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Abstract

Financial regulations rely on regulator-controlled models to generate probabilistic fore-

casts which determine firm constraints. I refer to these forecasts as regulator model-implied

beliefs. Using the U.S. life insurance sector as a laboratory, I measure both regulator

model-implied and insurer expectations. I show that the regulator model disagrees with

insurers yet quantitatively mirrors the systematic belief patterns observed in human fore-

casters, embedding these patterns into regulatory constraints. Insurers, in turn, pass

through these belief dynamics into their portfolio decisions, effectively coordinating be-

havior at the sector level. This mechanism reveals a new channel linking well-documented

belief dynamics to financial intermediary decisions.
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1 Introduction

Modern financial regulations increasingly rely on models to quantify future risks. These mod-

els generate probabilistic forecasts that are then embedded into regulatory requirements. For

example, bank risk weights depend on model-estimated default probabilities, while insurer li-

abilities are based on the model-simulated distribution of future losses. Because regulators

prescribe or approve these models, entire industries are governed by the same outlooks (or a

narrow range of approved ones), binding firms to a common view of the future. I refer to these

regulator model-generated probability distributions, which directly determine firm constraints,

as regulator model-implied beliefs.1

These beliefs are everywhere, yet remain poorly understood. What do they look like? How

do they differ from those of regulated firms? And how much do they shape firm behavior?

The U.S. life insurance sector provides a unique laboratory for answering these questions.

A single regulator prescribed interest rate model determines statutory requirements. Because

the model is public, we can directly recover its implied probability distribution and compare

them to the yield assumptions insurers disclose in investor calls. In addition, regulatory filings

provide detailed data on portfolios, letting us trace how these different outlooks shape firm

actions. The sector is not only economically large—managing over $10 trillion in liabilities and

serving as the biggest intermediary of corporate bonds—but is also representative of model-

based regulation in banking and pensions.2

The setting reveals three main findings. First, the regulator’s model forecasts at least as well

as professional surveys, but exhibits the same systematic patterns: persistent negative errors

and underreaction to news. Second, the model’s yield expectations often disagree with insurers’

assumptions by more than 200 basis points at long horizons. Third, because the model-implied

beliefs are directly embedded into regulation, the disagreement pressures insurers to act in ways

they otherwise would not: they rebalance portfolios and adjust their own assumptions to align

more closely with the regulator’s model.

Together, the evidence shows that the dynamics of regulator model-implied beliefs drive the

dynamics of intermediary balance sheets. This opens a new channel through which systematic

belief patterns, long documented in surveys, become consequential for the economy. Once em-

1The models represent beliefs in the sense that they imply a coherent set of probabilities over future outcomes;
these beliefs may, however, differ from officials’ own subjective beliefs due to incentives or institutional frictions.

2e.g.,Banks: Basel III’s market, credit and operational risk components; Insurer: U.S. valuation laws (AG43,
VM20, VM21, VM22) and risk-based capital (C3 P1/P2), and EU regulations (Solvency II); Pensions: EU fund
risk (IORP II)
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bedded in regulation through models, they transmit directly into the actions of regulated firms.

More broadly, because entire sectors are coordinated by the same set of regulator model-implied

beliefs, they deserve a central place in the study of capital allocation, asset prices, and systemic

risk.

I begin by measuring the model-implied beliefs that determine insurer constraints. Life

insurers calculate their risk based capital and policy reserves from the tail of simulated losses.

Traditional life reserves, for example, use the average of the worst 30% of simulated outcomes.

To prevent firms from gaming these simulations, the regulator prescribes its own model eco-

nomic model. I extract the model’s implied expectations of future yields and refer to them

as regulator model-implied expectations. Because these simulations extend over decades, out-

comes are largely driven by the drift of the interest rate process, making expectations the key

determinant of regulatory constraints.3

In the analysis below I takes these expectations as given, since they shape insurer con-

straints regardless of how they arise. Even so, it is useful to understand the regulator’s model

design philosophy. The regulator’s stated objective in developing the model was to replicate the

observed distribution of yields rather than to embed additional prudence through pessimistic

assumptions. Consistent with this objective, the model’s forecasts perform as well as those of

professional surveys, indicating that its probabilities are not systematically tilted toward ad-

verse outcomes. In practice, prudence in regulation arises from the use of tail-loss measures in

capital and reserve requirements rather than from distortions in the model’s probabilities. Some

aspects of the model, however, reflect institutional frictions—for instance, a built-in parameter

update rule that avoids the need for legislative discretion when parameters are changed—though

these features do not appear to impair forecast accuracy.

Insurers, meanwhile, form their own interest rate assumptions to guide planning, pricing,

and allocation. These assumptions are stated in investor calls, providing a direct window into

their expectations. Using recent advances in Natural Language Processing (NLP), I build a

Retrieval Augmented Generator (RAG) that parses transcripts of publicly traded firms and

extracts the stated numbers. Here too, I take these assumptions as given, though I show later

that they are partly shaped by firms’ incentives to align with the regulator.

Using these data, I begin by examining the systematic properties of the regulator’s model-

implied expectations and compare them to those of professional forecasters in the Blue Chip

Financial Forecasts (BCFF). The model’s forecasts are at least as accurate as those of profes-

3See Appendix A for a discussion and calibration exercise quantifying the relative impact of the drift.
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sional surveys in predicting future yields, yet they exhibit the same well-documented patterns as

professionals: persistent negative forecast errors and underreaction in forecast revisions. Quan-

titatively, these patterns are nearly identical. In effect, the model reproduces the same belief

dynamics observed in human forecasters. But with one crucial difference: the model’s dynamics

are embedded in the evolution of regulatory constraints.

Next, I compare the model’s expectations with those of the insurers it constrains. Figure

1 plots regulator model-implied and average insurer expectations for ten-year yields against

realized outcomes. The model typically expects yields to stay lower for longer than insurers.

This difference does not reflect disagreement about the long-run mean—on that, they largely

agree—but stems from the model’s assumption of greater persistence in the interest rate pro-

cess. The model implies a half-life of more than ten years, compared with three to seven years

insurers typically assume. In the low-rate environment, this persistence assumption produced

disagreements as large as 200 basis points for ten-year-ahead yields. More recently, as rates

have risen, the same mechanism has generated disagreement in the opposite direction, with the

model now expecting yields to stay higher for longer.

Figure 1: 10yr yield expectations: regulator ER
t [y10,t+h] vs average insurer EI

t [y10,t+h]

The figure plots the realized path of 10-year yields against vintages of regulator model-implied expectations
ER
t [y10,t+h], and insurer’s average expectations EI

t [y10,t+h]. Due to data availability limitations insurer
expectation are only plotted starting 2009.
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Because these model-implied expectations are embedded in regulatory constraints, insur-

ers cannot simply ignore them. The large disagreement pressures firms to act in ways they

otherwise would not. Next, I therefore look at how the regulator model-implied expectations

impact firm behavior, focusing on two dimensions: bond allocations and reported interest rate

assumptions.

On the allocation side, disagreement with the regulator creates a trade-off. Insurers can raise

additional capital and continue investing based on their own views, insulating their portfolios

from the model-implied beliefs they disagree with. Or, if capital constrained, they can satisfy

regulatory constraints by aligning their portfolios with the model—passing the model-implied

beliefs through to their allocations.4 If the latter effect is strong, then the systematic patterns

in model-implied beliefs will be relevant for broader phenomena like overall capital allocation

and asset prices.5 Hence, I next assess the portfolio passthrough using two quasi-experiments.

The first experiment exploits differences in insurers’ exposure to model-based regulation.

Traditional life and fixed annuity policies carry similar interest rate risk and, before 2017, fol-

lowed similar reserving rules. The introduction of Valuation Manual 20 (VM20) in 2017 changed

this: traditional life reserves had to be calculated using simulated losses based on the regula-

tor’s model, while fixed annuities remained exempt. Firms with a larger share of traditional life

business thus became more exposed to model-implied beliefs. A difference-in-differences analy-

sis shows that these firms increased their holdings of long-term bonds, with portfolio duration

rising from 6.7 to 7.8 years (a one standard deviation shift) consistent with rebalancing toward

assets favored under the model’s lower-for-longer outlook.

The second experiment exploits arbitrary variation in the regulator’s model-implied expec-

tations that stems from an ad hoc rule for updating the model’s long-run mean. Each year, the

regulator drops old yield observations from the input sample and rounds the parameter to the

nearest 25 basis points. This procedure generates discrete, quasi-random shifts in the model’s

outlook that are unrelated to fundamentals. Using these shifts as an instrument, I find that

insurers significantly rebalance their portfolios in response, adjusting portfolio duration in line

with the direction of the model’s belief changes. The results indicate that insurers respond

mechanically to fluctuations in the regulatory model-implied expectations, even when those

fluctuations are economically uninformative. Highlighting that temporal variation in regula-

tor model-implied beliefs passes through to intermediaries’ allocation, shaping the dynamics of

their balance sheets.

4e.g., if the model forecasts rising yields, holding shorter-maturity bonds reduces projected losses compared
to holding long-term bonds. Helping satisfy regulatory requirements without raising capital or hedging.

5For example, life insurer portfolio’s duration is known to drive credit spread dynamics (Li, 2024).
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Turning to insurers’ reported expectations, I find similar evidence of passthrough. After

the 2017 introduction of VM20, insurers significantly revised their interest rate assumptions,

moving them closer to those implied by the model. Long-horizon disagreements fell by over

100 basis points. Because the model’s design was public several years before VM20, this con-

vergence likely reflects strategic alignment rather than learning. Given that management uses

these assumptions to guide risk management, pricing, and planning, the response of reported

expectations suggests that regulator belief dynamics influence multiple dimensions of insurer

decision-making beyond just portfolio allocations.

