidence showing that subjective survey data are
often affected by systematic distortions. Responses may
be influenced by socially desirable behavior, impression
management, or contextual pressures related to organi-
zational hierarchy and expectations. Employees may
therefore avoid expressing critical opinions about man-
agement practices or internal processes and instead pro-
vide answers that correspond to what they believe to be
the expected or acceptable organizational narrative. As a
result, surveys may reflect perceived norms rather than
actual experiences of employees.

Another important limitation arises from common
method bias, which occurs when both potential causes
and outcomes are measured using the same question-
naire instrument. In such cases, relationships between
variables may appear stronger than they actually are
because the measures share the same response patterns.
Consequently, corporate surveys may underestimate
sensitive or inconvenient causes of productivity decline
while overestimating explanations that are more socially
acceptable or widely discussed.

In addition, employees’ perceptions of collec-
tive opinion often differ from the actual distribution of
responses within a group. When respondents attempt to
predict how others will answer survey questions, these
expectations may diverge from the real frequencies of
responses. This gap between perceived consensus and
actual opinions may contain important information about
hidden organizational issues that remain undetected by
traditional survey analysis.

These limitations indicate the need for methodologi-
cal approaches that can extract more reliable signals from
subjective survey data without relying on an external
«correct answer». One such approach is the Bayesian
Truth Serum mechanism, which evaluates responses not
only by their observed frequency but also by comparing
them with respondents’ predictions about the answers of

others. This mechanism makes it possible to detect unex-
pectedly common responses and reveal hidden factors
influencing employee productivity.

ANALYSIS OF LATEST RESEARCH

Research on organizational performance relies heav-
ily on subjective data sources — self-reports, peer and
manager ratings, surveys, interviews, and pulse surveys.
At the same time, behavioral science has accumulated
a significant body of evidence about systematic distor-
tions of such data: from socially desirable responses and
impression management to common method bias, where
both causes (predictors) and outcomes are measured by
the same questionnaire, making the relationship between
them appear stronger than it actually is (correlations are
artificially inflated). [5], [6]. For organizational practice,
this means that even well-designed questionnaires and
interviews risk underestimating «inconvenient» causes of
performance decline or overestimating popular but super-
ficial explanations; a significant body of work explicitly
states the sensitivity of self-reports to context, sanctions,
and management expectations [7], [8], [9]. It is against
this background that mechanisms for encouraging truth-
fulness without an external «truth key» emerge — primar-
ily Bayesian Truth Serum (BTS) and related peer-predic-
tion approaches.

Prelec’s original work showed that it is possible to
award points not for the popularity of an answer, but for
its «unexpected prevalence» relative to the respondents’
own predictions of the distribution of others’ answers.
The information-score combination (log ratio of actual to
predicted frequencies) deducts points for inaccurate pre-
dictions, so it is most profitable to tell the truth — even
when the «correcty answer cannot be verified. [1]. Later,
versions appeared that work on small samples and under
milder conditions (even when participants do not have a
«common basic opinion»): for example, robust BTS for
«yes/no» questions [2]. For large-scale anonymous data
collection (crowdsourcing, job evaluation, sensors), Peer
Truth Serum (PTS) has been proposed, which simulta-
neously encourages both truthfulness and real effort on
the part of the respondent [3]. In parallel, a «surprisingly
populary rule has emerged: choose the answer that occurs
more often than people expected [4]. Together, this pro-
vides a set of tools that allows you to obtain truthful judg-
ments without an external «correct» answer — exactly
what is needed in corporate surveys, where the truth is
often absent or comes late. When we try to find out the
reasons for changes in productivity, data from company
surveys is often distorted. If both «causes» and «results»
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are collected in the same questionnaire, if there is no ano-
nymity, and the questions are sensitive (about overload,
conflicts, quality of management), people are more likely
to underestimate negative signals and answer «as usual»
[5], [6], [7]. Research distinguishes between two types
of socially desirable responses: impression management
and self-deception; in corporate surveys, the former is the
most damaging, as responses can have direct or implicit
consequences for the respondent [8]. And outside HR, the
same is evident: meta-reviews show that socially desir-
able responses significantly degrade the quality of self-
reports, so the use of mechanisms such as BTS helps to
obtain more reliable indicators of causes at a large scale
[9]. In parallel with BTS, a broader theoretical program
of information-theoretic and peer-prediction mechanisms
for non-verification detection has emerged, unifying BTS
with previous approaches (Peer Prediction, Dasgupta-
Ghosh) through payoffs proportional to the mutual infor-
mation of participants’ signals. This framework explains
when and why «honesty» becomes the dominant strat-
egy, particularly in multiple-question settings, and how
to design payoffs to prevent collusion and «coordinated»
responses [10]. For the practice of large companies, this
opens the way to large-scale causal surveys: we can ask
not only what happened (performance assessment), but
also why (up/down factors), while stimulating truthful-
ness and identifying «unexpectedly common» reasons
that conventional questionnaires often fail to detect.
SEPARATION OF PREVIOUSLY UNSOLVED
PARTS OF THE PROBLEM