Related literature: The findings broadly speak to the literatures on subjective beliefs and and

risks in the insurance sectors.

This paper relates to the literature linking systematic belief patterns to asset prices, macro

fluctuations, and financial stability (Barberis et al., 2015; Adam et al., 2017; Greenwood et

al., 2019; Bordalo et al., 2021; d’Arienzo, 2020; Nagel and Xu, 2023; Krishnamurthy and Li,

2020; Maxted, 2024), by identifying a new mechanism through which these belief dynamics be-

come economically consequential. A central challenge in this literature is the belief passthrough

puzzle: survey expectations display systematic patterns, yet the agents surveyed (analysts and

households) often do not make portfolio decisions, and those that do, the link between beliefs

and actions is weak (Merkle and Weber, 2014; Giglio et al., 2021; Charles et al., 2024). In

contrast, regulator model-implied beliefs naturally have strong passthrough. They exhibit the

same systematic patterns as surveyed expectations but are embedded directly in financial con-

straints, creating a regulatory channel through which belief dynamics coordinate sector-wide

capital allocation.

This paper also contributes to the subjective expectations literature by measuring regula-

tor model-implied and insurer interest rate expectations. Prior work has largely focused on

households and professional forecasters (see Adam and Nagel, 2023 for a comprehensive re-

view). A growing strand now studies institutional investors, whose expectations are naturally

consequential given the scale of assets they manage (Andonov and Rauh, 2022; Dahlquist and

Ibert, 2024; Couts et al., 2024). I extend this work by introducing two new sets of interest rate

expectations: (i) those embedded in regulator models that define the constraints faced by insti-

tutional investors, and (ii) those disclosed by life insurers in investor communications. Relevant

to this strand of the literature, I show that insurer assumptions respond to regulations. This

suggests that institutions’ assumptions should not be interpreted as purely reflecting subjec-

tive expectations, but rather as outcomes of broader optimization decisions shaped by strategic
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considerations.

This paper relates to the literature on insurance and financial regulation by identifying a new

driver of insurer behavior and highlighting the limits of model-based regulation. As life insurers

have become increasingly complex and systemically important (Koijen and Yogo, 2016; Acharya

et al., 2017; Koijen and Yogo, 2017; Ellul et al., 2022; Koijen and Yogo, 2022), regulators have

turned to model-based frameworks. To prevent firms from gaming these models (Behn et al.,

2022; Plosser and Santos, 2014; Sen and Sharma, 2020), regulators now prescribe their own

models. Sen (2023) shows that when such regulations incorporate new risks, insurers respond

by hedging them. I complement this finding by showing a speculation channel, distinct from the

hedging channel: insurers reallocate portfolios to align with the model’s projections—reducing

losses when the view proves correct, but amplifying them when it does not.6 Moreover, because

statutory liabilities are now re-evaluated each period using market sensitive models, insurer

balance sheets are becoming less historical cost based and more market sensitive. This shift

potentially weakens the asset insulator effect documented by Chodorow-Reich et al. (2021)—

reducing the sector’s role in dampening systemic risk.7

Outline: Section 2 describes the measurement of regulator and insurer interest rate expecta-

tions. Section 3 documents the behavior of these beliefs, focusing on the disagreement between

regulators and insurers and systematic patterns in their expectations. Section 4 examines the

impact of regulator beliefs on insurer bond allocation decisions, and explores the passthrough

of regulator model-implied expectations on insurer assumptions. Finally, Section 5 concludes

and discusses the broader implications of these findings.

2 Measurement and Data

This section describes how I measure expectations relevant to insurers’ regulatory constraints

and operating decisions. First, I use the interest rate model prescribed by regulators to con-

struct model-implied expectations. Second, I collect insurers’ assumptions about future interest

rates—assumptions that insurers say they use for internal risk management and portfolio allo-

cation decisions—which they disclose in conference calls.

6The finding relates more broadly to work on how regulatory requirements and financial constraints shape
insurer behavior (Becker and Ivashina, 2015; Koijen and Yogo, 2015; Ellul et al., 2015; Ge and Weisbach, 2021;
Egan et al., 2022; Becker et al., 2022; Tang, 2022; Ge, 2022).

7More generally, coordinated insurer rebalancing can generate persistent price impact on corporate bonds
(Ellul et al., 2011; Nanda et al., 2019; Murray and Nikolova, 2022; Chaudhary et al., 2023).
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2.1 Regulator model and measuring model-implied beliefs

U.S. life insurance companies are regulated at the state level, with oversight harmonized at the

federal level by the National Association of Insurance Commissioners (NAIC). Catalyzed by

the financial crisis, the NAIC has shifted toward forward-looking and risk-based regulation. In

particular, they now rely on model-based approaches to ensure that insurers manage their asset-

liability positions in a way that is resilient to interest rate fluctuations. Under this framework,

insurers calculate the expected shortfall of their assets and liabilities. The results of which then

determines statutory risk-based capital and policy reserve requirements.

The expected short-fall calculation proceeds in two steps. First, based on assumptions about

how interest rates will evolve, insurers estimate a multi-year loss distribution of assets and li-

abilities. Second, using this simulated distribution, they then calculate the expected shortfall

i.e., the average of the worst tail-losses. The regulator sets the tail percentile for the amount of

risk they are willing to allow insurers to have on their balance sheets (e.g., 30% for statutory

reserves, 5% for risk-based capital).

For the first step, earlier regulations allowed insurers to make their own assumptions about

future interest rates and how they depend on current yields. However, to ensure these as-

sumptions accurately reflected interest rate dynamics, starting in 2017 the regulator began

prescribing a pre-calibrated model of yields. As a result, all insurers now face regulatory con-

straints based on the same projected path of interest rates. I refer to these projections as

the regulator model-implied beliefs. Model-implied beliefs of this kind are widely used across

financial regulation and are a common feature of how regulatory constraints are set, including

in banking and pension regulation.8 In this insurance setting, however, the prescribed model is

publicly available, allowing us to directly measure these model-implied beliefs and study their

effects on insurer behavior.

2.1.1 Model

The regulator models long term interest rates as a mean reverting process with stochastic

volatility. The model has three endogenous variables: the log 20-year nominal yield (ln y20,t),

the slope of the yield curve (measured as the spread between the nominal 20-year and 1-year

yields, st := y20,t − y1,t), and log volatility of the log long-rate (lnσ20,t). Specifically, these

8In some regulatory settings, rather than prescribing a single model, regulators control model quality by
approving firms’ internal models. This leads to a similar convergence of models, but toward the set of admissible
ones that minimize regulatory requirements (Behn et al., 2022).
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variables follow the mean-reverting processes described by the monthly frequency equations,9

∆ ln y20,t = β1(ln ȳ
(h)
20 − ln y20,t−1) + ψ(s̄− st−1) + σ20,tu1t (log long rate)

∆st = β2(s̄− st−1) + (y20,t−1)σ2u2t (slope)

∆ lnσ20,t = β3(ln σ̄ − lnσ20,t−1) + σ3u3t (log volatility)

where the shocks ut := [u1t, u2t, u3t]
′ are jointly normally distributed and correlated,

ut = Σ1/2εt s.t. Σ =

 1 ρ12 0

ρ12 1 0

0 0 1

 and εt ∼ N(0, I)

Additionally, the 20-year yield and 1-year yields are bounded between y20,t ∈ [1.15%, 18%] and

y1,t ∈ [1%, 40%], respectively.10

For any simulations made in year h, insurers have to use the 20-year yield mean reverting

point ȳ
(h)
20 . To capture secular changes in nominal rates, at the start of a given year h, the

parameter is calculated using a linear combination of various backward looking medians and

means, which is then rounded to the nearest 25 basis points,

ȳ
(h)
20 = Round25bps

{
0.2×Med600m,h (y20) + 0.3×Mean120m,h (y20) + 0.5×Mean36m,h (y20)

}
where Med600m,h (y20) := Median{yh−600, . . . , yh−1} is a 600-month moving median, Mean120,h (y20) :=
1

120

∑120
l=1 y20,h−l is a 120-month moving average, and Mean36m,h (y20) :=

1
36

∑36
l=1 y20,h−l is a 36-

month moving average.

The model parameters were calibrated in December 2008. Table 1 presents these param-

eters.11 Long-term rates converge particularly slowly, with an implied half-life of around 11.3

years. Therefore, the transition path from current yields to the long-term mean critically drives

long-horizon projected losses.

To generate interest rate projections: current yields (the model’s state variables) are initial-

ized using the prevailing 20-year and 1-year interest rates, and stochastic volatility is initialized

using its long-run mean calibration. The model then draws shocks εt ∼ N(0, I) and uses these

9The slope equation has an additional mean-reverting term on long-yields, but its contribution is effectively
zero, so is omitted here for brevity.

10The short-rate 1% floor is a “soft bound”; if it goes below 1% y1,t is set to 0.25y20,t. Hence, in theory y1,t
can go as low as 0.2875%.

11ψ is an error correction rate and hence the implied half-life is omitted.
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Table 1: Regulator model parameters

Reversion/Correction Rates Long-Run Means Shock Covariances

β1 β2 β3 ψ s̄ σ̄20,t σ2 σ3 ρ12

Parameter (3 d.p) 0.005 0.027 0.040 0.252 0.010 0.029 0.041 0.115 -0.192
Half-life (years) 11.3 2.2 1.4 — — — — — —

with the initialized values to project the model forward. Using the resulting projected path

of 20-year and 1-year yields, the model then calculates other yields by fitting a Nelson-Siegal

curve.12 This process then is repeated many times to generate a distribution of interest rate

projections, which are then used to determine the loss distributions.

2.1.2 Measuring model-implied expectations

Using the regulator’s model, we can in principle construct any moment of the regulator model-

implied belief distribution. I focus on expectations, as the multi-year horizon of the ex-

pected shortfall calculations for regulatory requirements makes them the primary driver of

insurers’ constraints (see Appendix A for a formal quantification). Over such horizons, the

drift/expectation of the loss process dominates other moments—much like how, for equities,

the equity premium drives long-run returns while volatility matters mainly over short horizons.

To calculate the model-implied expectations, the bounds in the model prevent a closed-form

solution, so the expectations must be evaluated numerically. For any given period, this is done

by taking the relevant initialization conditions, simulating a large number of interest rate paths,

and averaging the outcomes. Figure 1 plots vintages of the regulator’s model-implied expected

path of 10-year yields, ER
t [y10,t+h], alongside the realized path of 10-year yields, y10,t.

2.1.3 Interpreting regulator model outputs

The regulator’s model represents a coherent set of beliefs in the sense that it implies a proba-

bility distribution over future outcomes. These beliefs may not align with the regulator’s own

subjective views, whether due to regulatory incentives to emphasize certain adverse outcomes

or institutional frictions that limit model updating. Ultimately, however, they are the beliefs

that determine the constraints faced by all insurers. Hence, understanding their properties is

required to understand how insurer constraints evolve and drive their decision-making.

12The model uses the yield curve function, yn,t+h = β0,t+h+β1,t+h
λ
n

(
1− e−n/λ

)
, where λ = 5/2 is the preset

shape parameter. The β0,t+h and β1,t+h coefficients are determined using the simulated y1,t+h and y20,t+h.
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My main analysis does not hinge on why these beliefs take their particular form—it takes

them as given and studies their properties and implications for firm actions. Nonetheless, un-

derstanding the regulator’s model design philosophy, and whether it reflects motivations other

than correctly forecasting interest rates, is of interest in its own right.

The regulator states that the model is designed to match the observed distribution of interest

rates (P-measure distribution), rather than to distort probabilities for pricing or prudential

purposes. As outlined in their December 2008 report:

“The scenarios created by the SLV [(stochastic local volatility)] model are real world,

P-measure, scenarios...it does not produce scenarios that are arbitrage free in respect

of the starting yield curve. As such, the SLV scenarios are not appropriate for

market pricing of financial instruments (assets or liabilities); they are intended for

real world cashflow projections.”

Empirical properties of the model-implied beliefs are consistent with this stated design goal

(see Section 3). First, the model’s forecast errors are similar to or smaller than those of pro-

fessional forecasters, suggesting it is not systematically skewed toward adverse scenarios and

that there is limited scope for the regulator to materially improve forecast accuracy. Second,

the model’s long-run mean is in line with that of other market participants, rather than being

set unusually low to build in conservatism. Third, while the model tended to expect “lower

for longer” yields than other agents prior to 2022, it has since shifted to expecting “higher for

longer” yields—implying a less prudent view than other agents in the current higher yield envi-

ronment.13 Overall, the evidence suggests that prudence in the regulation is expressed through

the choice of tail percentile in expected shortfall calculations, rather than by distorting the

model’s underlying probabilities.

While a prudence motive does not appear to drive the model-implied beliefs, institutional

frictions may still influence their form. For example, the consensus-based decision-making

process within the NAIC, combined with the decentralized nature of state-level legislation,

makes it difficult to implement discretionary parameter revisions. These fictions help explain

why the long-run mean is updated using a mechanical rule, and why there have not been changes

to other parameters since 2008. With that said, the lack of discretionary changes to the model

does not seem to have impacted its accuracy, which is comparable to that of professionals. This

may be because estimating the parameters of an interest rate process is challenging even with

multiple decades of data (Farmer et al., 2021), so the scope for substantial revisions based on

a few additional years of data is limited. Moreover, the parameter that has varied most over

13Higher for longer view is less prudent because insurers’ assets tend to have a shorter duration than liabilities,
and hence, in a higher rate environment they are more likely to have a surplus.
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time—the long-run mean—is updated every year using a rule that approximates the Kalman

filter a Bayesian learner would apply.14

2.2 Insurer interest rate assumptions

Insurance companies make assumptions about the path of interest rates to assess risks to their

business and to guide their policy issuance and portfolio allocation decisions. Standard indus-

try practice is to assume that interest rates follow the forward curve for three years, and then

converge linearly to a long-run mean over a specified convergence period. Firms review and

update their assumptions about the long-run mean and convergence period on an annual basis.

Given the importance of these assumptions for insurers’ operations, they are frequently dis-

cussed and scrutinized in calls between firm management and equity analysts.15 To comply

with disclosure regulations, publicly traded insurers publish transcripts of these meetings.

I use conference call transcript data from FactSet, covering 3,094 transcripts from 2002 to

2023 (see Table 3 in Appendix B.1)—coverage is less comprehensive in the early years but

becomes more complete over time. The key challenge in using these transcripts is the high

volume of text and the unstructured way in which assumptions are often described. Making

extracting insurer assumptions a needle-in-a-haystack problem. To address this, I use recent

advances in large language models (LLMs) to build a retrieval-augmented generator (RAG) that

parses the transcripts and produces a firm-year dataset of insurers’ interest rate assumptions.16

2.2.1 Retrieval Augmented Generator

A RAG combines a retrieval system with a generative LLM. In this setting, the retrieval system

searches through transcripts to identify passages that are likely to contain interest rate assump-

tions, while the LLM then interprets these passages and extracts the relevant numbers. For

each firm-year, I first subset the transcripts to statements made by company management, then

use embedding-based semantic search to retrieve the most relevant passages (e.g., discussions of

long-term rate assumptions or convergence horizons). These retrieved excerpts are then passed

to the LLM, which returns the identified assumptions together with the supporting text. This

14Appendix A.3 shows that the update rule closely matches the form of a Kalman filter for learning the
long-run mean of a standard interest rate process.

15These assumptions have also been subject to legal scrutiny, with lawsuits brought by shareholders and
policyholders alleging inappropriate interest rate assumptions. For example, the MetLife class action lawsuit
in 2012, the AXA Equitable Life Insurance Co. litigation in 2016, and the Transamerica Life Insurance Co.
lawsuit in 2018.

16Similarly, Gormsen and Huber (2023) use conference call transcripts to extract firms’ discount rates. The
RAG methodology here can be viewed as an automated version of the data collection procedure in their paper.
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design reduces the chance of the model hallucinating and ensures that each extracted value can

be directly verified against the transcript. For more technical details on the retrieval system,

see Appendix B.2.

As an illustration, the excerpt below shows the RAG applied to MetLife’s 2019 transcripts,

where it extracts the company’s long-run mean assumption (3.75%) and convergence horizon

(8 years) together with the supporting quote. The first box shows the prompt sent to the LLM,

which contains the transcript excerpts retrieved by the semantic search system as likely to in-

clude insurer assumptions. The second box shows the LLM’s output: the extracted assumptions

along with the supporting text.

MetLife 2019 example prompt

Answer the question based only on the following context:

• (10/31/2019) The most significant driver was the reduction of our long-term U.S.

10-year treasury interest rate assumption from 4.25% to 3.75% with the rate mean

reverting over the next 8 years.

• . . .

Based on the above context, answer the following question:

• What is the long-term U.S. Treasury interest rate assumption? Give answer as %.

• Over what time period are rates expected to revert this assumption? Give answer in

years or date e.g. 10 years or end of 2016.

Output formatting instructions: ...

MetLife 2019 example response

Long-term mean assumption: 3.75%

Mean-reversion time assumption: 8 years

Relevant statement: “(10/31/2019) The most significant driver was the reduction of our

long-term U.S. 10-year treasury interest rate assumption from 4.25% to 3.75% with the

rate mean reverting over the next 8 years.”

Using this approach, I construct an unbalanced panel of 12 publicly traded insurers from

12



2009-2022, yielding 175 collected assumptions. I then manually verify their validity comparing

the extracted assumptions with the associated statement in the transcript.

Following industry convention, I use these to build insurer assumption-implied expectation

paths EI
t [y10,t+h]: the forward curve is assumed for the first three years, after which yields

converge linearly to the long-run mean at the pace implied by the convergence assumption.

Figure 1 plots average insurer expectations alongside regulator model-implied expectations and

the realized path of 10-year yields.

2.2.2 Interpreting insurer assumption-implied beliefs

The collected assumptions add to a growing body of work that seeks to measure institutional

investors’ expectations directly, such as asset managers’ equity return assumptions (Dahlquist

and Ibert, 2024; Couts et al., 2024) and public pension funds’ return expectations (Andonov

and Rauh, 2022). As is the case with such financial market assumptions, however, interpreta-

tion and coverage require care.

First, while the extracted assumptions provide a unique window into insurers’ views, they

should not necessarily be interpreted as firms’ unbiased beliefs. Despite scrutiny from equity

analysts, investors, and policyholders, management may have strategic reasons to deviate from

their true expectations. For example, because managers benefit from upside gains but do not

fully bear the downside costs of failure, they may have incentives to emphasize higher interest

rate assumptions, which imply stronger profitability—I find evidence suggestive of such upward

tilting in the stated assumptions (see Section 4.4).