Despite the growing body of research on survey reliabil-
ity and information elicitation mechanisms, several impor-
tant issues remain insufficiently explored. Existing studies
primarily focus on the theoretical properties of mechanisms
such as Bayesian Truth Serum and its variations, as well as
their applications in experimental settings, crowdsourcing
environments, and prediction markets. However, the use of
these mechanisms for analyzing corporate survey data aimed
at identifying the causes of changes in employee productiv-
ity remains limited. In particular, the potential of Bayesian
Truth Serum to detect hidden organizational factors that may
be underestimated or misrepresented in traditional employee
surveys has not been sufficiently investigated. As a result,
there is still a lack of methodological approaches that allow
organizations to reveal latent drivers of productivity changes
using subjective survey data while reducing the influence of
common response biases.

PURPOSE OF THE RESEARCH

The purpose of this study is to investigate the poten-
tial of the Bayesian Truth Serum mechanism for identify-
ing hidden causes of changes in employee productivity
based on corporate survey data.

To achieve this goal, the following tasks are set:

— to analyze existing approaches to collecting and
interpreting subjective survey data in organizational
research and corporate analytics;
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— to examine the principles and mechanisms of
Bayesian Truth Serum as a tool for extracting informa-
tive signals from survey responses;

— to develop an approach for applying the Bayesian
Truth Serum mechanism to corporate surveys aimed at
identifying factors influencing employee productivity;

— to demonstrate the application of the proposed
approach using a model scenario of a corporate causal
survey and analyze the obtained results.

METHODS, OBJECT AND SUBJECT
OF RESEARCH

The object of the research is the process of identify-
ing factors influencing employee productivity in organi-
zational environments based on subjective survey data.

The subject of the research is the application of the
Bayesian Truth Serum mechanism for analyzing corpo-
rate survey responses in order to reveal hidden factors
affecting employee productivity.

The methodological basis of the study includes
approaches from behavioral economics, information elic-
itation theory, and organizational analytics. In particular,
the research relies on the Bayesian Truth Serum mecha-
nism, which allows the extraction of informative signals
from survey responses in situations where an objective
«ground truthy is not directly observable.

The proposed approach is based on collecting two
types of responses from each participant. First, respond-
ents provide their own answer to a question concerning
potential factors influencing productivity. Second, they
estimate the expected distribution of responses among
other participants. This structure allows the analysis to
incorporate both individual opinions and respondents’
expectations about collective judgments.

The analytical procedure involves calculating empiri-
cal response frequencies and comparing them with pre-
dicted frequencies derived from respondents’ expecta-
tions. Based on this comparison, an information score is
calculated for each response option. The score reflects the
difference between observed and expected frequencies and
makes it possible to identify responses that occur more
often than predicted. Such responses may indicate under-
estimated or hidden factors influencing productivity.