Second, there are limitations in coverage. The data are drawn from publicly traded insurers,

since transcripts are only available for firms subject to SEC disclosure rules. A large share of

the U.S. life insurance market, however, consists of life insurers organized as mutuals, for which

no comparable data are available. I view this paper as a first step in collecting and analyzing

insurer interest rate assumptions, leaving room for future research to expand coverage to a

broader set of institutions.

3 Regulator and insurer expectations properties

Section 3.1 studies systematic patterns in regulator model-implied and insurer assumption-

implied expectations, and them with each other and patterns observed in the expectations of

professional forecasters. Section 3.2 shows systematic disagreement between the regulator and

13



insurer, and discusses how these differences are generated by disagreement about the persistence

of the interest rate process.

3.1 Systematic patterns in expectations

I compare regulator model-implied and insurer assumption-implied expectations to those of

professional forecasters. Professional forecasts provide a natural benchmark in two ways. First,

they help assess whether insurers or regulators perform systematically worse, which could re-

flect strategic incentives or limited forecasting ability. Second, the large subjective-expectations

asset pricing literature has documented systematic patterns in professional forecasts and argued

that these may underlie anomalous bond yield dynamics. Comparing insurers and regulators

to this benchmark allows me to see whether their expectations exhibit similar patterns. This

matters because, unlike professionals who do not directly hold assets, these beliefs shape regu-

latory constraints and guide the business planning of insurers.

I focus on two patterns commonly documented in the literature on professional expecta-

tions. First, expectations tend to be too high on average, with realized yields being less than

those forecasted, particularly at longer horizons. This provides a direct test of overall fore-

cast accuracy and speaks to whether insurers or regulators perform systematically worse than

professional forecasters. Second, expectations underreact to news, so forecast revisions are too

muted. These belief dynamics are particularly relevant for asset pricing, as sluggish adjustment

of expectations has been argued to underlie phenomena such as excess return predictability,

overshooting of long-term yields, and excess volatility in bond returns (d’Arienzo, 2020).

Formally, let Ek
t [yn,t+h] denote agent k’s period t expectation for the realization of maturity

n yield y in period t+ h. I run the following regressions,

1. Average expectation error:

y10,t+h − Ek
t [y10,t+h] = αk

h + εkt+h

where HFIRE : αk
h = 0.

2. Underreaction: Coibion-Gorodnichenko (CG) regression,

yn,t+1Q − Ek
t [yn,t+1Q] = αk

n + βk
n(Ek

t [yn,t+1Q]− Ek
t−1Q[yn,t+1Q]) + εkn,t+1Q

where HFIRE : αk
n = 0 and βk

n = 0, and βk
n > 0 implies underreaction (hence positive

correlation in forecast errors).
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To make these comparisons, I compile a quarterly panel from 1988 to 2021 covering regula-

tor model-implied expectations, insurer assumption-implied expectations, and survey forecasts

from Blue Chip Financial Forecasts (BCFF).17 The survey data provide only short-horizon fore-

casts (up to one year ahead). The results are robust to restricting the sample to the post-2008

period—the period after the regulator model’s calibration—and using longer lags in HAC stan-

dard errors (see Appendix D.1).

It is worth noting that, at the horizons studied in this subsection, insurer expectations are

mechanically tied to the forward curve.18 So their expectations simply reflect the path implied

by the expectation hypothesis—implicitly forward rates are taken as reflecting only the path

of expected rates, ignoring term premia in the forward curve—which is strongly rejected in the

data.

Figure 2 plots the average expectation errors for 10-year yields across different expectation

horizons, comparing the regulator model, insurer assumptions, and professionals. Each point

represents the average forecast error for a specific horizon, with error bars indicating the 95%

confidence intervals calculated using Newey-West errors with a 1-lag. On average, all expecta-

tion errors are negative, indicating that forecasters missed the secular decline in interest rates

during the 1988 to 2021 sample period. This observed pattern in expectation errors aligns with

the difficulty of accurately forecasting the slow-moving latent mean of interest rates (Farmer et

al., 2021).

Notably, the regulator’s model produces expectation errors that are similar to, or smaller

than, those of professional forecasters, with the relative performance improving at longer hori-

zons. This benchmark comparison highlights two points. First, the regulator’s model is not

systematically underperforming compared to sophisticated market participants, consistent with

the model’s objective to mimic the data-generating process of interest rates. Second, because

even professionals exhibit systematic errors, it suggests it is difficult to avoid such forecast errors.

Figure 3 plots the CG coefficients measuring expectation underreaction to news across ma-

turities. A positive coefficient indicates underreaction, as a positive correlation between expec-

tation errors and expectation revisions implies that expectations failed to fully adjust to new

information. The figure shows that insurer expectations—based on forward curves—do not ex-

17To ensure comparability, I measure insurer and regulator expectations using information available at the
end of the first month of each quarter, which matches the timing of BCFF submissions. I also adjust the target
to be the average yield over the relevant quarter at the forecast horizon, consistent with the survey definitions.

18The insurer expectation sample is too short to study the time-series properties of long-horizon expectations
that depend on their internal interest rate assumptions.
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Figure 2: 10-year yield average expectation error (:= y10,t+h − Ek
t [y10,t+h])

The figure plots the 10yr yield average expectation error for h = 1Q, 2Q, 3Q, 1yr, 2yr, 3yr, 4yr, 5yr horizons for
regulator model, average of insurer assumptions, and Blue Chip forecasters. The expectations are a panel of
quarterly frequency expectations from 1988 to 2021. However, expectations for all horizons are not available
for all four forecasters. The 95% confidence intervals are calculated using Newey-West errors with 1-lag.
Results are robust to using a post-2008 sample and HAC standard errors with 4 lags (see Appendix D.1).

hibit significant under- or overreaction. By contrast, regulator expectations display pronounced

underreaction, quantitatively similar to that observed for professional forecasters. Consistent

with earlier work (Wang, 2021; d’Arienzo, 2020), the underreaction is strongest at short matu-

rities and diminishes at longer horizons.19

Overall, the results highlight that the regulator’s model quantitatively mirrors the expecta-

tion patterns observed in human forecasters. Crucially, however, unlike survey forecasts, these

expectations directly determine insurer constraints. Moreover, the model’s structure allows us

to assess the sources of these patterns. Appendix D.1.1 shows that the persistent negative fore-

cast errors stem primarily from the model’s long-run mean parameters, while the underreaction

result arises mainly from its persistence parameters.

19Subjective expectations theories suggest that such sluggish belief dynamics could help explain anomalies in
bond markets, including excess return predictability, overshooting of long yields, and excess volatility (d’Arienzo,
2020).
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Figure 3: Coibion-Gorodnichenko coefficient

The figure plots the Coibion-Gorodnichenko (CG) coefficient for different maturities, comparing the regulator
model, average insurer assumptions, and Blue Chip survey. The expectations are a panel of quarterly
frequency expectations from 1988 to 2021. However, expectations for all horizons are not available for all four
forecasters. The 95% confidence intervals are calculated using Newey-West errors with 1-lag. Results are
robust to using a post-2008 sample and HAC standard errors with 4 lags (see Appendix D.1).

3.2 Disagreement

Figure 4 plots the difference between the regulator’s model-implied and insurer’s assumption-

implied 10 year yield expectations for different horizons. The plots shows that there is significant

disagreement between regulators and insurers, with the regulator model’s paths being lower for

longer than insurers assume. For example, for 6-year ahead expectations, the regulator model

on average expected 10-year yields to be 75 basis points lower than the average insurer’s as-

sumptions. Therefore, under the regulator model’s expectations long-term bonds are relatively

more attractive investment than under the insurer assumptions.

To better understand the driver of this disagreement, figure 5 plots the regulator model’s

and insurers’ assumptions about the long-run mean of yields (left) and the persistence of yields

(right). Note that regulator model and insurers generally agree about the long-run mean of

yields. Both have revised down their estimates of the long-run mean, while there are periods in

the middle of the sample where some disagreement opens up, it closes by the end of the sample

period. In contrast, they significantly disagree about the persistence of the interest rate process.
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Figure 4: Average disagreement between the regulator and insurers (ER
t [y10,t+h]− EI

t [y10,t+h])

The figure shows the average difference between regulator and insurer expectations of 10yr yields for different
expectation horizons, using annual data from 2009 to 2022, and 95% confidence intervals based on SE
clustered at the insurer level.

While insurers have increased their persistence assumption from reversion taking around 5 years

to 11 years. This is still substantially lower than the regulator model, which assumes that yields

will take over 25 years to converge just 80%. Given that low interest rates prevailed during

the majority of this sample period, the regulator model’s slow reversion assumption naturally

implied a low for long view on yields.

Since the disagreement in expectations stems from differing views on the persistence of the

interest rate process rather than its mean, the direction of disagreement depends on prevailing

interest rates. In a higher interest rate environment, the direction of disagreement will reverse,

as the regulator model will assume that higher rates will persist for longer. Consistent with

this prediction, in 2023 when yields rose above the long-run mean assumed by both insurers

and the regulator, the disagreement was minor and flipped sign. Furthermore, since the sign of

disagreement is state dependent, it suggests that the regulator is not actively distorting their

model to emphasize scenarios where insurers are more likely to incur losses—in line with the

regulator’s objective of designing their model to mimic the observed behavior of yields.
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Figure 5: Insurer long-term 10-year US Treasury yield assumptions

(a) Mean-reversion point assumption (b) Mean-reversion time assumption

The figures plot insurers’ long-term assumptions for the 10 year US Treasury yields: mean-reversion point

(left), and the time-taken to reach the mean-reversion point (right). The red scatters correspond to insurer

assumptions, the dashed red line are the average of insurer assumptions, the dashed blue lines are the

regulator’s corresponding model assumption, and the solid grey in the left plot is the realized path of 10-year

Treasury yields. Since, the regulator model’s interest rates as an AR processes, the complete reversion takes ∞
periods, hence, the right plots the 80% reversion time.