To illustrate the proposed methodology, a model corpo-
rate survey scenario was analyzed. The collected responses
were aggregated to compute empirical frequencies, predict-
ed frequencies, and information scores for each response
option. The results of this procedure provide a basis for iden-
tifying response patterns that differ from expected collective
perceptions and may therefore indicate latent organizational
issues affecting employee productivity.

MAIN PART

Model definition. In our case, each employee answers
two blocks of questions. First, he chooses an answer to the
question itself (for example, «what factor most influenced
the productivity of this sprint?» or «how effective was the
team on a scale of 1-5»). Then he makes a prediction:
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in what proportions, in his opinion, other respondents
will choose each of the options. That is, together with his
own answer, the person provides a distribution of per-
centages for all options, which in total give 100%. It is
this simple technique — «answer + prediction of others’
answers» — that is, the basis of Bayesian Truth Serum
(BTS) in Preletz’s formulation [1]. Next, we summarize
the data for the entire sample. For each answer option k,
we calculate the real frequency x, — that is, what propor-
tion of people actually chose this option. Similarly, for
each option, we calculate the «average prediction» y; .
Here, we take not the usual mean, but the geometric
mean: it is convenient to think of it this way — we average
the logarithms of the forecasts, and then «return» from
the log scale back. The intuition is simple: the geometric
mean is less «distorted» by extreme estimates and more
honestly reflects the typical expectations of the group.

The key to BTS is to compare how often a variant
actually occurs with how often respondents expected to
see it. To do this, an information score is introduced:

Info = Iogx—k (1

If Info(k)>0, the option tl};l{tned out to be «unex-
pectedly common» (more common than predicted). If
Info(k)>0, on the contrary, it was overestimated. A par-
ticular respondent receives exactly the information score
corresponding to the option he chose. Thus, it is not the
«popularity» but the «unexpected prevalence» of the
answer that is rewarded.

We evaluate the accuracy of each person’s prediction
separately. The idea is simple: the closer his predicted
distribution y,, is to the actual x,, the better the score;
the further away, the greater the penalty. It is convenient

to write this as
Pred(r)= aZxklog(yk”j )
T X

k

where a is the penalty weight (from 0 to 1). If the per-
son guessed the distribution correctly, the sum is zero —
this is the best possible result for this component. If the
person consistently missed, the value will be negative. In
practice, a specifies «how much» we value the accuracy
of the prediction relative to the information score: a=1
makes the game balanced within the group, @ <1 — miti-
gates the penalty for prediction errors.
The respondent’s final score is the sum of two parts:
S, = Info(ChoosenAnswer )+ Pred (r) 3)

where Info(Choosenanswer) is the unexpected preva-
lence, Pred(r) is how well you guessed the group.

This simple expression creates the necessary incen-
tive: to have a high score, it is beneficial to answer
honestly (because then you are more likely to be in the
«unexpectedly truthful » minority) and to make realistic
predictions about others (because points are deducted for
mistakes). Even when the «correct » answer cannot be
verified, the best strategy is to tell the truth and soberly
evaluate the opinions of colleagues.

To calculate the formulas above, we will need inter-
mediate formulas for individual values. Let us denote the
answer options by the index k {l,...,m} and the respond-
ents by re {1,...,n} :

— The actual frequency of variant & :

X, = %)le {respondentRpickK } 4)

This is a simple percentage: what proportion of peo-
ple actually chose each reason.

— The «group forecast» for option K is the geometric
mean of the individual forecasts

1 n
logy, = - > logy,, Q)
=1

Next, this value must be normalized to 1. If some-
one's forecast is 0%, then a small constant (for example,
107 is added before the logarithm and then normalized
again. The geometric mean is important here: it «smooths
out» single over/undershoots and better reflects the typi-
cal expectation of the group — that's how BTS is designed

Then, from these two aggregates, scores are calculat-
ed using formula (3). The first part rewards an «unexpect-
edly truthful» answer, the second part punishes unrealis-
tic expectations about the group. When the respondent’s
prediction coincides with x, the second sum is zero — it
can’t get any better.