4 Model-implied expectations and insurer actions

In this section, I study the impact regulator model-implied expectations have on insurer behav-

ior. I focus on their impact on insurer’s bond allocation decisions, and also provide evidence of

broader effects on insurer’s own economic assumptions.

4.1 Motivating model

To illustrate the key trade-off faced by insurers, I present a stylized mean-variance bond al-

location problem in which the insurer maximizes firm value based on both its own and the

regulator’s model-implied beliefs. Because firm value depends jointly on two distributions: fu-

ture losses evaluated under the insurer’s own beliefs and statutory reserves determined under

the regulator model-implied beliefs. The insurer’s optimal portfolio choice must therefore bal-

ance the two, allocating bonds in a way that reflects both private expectations and the model’s

expectation embedded in statutory constraints.

Balance sheet: In period t, firms compete in a monopolistic insurance market and when they sell

Qt policies at price Pt it generates: (i) revenue At := PtQt, (ii) economic liabilities Lt := QtVt

where Vt is the fair value per policy, and (iii) additional statutory liabilities Lstatutory
t that are
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evaluated using losses calculated based on regulator model-implied beliefs. The revenue from

selling these policies is invested in short-term bonds Mt and long-term bonds Bt.

Mt +Bt︸ ︷︷ ︸
:=At=PtQt

= QtVt + Lstatutory
t +Kt

where Kt is the period t capital of the insurance company.

Short-term bonds pay risk-free return 1 + rft , while the future value long-term bonds and

liabilities is unknown and exposed to interest rate risk. I capture this risk, by modeling long-

term bonds and liability return as a function of change in long-term yields ∆yl,t+1,

Bt+1

Bt

= −DB∆yl,t+1 and
QtVt+1

QtVt
= −DL∆yl,t+1

∆yl,t+1 is not known known at time t, and DB and DL are the duration of long-term bonds and

liabilities, respectively. The period t+ 1 value of capital (net of statutory reserves) is given by,

Kt+1 = (Kt − Lstatutory
t )(1 + rft+1) +Bt (−DB∆yl,t+1 − rft+1)︸ ︷︷ ︸

:=rxB
t+1

−Lt (−DL∆yl,t+1 − rft+1)︸ ︷︷ ︸
:=rxL

t+1

where rxBt+1 and rxLt+1 are the excess returns on bonds and liabilities respectively.

Insurer and regulator model-implied beliefs: Assuming the insurer and the regulator’s model

agree about the variance of long-term yields is σ2
y, but disagree about the mean, ER[∆yl,t] ̸=

EI [∆yl,t], where R and I superscript denote the regulator and insurer respectively. As a result

of this disagreement, the regulator’s model and insurer also disagree about the expected excess

return on bonds and liabilities.

Portfolio problem: When external financing is costly, insurers aim to hedge potential losses

and minimize statutory reserve requirements to maximize firm value (Froot et al., 1994; Koijen

and Yogo, 2015; Sen, 2023). The insurer evaluates potential losses using their own beliefs,

while regulation requires statutory reserves to be calculated using potential losses based on

regulator model-implied beliefs. Appendix C shows that, to a second-order approximation, the

bond allocation decision of such an insurer can be represented by the following mean-variance

problem:

max
Bt

αtER
t [Kt+1] + (1− αt)EI

t [Kt+1]−
γ

2
Vt[Kt+1]

where αt ∈ [0, 1] is the cost of regulation coming from statutory liabilities, and γ is the cost

of variance. If the cost of regulation is higher, then it is more costly for the insurer to realize
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losses under the regulator model-implied beliefs compared to their own beliefs, and hence they

put more weight on regulator model-implied beliefs in their bond allocation decisions.

Proposition: Optimal holding of long-term bonds Bt is,

Bt =
EI

t [rx
B
t+1] +

Cost of regulation︷︸︸︷
αt ×

Disagreement︷ ︸︸ ︷
(ER

t [rx
B
t+1]− EI

t [rx
B
t+1])

γσ2
B︸ ︷︷ ︸

MV optimal bond demand

+
DL

DB

Lt︸ ︷︷ ︸
Duration hedging demand

The optimal allocation to long-term bonds is relatively standard. There is a mean-variance

component based on expected excess returns and a hedging demand component that aims to

match the duration of assets and liabilities. However, what is non-standard here is that the

expected excess returns is a linear combination of the insurer’s expectations and the regula-

tor model-implied expectations. Specifically, the allocation tilts more towards the regulator’s

model if: (i) the relative cost of the regulation (αt) is high, and (ii) there is more disagreement

between the regulator’s model and the insurer (ER
t [rx

B
t+1]− EI

t [rx
B
t+1]).

In terms of disagreement, section 3.2 shows that the regulator’s model expects yields to rise

less relative to insurers, hence, the regulator expects long-term bonds to earn higher excess

returns, i.e., ER
t [rx

B
t+1] > EI

t [rx
B
t+1]. Therefore, the model predicts that if the cost of regulation

(αt) or the regulator model’s expected excess returns (ER
t [rx

B
t+1]) increases, we should observe

an increase in long-term bond holdings.

The model points to two complementary approaches for identifying the impact of regulator

model-implied expectations on bond allocations:

1. Exploiting variation in the relative cost (αt) of the model-dependent loss constraints, and

2. Isolating quasi-random shifts in the regulator model-implied expectations (ER
t [rx

B
t+1])

I begin with the first, which helps quantify the overall impact of the model-dependent con-

straint on insurers holdings. I then proceed to the second, which provides a cleaner test of the

mechanism that dynamics in regulator model-implied expectations directly drive the dynamics

in insurer allocation decisions.

4.2 Cost exposure experiment: enactment of Valuation Manual 20

In 2017, insurance regulators enacted Valuation Manual 20 (VM20) which introduced a new

methodology for calculating statutory reserves for traditional life insurance products. Under
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VM20, for each policy sold, insurers need to use asset/liability loss simulations to determine

statutory reserves, which they must recalculate yearly as long as the policy is in effect.20 To

ensure the efficacy of financial projections underlying these simulations, the regulator prescribes

the pre-calibrated interest rate model outlined in section 2.1.

In terms of the roll-out, the regulation was announced at the end of 2012 and enacted in

2017. VM20 allowed insurers a three-year opt-out transition period, with full compliance re-

quired starting in 2020. It also grandfathered old policies, so only newly issued policies were

required to calculate VM20 reserves. Both these aspects of the roll out mean that a larger share

of policies are covered by VM20 over time.

In terms of product coverage, the regulation impacted only traditional life products and

excluded fixed annuities, marking a departure from previous statutory reserving rules. Previ-

ously, regulation required a similar method to calculate the reserves for both product types,

consistent with their comparable exposure to interest rate risk. Traditional life policies, once

pooled, have their mortality risk nearly fully diversified, resulting in a cash flow structure akin

to that of fixed annuities. Consequently, the payoffs of both can be replicated by zero-coupon

bonds.

The staggered roll-out and product-specific implementation of VM20 generate both cross-

sectional and temporal variation in the cost of disagreeing with the regulator’s model. Tempo-

rally, because the regulation applies only to new policies, its influence strengthens over time as

a growing share of insurer liabilities becomes subject to regulator’s model—that is, αt increases

over time. Cross-sectionally, traditional life insurers must use the regulator’s projections to de-

termine reserves, while fixed annuity writers remain exempt, creating heterogeneity in exposure

to the model despite similar underlying interest rate risk. In this setting, αt = 0 for fixed an-

nuity providers, and an increasing αt > 0 for traditional life insurers. I exploit both dimensions

of variation in a difference-in-differences design to estimate the effect of model-based regulation

on insurers’ bond allocations.

Data: Using S&P Capital IQ’s database of NAIC annual fillings, I get insurer bond holdings

(schedule D) and other balance sheet items. I measure insurer’s long-term bond holdings using

the Macaulay duration of their portfolios. To avoid any price effects driving the results, I con-

20Reserves = max{Net Premium Reserve (NR),Deterministic Reserve (DR),Stochastic Reserve (SR)}. The
NPR is the present value calculated using a prescribed discount rate that remains unchanged for the policy’s
life. The DR and SR require simulating losses, which are recalculated yearly. The SR is the 70% expected
shortfall of the assets invested to meet policy payouts. The DR is the maximum value of liability simulations
from sixteen prescribed scenarios; each scenario involves a prescribed path of shocks input into the regulator’s
model. The resulting financial projections determine asset returns, which they use to discount liabilities.
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struct the duration measure using the bonds par value.

For the treatment group, I use insurance companies specializing in selling traditional life

products, i.e., those subject to VM20 regulation. I define these firms as those for whom tra-

ditional life insurance comprised at least 90% of their life and annuity reserves in 2013, four

years before the VM20 was enacted, to help avoid contamination from VM20 in the definition

of the treatment group. The results are robust to using earlier and later life shares to define

the treatment group, and using different thresholds (see table 8).

For the control group, I use fixed annuity providers, defined as all insurance companies

not included in the treatment group. Fixed annuity providers serve as a good control group

because, as discussed earlier, life and fixed annuity products have similar underlying cash flow

structures and used the same statutory reserving methodology prior to 2017. After restrict-

ing to the treatment and control groups, the sample period spans from 2011 to 2022, with

a total of 3,692 insurer-year observations 30% of which are for the treatment group. In 2022,

the treatment group held $324 billion in assets, and the control group held $4.7 trillion in assets.

Estimation: I run the following insurer-year difference-in-differences (DiD) regression, with all

estimates relative to the year 2016, the last year before VM20 was enacted:

Bi,t = α + β1δi∈LI +
∑

h/∈2016

β3,hδt∈h +
∑

h/∈2016

βVM20
h (δt∈h × δi∈LI) + γVA Sharei,t + εi,t (1)

where Bi,t is measured using the portfolio’s duration in years, δi∈LI := 1{i ∈ LI} is a dummy

for life insurers (treatment group), and δt∈h := 1{t = h} is a year dummy. βVM20
h is the esti-

mated treatment effect of interest in year h, i.e., the change in long-term bond holdings due to

the VM20 regulation in year h.21

VA Sharei,t controls for the variable annuity (VA) share of a firm. It is important to control

for VA share because VAs have a very different cash flow profile compared to life insurance and

fixed annuity policies. For example, they are exposed to equity returns and often contain put

option-like payoffs that give them highly non-linear exposure to interest rates. Additionally,

VAs transitioned to model-based reserving approaches much earlier.22 Both the distinct cash

flow profile VAs and their earlier transition to model-based reserving require controlling for VA

21Due to the opt-out period, for 2017-2019, the estimate captures the average Intent-to-Treat (ITT) effect,
while for the post-2019 period, it captures the Average Treatment-on-the-Treated (ATT).

22Enacted in 2008, Actuarial Guideline 43 (AG43) requires insurers to use 70% expected shortfall for VA
reserve calculations. Unlike VM20, AG43 allows for considerable freedom in how interest rates are simulated
(e.g. no model prescription). In 2020, Valuation Manual 22 for VAs went into effect (with a three-year opt-out
period), which now effectively mandates the use of the regulator’s pre-calibrated interest rate model.
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share to ensure parallel trends holds—Appendix D.3 shows the results are robust to dropping

firms that have a VA business.

Assuming parallel trends hold between the treatment and control groups, the βVM20
t esti-

mand captures the effect (see Appendix D.2 for derivation),

βVM20
t = E(i)

[
αVM20
i,t

ER
t [rx

B
t+1]− EI

i,t[rx
B
t+1]

γiσ2
B

∣∣∣∣∣VM20 = 1

]

where E(i)[·] represents the cross-sectional average across insurers. In other words, according to

the model, the DiD estimand captures the total effect from (i) the VM20-induced increase in

the relative cost of regulation and (ii) the disagreement in expectations.

Regarding the relative cost of regulation, the rollout timeline of VM20 implies that αVM20
i,t

was zero before 2017 and then gradually increased as fewer insurers opted out and newly

issued policies became subject to the regulation. Regarding the disagreement, as shown in

Section 2, on average, the regulator’s model expects higher excess returns than insurers, i.e.,

ER
t [rx

B
t+1] > EI

i,t[rx
B
t+1]. Therefore, we should see no treatment effect before 2017, with a steady

increase over time after that.

Figure 6a plots the average portfolio duration (adjusted for the group fixed effect) for the

treatment and control groups, and figure 6b plots the estimated treatment effect β̂VM20
t .23 Over-

all, the results align with the predictions. Prior to the enactment of VM20, the portfolio du-

ration of both groups is similar, suggesting the parallel trends assumption holds. Once the

legislation is enacted, traditional life providers’ portfolio duration begins to steadily increase,

and by the end of the sample period, they had risen by over a one year relative to the control

group; a rise from around 6.7 year portfolio duration to a 7.8 year portfolio duration. This ef-

fect will likely continue grow as a larger portion of outstanding policies become subject to VM20.

A potential concern is that insurers may have been differentially affected by the Tax Cuts

and Jobs Act (TCJA), which went into effect in 2018. The Society of Actuaries found that the

reforms generally had a modest impact on the profitability of product lines, with the exception

of products reinsured through captives, which became less profitable (Clingerman et al., 2018).

Traditional life insurers are generally less likely to use captive reinsurance than other insurers.

With that said, Appendix D.3 shows that the estimates are robust to controlling for year fixed

effects interacted with insurers’ exposure to the TCJA.

23See table 8 and figure 16 in the Appendix for the DiD estimates and permutation inference test, respectively.
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Figure 6: Difference-in-Difference: VM20 impact on long-term bond holdings

(a) Treatment vs control group (b) Treatment effect estimate, β̂VM20
t

The figure on the left plots the treatment group’s (life insurers) and control group’s (non-variable annuity

providers) portfolio duration (years) relative to their 2016 level. The figure on the right plots the difference

between the treatment group’s and control group’s portfolio duration. The error bars are the 99% confidence

intervals, which are calculated using standard errors that are two way clustered at the insurer and year level.

4.3 Expectation shock experiment: exploiting ad hoc re-calibration

A more direct test of the mechanism that dynamics regulator model-implied expectations di-

rectly driver insurer allocation is to assess how insurers’ duration changes in response to changes

in the model’s expectations. A naive method would be to simply run OLS. However, the issue

with this approach is that changes in regulator model-implied expectations may be correlated

with other confounders, such as changes in insurers’ expectations or other belief moments.24

To overcome this identification challenge, I isolate plausibly exogenous changes in regulator

model-implied expectations by exploiting the ad-hoc rule the regulator uses to update the

mean reversion point parameter in their model.

As outlined in Section 2.1, the regulator models long-term interest rates as a mean-reverting

process. Hence, for a bond with duration DB, the regulator model’s one-period ahead expected

excess returns are approximately given by:

ER
t [rx

B
t+1] ≈ −DBER

t [∆yl,t+1]− rft+1 = DBψ (y20,t − ȳ
(t)
20 )︸ ︷︷ ︸

:=yRgap,t

−rft+1

24We cannot use insurers’ stated expectations as a control because we do not observe the beliefs of all life
insurers. Furthermore, as I will show, insurers’ stated beliefs seem to be an equilibrium outcome of optimization
that depends directly on regulator model-implied beliefs. Hence, using these stated beliefs as a control would
introduce a bad control bias.
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where ∆yl,t+1 is the change in the long-run yield (as proxied in the model by the 20 year yield),

ψ is the mean-reverting rate, y20,t is the current 20-year yield, and ȳ
(t)
20 is period t parameter

of the mean-reversion point. When yRgap,t is positive, yields are above their long-run mean, im-

plying that yields are expected to decline and bond prices are expected to rise. Consequently,

any changes in the value of the mean reversion parameter will induce changes in the regulator

model-implied expected excess returns.

Specifically, at the start of every year, the regulator updates the mean-reversion point param-

eter using a linear combination of three different moving averages/medians of 20-year Treasury

yields (a 600-month moving median, a 120-month moving average, and a 36-month moving

average), which they then round to the nearest 25 basis points:

ȳ
(t)
20 = Round25bps

{
0.2×Med600m,t (y20) + 0.3×Mean120m,t (y20) + 0.5×Mean36m,t (y20)

}
Hence, changes in the mean-reversion point parameter, ∆ȳ

(t)
20 := y

(t)
20 −y

(t−1)
20 , can be decomposed

into three sources: (i) contemporaneous yield information entering the moving window, (ii) old

information exiting the window at the 36-month, 120-month, and 600-month points, and (iii)

changes in the extent of rounding:

∆ȳ
(t)
20 = ∆ȳ

(t)
20, new data entering windows +∆ȳ

(t)
20, old data exiting windows +∆ȳ

(t)
20, rounding︸ ︷︷ ︸

:=∆ȳ
(t)
20,ad hoc

see Appendix D.4 for the derivation of this decomposition identity.

Figure 7a plots contribution to changes in mean reversion parameter coming from the three

terms of the decomposition identity. The contributions from dropping observations at the ar-

bitrary window cut-off points and the rounding rule (the ad hoc aspects of the update rule,

∆ȳ
(t)
20,ad hoc) are major contributors of the changes in the parameter.

As figure 7b shows, the weight assigned to various lagged yields has a constant contribution

that changes discretely once they age from 36 to 37 months and from 120 to 121 months, expe-

riencing 70% and 100% declines at those arbitrary thresholds, respectively. As long as insurers’

latent expectations do not exhibit these exact same discrete weighting changes, the variation

induced from observations exiting the window should be exogenous. Similarly, if insurers do

not use the same 25 basis point rounding, the variation induced by rounding should also be

exogenous.