There are a few practical nuances. If someone had given
zero percent for an option, the formulas would have /og0 to
avoid this, a tiny constant (e.g., 10-6) would be added to the
distributions and then normalized to 100%. For questions
of the «1-5 scale» type, everything works the same, but the
«optionsy are played by scores 1, 2, 3, 4, 5. For questions
with a list of factors («what influenced performance? »), it is
most convenient to ask to choose the main factor and sepa-
rately give a forecast for all factors; then the formulas remain
unchanged. If you want to allow several factors at once, you
can reduce them to a sequence of simple choices (several
sub-questions) or ask to distribute «100 influence points»
between the optioncthe sample: these are the reasons that
turned out to be «unexpectedly common. » In the context
of performance, such signals are especially valuable: they
often highlight a «wildcard» factor that management or a
wider range of employees have underestimated. Combining
these findings with our quantitative predictions (from previ-
ous sections), we get a closed loop: we predict when perfor-
mance will change, and at the same time transparently reveal
why it happened — at the scale of a large organization and
without the need for expensive series of 1-on-1 interviews.

Experimental results. Questions and answer for-
mat. In a practical example, we model one sensitive ques-
tion: «What is the main reason for the performance dip
over the last 2 weeks (sprint)? » The respondent takes
two steps: chooses one reason (his answer) and gives a
forecast — in what proportions, in his opinion, others will
distribute the answers between all options (the sum is
100%). This way we get both real choices and expecta-
tions about colleagues’ choices — this is the key to BTS.



N2 1= 2026

We work with 20 respondents and record a set of rea-
sons: A — «unplanned tasks», B — «excessive meetings»,
C — «vague requirementsy», D — «tech debt», E — «slow
CI/CD», F — «dependencies on other teams», G — «fre-
quent interruptions/chaty», H — «incidents in prod»,
I — «other». We make the predictions sparse: usually
the respondent distributes the percentages between only
2-3 reasons (the others are given zeros). This is closer to
real behavior — people do not keep in mind the complete
distribution of all options.

BTS response format:

— choose one main reason;

— give a prediction of how you think others' answers
will be distributed (shares for all options, sum = 100%).

What kind of scenario are we showing? To demonstrate
the analytical utility of BTS, we consider two data states:

1. Basic sparse state: we generated individual
responses and forecasts with typical biases (for example,
people intuitively overestimate the role of «meetings»
or «interruptionsy»), calculated and obtained a «natural»
through the geometric mean.

Table 1. Respondents' answers
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2. Scenario of «inflated expectations for meetings»: we
left the actual frequencies unchanged (i.e., people's real elec-
tions did not affect them), but formed a target group forecast.

To make the geometric mean truly equal to these val-
ues, all respondents were given the same (or nearly the
same) forecast line. The goal is to show a case where the
corporate narrative expects meetings to dominate (80%)
while the actual election x, does not confirm this. In this
case, Info(meetings) becomes negative (overestimation),
and the underestimated causes with non-zero and low
receive high positive Info and come to the fore as hidden
drivers of subsidence.

This is an important point of the methodology: BTS
does not require an external «right answer». It reveals
the gap between what people actually chose x, and what
they expected from each other y, . It is this gap that is a
marker of «unexpected prevalence» or «overestimation»
of reasons. In large companies, this helps filter out loud
but exaggerated topics and highlight those that really
«hurty, although they sound less often.

Results. Information for respondents.