Estimation: To estimate the effect of changes in regulator model-implied excess returns, proxied
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Figure 7: Drivers of regulator’s long-run mean, ȳ
(t)
20 , update rule

(a) Decomposing changes in long-run mean, ∆ȳ
(t)
20 (b) Update rule weight assigned to lagged yields

Figure on the left decomposes changes in the regulator’s long-run mean calibration, ∆ȳ
(t)
20 , into three

components: (i) contemporaneous yield information entering the moving windows (grey), (ii) old information

exiting the windows at the 36 month, 120 month, and 600 month points (red), and (iii) changes due to

rounding to the nearest 25bps (blue). Figure on the right, plots the weights in ȳ
(t)
20 assigned to yields of

different lags by the 36 month and 120 month moving averages.

using ∆yRgap,t, I run the following regression, leveraging both cross-sectional exposure to VM20

and time variation in regulator model-implied expectations:

∆Bi,t = αi + δt + β(1i{VM20} ×∆yRgap,t) + εi,t

where ∆Bi,t is the change in long-term bond holdings, measured as the change in the in-

surer’s portfolio duration in years, αi and δt are insurer and year fixed effects, respectively,

and 1i{VM20} is an indicator for whether insurer i is subject to VM20 (i.e., a traditional life

insurance provider that did not opt out of the regulation).25

To address the concern of potential confounders, I construct an instrument using the ad hoc

variation in ∆ȳ
(t)
20 :

zad hoc
i,t = 1i{VM20} ×∆ȳ

(t)
20,ad hoc

The key identification assumption is that insurers’ latent expectations do not use the exact

same rules for rounding and window observations. The relevance of this instrument is some-

25I identify life insurers that opted out using the supplementary filings for firms using VM20’s small insurer
exemption. This may underestimate the number of insurers that opted out, as it misses those life insurers that
did not apply for the small insurer exemption but took advantage of the 2017 to 2019 transition opt-out. As a
result, the estimates in the regressions below may underestimate the effect of changes in regulator model-implied
expectations.
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what ensured since ∆ȳ
(t)
20,ad hoc is a substantial contributor to ∆ȳ

(t)
20 , which directly determines

the regressor ∆yRgap,t := y20,t−∆ȳ
(t)
20 . For robustness, I also construct instruments that isolate the

variation induced by rounding and dropping observations: zroundi,t = 1i{VM20} × ∆ȳ
(t)
20,rounding

and zdropi,t = 1i{VM20} ×∆ȳ
(t)
20,old data exiting windows, respectively.

Table 2 presents the regression results. I run these regressions for the period when VM20 was

in effect, using the same sample of insurers as in the difference-in-differences exercise. Column

1 presents the OLS regressions and finds a 1pp increase (approximately a standard deviation

increase) in ∆ygapt is associated with a portfolio duration increase of 0.27 years (compared to

a typical portfolio duration of 6.8 years). The positive estimate is consistent with the mech-

anism, however, this estimate may suffer from bias. To address this, column 3 instruments

(1i{VM20} × ∆yRgap,t) with z
ad hoc
i,t . Column 2 shows that the first stage of this instrument is

strong, with an r-squared of 48% (with-in r-squared of 34%). The IV estimate in column 3

shows that a 1 pp increase in ∆ygapt causes portfolio duration to significantly increase by 0.29

years. Suggesting that bias is likely not a major concern in this setting; hence giving more

confidence in the DiD estimates too.

In terms of robustness checks, columns 4 and 5 repeat the IV specification but use instru-

ments that only leverage variation induced by rounding (zroundi,t ) and by dropping observations

from the moving window (zdropi,t ). Both estimates are significant and statistically similar to the

instrument that uses both sources of variation. Finally, I conduct a placebo test by re-running

the specification for the pre-VM20 sample when model-based beliefs should not affect insurer

allocation. I find the point estimate has the incorrect sign and are statistically insignificant.

Overall, these results further support the outlined mechanism of regulator model-implied ex-

pectations significantly effecting insurers’ portfolio allocation.

Overall, the findings show that even arbitrary changes in regulator model-implied expecta-

tions passthrough into insurer allocation decisions. This suggests that the belief patterns in

the model’s expectations—that mimic those in surveyed expectations—passthrough into insurer

actions.

4.4 Regulator model-implied beliefs and insurer reported beliefs

I next assess the passthrough from regulator model-implied expectations to insurers’ own re-

ported interest rate assumptions. As with institutional disclosures more generally, insurers’ as-

sumptions may reflect their internal subjective beliefs but also strategic considerations shaped

by regulatory and market pressures.
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Table 2: Effect of changes in regulator expectations on insurer portfolio duration

OLS IV Placebos

Baseline First stage Baseline zroundi,t zdropi,t PreVM20

1i{VM20} ×∆yRgap,t 0.27*** 0.29*** 0.33*** 0.23*** -0.35
(0.05) (0.09) (0.11) (0.08) (0.27)

zad hoc
i,t -2.85***

(0.13)

Firm FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
Observations 981 981 981 981 981 1,596
R-squared 0.17 0.49 — — — —
First stage F-stat — — 459 378 317 166

Driscoll-Kraay standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The table presents results from regressing ∆Bit on ∆yRgap,t := ∆y20,t −∆ȳ
(t)
20 . Columns 1 is an OLS regressions

to provide a comparison for the baseline IV specification in presented in columns 3 and its corresponding first

stage is in column 2. The IV specifications instrument ∆yRgap,t with z
ad hoc
i,t := 1i{VM20} ×∆ȳ

(t)
20,ad hoc.

Column 4 and 5, repeat the baseline IV specification but use zroundi,t and zdropi,t as instruments, respectively.

Columns 6 does a placebo test, rerunning the baseline specification for the same treatment assignment but for

the pre-VM20 period. The standard errors are based on Driscoll-Kraay errors.

The enactment of VM20 represents a shift in these strategic incentives. The regulation

required insurers to calculate statutory reserves using the regulator’s prescribed interest rate

model, pushing them to take actions consistent with the regulator model’s outlook even when it

diverged from their own assumptions. Creating an incentive to align their disclosed view closer

to the regulators, so that their actions were more in line with their own assumptions.

To quantify this passthrough, I conduct an event study around the implementation of VM20.

Figure 8a plots the average difference between insurers’ and the regulator’s six-year-ahead in-

terest rate expectations by year. Following VM20’s introduction in 2017, insurers’ assumptions

converged sharply toward the regulator’s model: the average disagreement declined from about

140 basis points before 2017 to roughly 40 basis points afterward. Figure 8b shows that this

convergence towards the model is evident not just for six-year-ahead expectations, but across

the term structure of expectations.

The sharp convergence in insurer assumptions around VM20 is most consistent with strategic

behavior rather than learning. Investors, analysts, and rating agencies closely scrutinize these
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Figure 8: Pre/post VM20 impact on regulator vs. insurer disagreement

(a) Disagreement for 6-year horizon by year (b) Disagreement by forecast horizons

The left figure shows disagreement for different years for the 6yr projection horizon. The 95% confidence band

is based on SE clustered at the insurer level. The right figure shows the average difference between regulator

model-implied and insurer expectations of 10yr yields for different forecast horizons, using annual data for

pre-VM20 (2009-2016) and pos-VM20 (2017-2022), and 95% confidence intervals based on SE clustered at the

insurer level.

assumptions. Once VM20 was enacted, insurers had incentives to align their reported outlooks

with the regulator’s model to avoid discrepancies between their stated views and regulator-

driven actions that could attract scrutiny. A learning-based explanation is less plausible: the

regulator’s interest rate model had been publicly available since 2009, yet expectations shifted

only when VM20 became binding in 2017. If learning were the driver, one would expect a

gradual convergence or an earlier adjustment following the model’s release, neither of which

is observed. Taken together, these findings suggest that institutionally disclosed assumptions

should not be interpreted as purely subjective beliefs but rather as shaped by strategic and

regulatory considerations.

Because insurers use these assumptions to guide risk management, pricing, and planning

decisions, the convergence in reported expectations highlights that regulator model dynamics

likely influence multiple dimensions of insurer behavior beyond the portfolio allocation channel

directly tested.

5 Conclusion

Intermediaries’ regulatory constraints are increasingly shaped by regulator model-implied be-

liefs. Using the U.S. insurance sector as a laboratory, I show that the regulator model quanti-
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tatively mirrors the systematic belief patterns observed in human forecasters, embedding these

dynamics into the evolution of regulatory constraints. As a result, intermediaries directly pass

through these model-implied beliefs into their portfolio decisions, effectively coordinating their

actions at the sector level. Together, these findings reveal a new channel through which system-

atic belief patterns become consequential for the real economy: once embedded in regulation

through models, they transmit and synchronize the behavior of regulated firms.

These findings have implications for both asset pricing and financial stability. Regulator

model-implied beliefs coordinate and drive intermediary demand, linking the dynamics of these

beliefs to the dynamics of intermediary balance sheets. This connection generates a new source

of common shocks that move asset prices and amplify systemic risk. It also raises normative

questions about regulatory design. First, how should regulators design and update models

when faced with ambiguity about the underlying data generating process? Second, how should

policymakers balance the benefits of prescriptive forward-looking models—which help antici-

pate risks and limit the scope for firms to game the rules—against their costs, as such models

synchronize allocation decisions across institutions? Coarser, less prescriptive constraints grant

firms more discretion in their portfolio choices and may therefore reduce correlated exposures,

but at the expense of weaker control over risk.

Beyond regulation, the same mechanism likely operates more broadly. As model-based

risk management and algorithmic trading become widespread, their implied beliefs may also

exhibit systematic patterns that pass through to firm actions. Similar coordination can arise

whenever institutions rely on common models, whether through shared risk systems, third party

software, or learning algorithms. For example, intermediaries’ internal risk teams often converge

on similar platforms, such as BlackRock’s Aladdin system, which is used to manage risk of over

$21 trillion assets as of 2020. Understanding how such model-driven convergence shapes capital

allocation and market dynamics remains an open question.
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A Regulator expectations and loss-based constraints

A.1 Investment horizon and loss distributions

Typically means are ignored when working with short-horizon loss distributions based con-

straints e.g. Value-at-Risk (VaR), and Conditional Tail Expectations (CTEs). In this section,

I show that means are of first order importance when considering loss distribution based con-

straints at longer horizons. Intuitively, the return on buying and holding stocks for just a few

days depends critically on volatility, but over longer horizons, the expected return becomes

more significant, and over sufficiently long periods, positive returns are typically realized de-

spite recessions, wars, and pandemics.