[R 10] A B C D E F G H 1
RO A 10 25 0 31 0 0 0 34 0
RO2 A 0 54 0 0 0 16 0 0 30
RO3 A 41 0 21 0 38 0 0 0 0
R0O4 B 59 28 0 0 0 0 13 0 0
ROS B 0 92 0 0 0 0 0 0 8
RO6 B 10 64 0 0 0 0 0 0 26
RO7 C 56 44 0 0 0 0 0 0 0
RO8 C 0 63 0 0 0 37 0 0 0
R0O9 D 0 0 66 4 0 0 30 0 0
R10 D 23 0 0 0 18 33 0 26 0
R11 D 0 65 0 0 0 35 0 0 0
R12 E 0 0 11 14 0 42 0 0 33
R13 F 49 0 0 51 0 0 0 0 0
R14 F 29 45 0 26 0 0 0 0 0
R15 F 0 33 33 16 0 18 0 0 0
R16 F 0 59 0 0 0 22 19 0 0
R17 G 0 0 0 26 0 0 0 8 66
R18 G 0 0 0 8 0 0 0 52 40
R19 H 32 0 0 40 17 11 0 0 0
R20 | 14 86 0 0 0 0 0 0 0
Table 2. Scoring of respondents
[R O] Info Pred Score
RO A 1774 -12.5125 -11.3352
R0O2 A 1774 -15.0116 -13.8342
R0O3 A 774 -17.5944 -16.4171
R04 B -1.835 -14.9653 -16.8003
ROS B -1.835 -20.1575 -21.9925
RO6 B -1.835 -16.3532 -18.1882
RO7 C 8.673 -17.4665 -8.7935
RO8 C 8.673 -16.1432 -7.4702
R0O9 D 2.659 -16.5332 -13.8743
R10 D 2.659 -13.7035 -11.0445
R11 D 2.659 -16.1507 -13.4917
R12 E 9.3205 -12.4761 -3.1556
R13 F 4.1363 -17.4643 -13.328
R14 F 4.1363 -13.6185 -9.4822
R15 F 4.1363 -9.8611 -5.7248
R16 F 4.1363 -13.6618 -9.5256
R17 G 10.0319 -18.9882 -8.9563
R18 G 10.0319 -19.0969 -9.065
R19 H 7.9955 -11.183 -3.1875
R20 | 5.3233 -17.5759 -12.2526
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Reason XL ¥* % Info
Frequent interruptions/chatting 10.0 0.0 % 10.0319
Slow CI/CD 5.0 0.0 % 9.3205
Unclear requirements 10.0 0.0 % 8.673
ncidents in production 5.0 0.0 % 7.9955
Other 5.0 0.0 % 5.3233
Dependencies on other commands 20.0 0.3% 4.1363
Tech debt 5.0 1.1 % 2.659
Unplanned tasks 5.0 4.6 % 1.1774
Excessive meetings 5.0 94.0 % -1.835

Duetothestrongcollectivebiasofexpectationstowards
«excessive meetingsy, Pred is on average noticeably neg-
ative (mean ~—15.53;median —16.15; range—20.16to —9.86) .
This is normal: when forecasts do not match the actual x,
there is a penalty for inaccuracy.

— Distribution. Minimum = —21.9925, median =
—11.1898, 75th percentile = 8.9156, maximum = 3.1556,
mean ~ —11.3960. So, some participants get high x scores
due to «unexpectedly commony answers (large positive
Info '), others get low scores due to «overestimated» (neg-
ative Info ) or «moderate» reasons.

— Respondents with good answers.

o RI12 («Slow CI/CD»): Info =
—12.4761, S = —3.1556. — the best result.

o RI19 («Incidents in Prody»): Info = 7.9955, Pred
—11.1830, S~ —3.1875.

o R15 («Dependencies on other commands»): Info =
4.1363, Pred ~—9.8611, S~ —5.7248.

— Respondents with worse answers.

9.3205, Pred

u

u

o RO5 («Exc. meetings»): Info =~ —1.8350,
Pred ~—20.1575, S~ —-21.9925.

o R0O6 («Exc. meetings»): Info =~ —1.8350,
Pred ~—16.3532, S~ —18.1882.

o R04 («Exc. meetingsy): Info =~ -—1.8350,

Pred ~—14.9653, S~ —16.8003.

These respondents have both a «negative» Info
(because the meetings are overestimated ) and inaccurate
forecasts relative to the actual x, so the sum gives a very
low S.

What answers were chosen more often? «Depend-
encies on other teams» —4/20 (20%), «Unplanned tasks» —
3 (15%), «Excessive meetings» — 3 (15%), «Tech debt» —
3 (15%), «Vague requirements» — 2 (10%), «Frequent
interruptions / chaty — 2 (10%), «Slow CI/CD» — 1 (5%),
«Incidents in prod» — 1 (5%), «Other» — 1 (5%). This
gives an intuition for the actual choices, but the decisive
factor for S remains the /nfo of the selected option plus
the Pred of a specific person.

DISCUSSION OF RESULTS

We estimate three values for each reason: the actual
share of elections ( x,), group expectations ( y,) and the
indicator.

Info = log =~
nro=iog—
g)’k

The interpretation is straightforward: if Info>0,
the reason turned out to be unexpectedly wide-
spread (the group underestimated it); if /nfo<0, it is

overestimated at the level of the entire sample. In our
scenario, «Excessive meetings» has (x=15%) ver-
sus (y=80%), so (Info=-1.674). That is, the narrative
«meetings are the main culprit» turned out to be overesti-
mated. On the other hand, «Dependencies on other teams»
(x=20%versus y =5%,Info =1.3863), «Frequent inter-
ruptions / chaty (x=10%versus y =5%,Info=0.6931) and
«Unplanned tasks» (x=15%versus y =10%, Info = 0.4055)
are underestimated silent culprits: they occurred more
often than expected. Additionally, we see a group of rea-
sons that completely «fell off the radar» of expectations:
for options with a given y, =0, any non-zero x, gives a
very large positive /nfo (we just technically add a small
in front of the logarithm). Thus, «Tech debt», «Vague
requirementsy, as well as «Slow CI/CDy, «Incidents in
prod» and «Other» indicate that these factors were not
expected , but are actually present in the answers — this is
a strong signal for further investigation.

From a management perspective, it is advisable to
single out 2-3 causes with the highest positive Info as
first-line candidates for action (process changes, tools,
policies) in the final report, and to name 1-2 causes with
the lowest Info as overestimated at the level of the entire
sample. For both groups, it is worth making local slices
(teams, roles, locations) and adding an impact assessment
to prioritize not only by prevalence, but also by expected
damage: this way we focus efforts on causes that both
occur frequently and have the greatest impact on produc-
tivity.

It is important to note that a negative Info does not
mean that the «cause is not important». It just means that
in our sample it occurred less frequently than expected.
For rare but potentially highly damaging causes, we
always check subgroups and objective metrics (e.g., real-
time in meetings, CI/CD queues, number of integration
blockers, etc.).

CONCLUSIONS

The study demonstrates that the Bayesian Truth
Serum mechanism can be effectively integrated into cor-
porate causal surveys to diagnose changes in employee
productivity in situations where no external «truth key»
exists. By comparing respondents’ actual choices with
their expectations about others’ answers, the method
reveals discrepancies between perceived and real col-
lective opinions. Such differences allow identification of
underestimated causes of productivity decline as well as
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topics that may be overestimated due to organizational
narratives or socially desirable responses.

The demonstration scenario confirmed the presence
of expectation bias in survey data: some widely discussed
factors appeared less influential than expected, while sev-
eral less visible causes turned out to be unexpectedly
widespread. This property makes the approach useful for
prioritizing managerial interventions by focusing atten-
tion on factors where observed responses systematically
exceed expectations.
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The limitations of the presented example include
the relatively small sample size, the use of a single sur-
vey wave, and the assumption of one primary cause per
respondent. Future research should focus on longitudinal
applications of the approach, the development of more
robust variants of the mechanism for small subgroups,
the inclusion of multiple response options with influence
weights, and the integration of Bayesian Truth Serum
with predictive productivity models.
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