As a warm-up example, suppose daily returns are iid and follow rt+1 ∼ N(µ, σ2). Then the

daily Value-at-Risk per dollar is given by,26

V aR(p) = −µ− σΦ−1(p)

Daily expected return are typically several orders of magnitudes smaller than daily volatility

σ ≫ µ. Hence, VaR essentially is a scaling of σ; so much so that in practice typically µ is

assumed to be zero.

However, consider an h-period buy and hold return. The h-horizon return is approximately

distributed as rt:t+h ∼ N(hµ, hσ2), where both means and variances scale by T . In this case

the h-period Value-at-Risk per dollar is given by,

V arh(p) = −hµ−
√
hσΦ−1(p)

where p < 0.5 and Φ−1(p) < 0. At longer horizons µ’s contribution is non-neglegible. In fact in

this iid returns case, the contribution share of the mean goes to 1,

lim
h→∞

−hµ
V arh(p)

= 1

This poses a challenge for managing long-horizons risks as first moments are much harder to

correctly estimate than second moments.

26Given the normality assumed here, other commonly used risk measures (e.g. CTE) simply scale up the
variance term relative to VaR. Hence, the qualitative implications are unchanged by working with VaR.

35



A.1.1 Long-horizon VaR and calibrated interest rate process

With mean-reverting interest rate process, the ultimate dominance of the mean is not gau-

ranteed, since as h → ∞, yields return to their long-run mean and do not generate capital

gains/losses. In this subsection, I calibrate a mean-reverting model using common parameters

and explore the relative importance of the mean for VaR.

Suppose long-term interest rates follow a mean reverting process with long term mean ȳ,

∆yt+1 = −ψ(yt − ȳ) + εt+1 where εt+1 ∼iid N(0, σ2)

We can iterate this process forward to find the h-horizon change in yields ∆yt:t+h := yt+h − yt,

∆yt:t+h = ψȳ
h∑

l=1

(1− ψ)l−1 + [(1− ψ)h − 1]yt +
h∑

l=1

(1− ψ)h−lεt+l

This implies that the (approximate) h-period return of a perpetual bond with duration D is

distributed,

rt:t+h ∼ N

(
−D[(1− ψ)h − 1](yt − ȳ), (Dσ)2

1− (1− ψ)2h

1− (1− ψ)2

)
Hence, the h period Value-at-Risk per dollar is given by,

V aRh(p) = D[(1− ψ)h − 1](yt − ȳ)−Dσ

√
1− (1− ψ)2h

1− (1− ψ)2
Φ−1(p)

For h = 1 and h = ∞ the V aRh(p) are given by,

V aR1(p) = −Dψ(yt − ȳ)−DσΦ−1(p) and,

lim
h→∞

V aRh(p) = −D

[
(yt − ȳ) + σ

Φ−1(p)√
1− (1− ψ)2

]

Typical estimates of ψ are around 0.1 per year (≈ 7 year half life). Hence, mean have a

negligible contribution to daily VaR. But in the long-run, ψ doesn’t attenuate the contribution

of the mean. Unlike, the iid return model in the previous subsection, where the mean’s relative

contribution tended to 1. In this case, the mean’s relative contribution tends to a constant share.

To assess whether the contribution of the mean is quantitatively important, I calibrate the

model and quantify the contribution of the mean to V aRh(p) for different horizons.27 Figure

27σ = 4.3bps based on standard deviation of daily changes in 1 year ZCB US government bond; ψ = 0.1313
per year (convert this to daily rate for the simulations) from Wang et al. (2013); D = 10 years

36



9 plots the contribution of the mean and variance components of V aRh(5%) for different hori-

zons. Figure 9b assumes that yields are initially 200bps below their long-run mean, and hence

on average, the bond will experience capital losses as yields rise towards their long-run mean.

These expected capital losses for short horizon holding periods have a negligible impact on VaR

calculations. However, they meaningfully increase VaR for longer holding periods, accounting

for over 40% of total VaR at the 20-year horizon. Figure 9a assumes that yields are initially 200

bps above their long-run mean, and hence on average, the bond will experience capital gains

as yields decline towards their long-run mean. For shorter holding periods, the contribution of

the mean is negligible, but increases sizably over longer holding periods, and begins to offset

the contribution from the variance.

For insurance companies, whose equity typically has negative duration, the response to a

positive vs. negative yt − ȳ gap will be flipped. When yt is above ȳ, the expected return helps

offset the contribution from variance, as equity increases in value as yields rise. The opposite

is true for when yt is below ȳ.

Figure 9: 95% Value-at-Risk per dollar for different holding horizon

(a) yt 200bps below ȳ (b) yt 200bps above ȳ

A.2 Sensitivity of constraints to projection horizons and changes in ȳ20

As discussed, various risk-based capital and statutory reserving calculations require the ex-

pected shortfall as an input. Here I simulate loss distributions and 95% expected shortfall for a

hypothetical insurance companies surplus, and assess its sensitivity to the regulators assump-

tion about the long-run mean reversion point.
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For these simulations, I assume the insurer has an initial surplus of $100 million, and as-

sets and liabilities with constant duration of 10 and 15 years, respectively. Specifically, for the

loss distribution construction, I use the prescribed interest rate model and follow the NAIC’s

prescribed loss distribution construction methodology. Namely, for a T horizon projection, the

value used in the loss distribution is the minimum point on the path, rather than the terminal

point. For these simulations, I initialize the model with the prevailing 20-year and 1-year yields

on 18th November, 2023, and simulated losses for 1 to 40 years out. The minimum projection

horizon is the life of the policy in the case of statutory reserving, and a minimum of 20 years

for risk-based capital calculations. While there is no maximum projection horizon.

Figure 10: Share of simulations with negative surplus (left) and ES95% (right)

Figure 10 plots the results of these simulations for ȳ20 = 4% (blue) and ȳ20 = 3% (red)

for different projection horizons. The figure on the left plots the share of simulations in which

there was negative surplus. The share share of negative simulations is monotonically increasing

in projection horizon, and lower ȳ20 assumptions result in higher proportion of negative sim-

ulations. Notably at the 40 year projection horizon, the model assuming 3% long-term mean

has a three times higher share of negative simulations than the model assuming 4% long-term

mean. The plot on the right shows the 95% expected short fall calculation (this is required

level in the RBC legislation). The results are mirrored here, the risk-based capital requirement

is almost 50% higher in the model with the more conservative long-term mean assumption.

Overall, capital requirements are highly sensitive to assumptions about the long-run mean, and

their sensitivity is increasing for longer projection horizons.
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A.3 Optimality of regulator learning rule

In this section, I explore whether the regulator’s seemingly ad-hoc updates to the long-run

mean can be reconciled with any optimal learning rules. As a reminder, the regulator uses a

constant-gain learning algorithm, which is a linear combination of various backward-looking

medians and means, and then rounds the result to the nearest 25 basis points:

Round25bps

{
0.2×Med600m,h (y20) + 0.3×Mean120m,h (y20) + 0.5×Mean36m,h (y20)

}
where Med600m,h (y20) is a 600-month moving median, Mean120,h (y20) is a 120-month moving

average, and Mean36m,h (y20) is a 36-month moving average.

To assess which rules are best suited to learn the long-run mean, we must take a stance

on the data-generating process (DGP) of interest rates. A commonly assumed process is one

where yields exhibit mean reversion, and the mean-reverting point evolves randomly over time:

dyt =θ(µt − yt)dt+ σydZ
y
t (Observation yield)

dµt =σµdZ
w
t (Unobserved mean)

where dZy
t and dZw

t are standard Brownian motions that are mutually uncorrelated. I assume

all parameters in the model are known and that yt is observed, but the time-varying mean µt

is unobservable.

The optimal update rule implied by the (steady-state) Kalman filter is a linear combination

of the exponentially weighted moving average (EWMA) and the current yield:

µ̂t = Kyt + (1−K)

[
ν

∫ t

−∞
e−ν(t−s)ysds

]
where ν := θK, and K = σ2

µ/σ
2
y. In practice, the variance of changes in µ̂t is orders of mag-

nitude smaller than the variance of changes in yt, meaning K ≈ 0. Hence, the optimal update

rule of µ̂t is well-approximated by the EWMA; a constants gains learning rule.

Next, I assess whether the regulator’s rule is well-approximated by an EWMA process. Fig-

ure 11 shows the realized path of 20-year yields (grey), the regulator’s rule-implied long-run

mean (blue), and the EWMA rule-implied mean (dashed red). The EWMA parameter is fitted

to minimize the mean squared error between the EWMA-implied path and the regulator’s rule-

implied path. The close fit of the EWMA rule to the regulator’s path suggests that, while the

regulator’s rule appears ad hoc, it is in practice incorporating past information in a somewhat
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optimal way.28

Figure 11: Regulator- vs EWMA- rule implied long-run mean

The figure shows the realized path of 20-year yields (grey), the regulator’s rule-implied long-run mean (blue),
and the EWMA rule-implied mean (dashed red), where the EWMA parameter is fitted to minimize the mean
squared error between the EWMA-implied path and the regulator’s rule-implied path.

Proof. Here I derive the steady state Kalman filter for estimating µt. The derivation finds the

discrete-time Kalman filter for a small ∆t approximation of the model, then takes the limit of

∆t→ 0, and then finds the steady state of the updating process. With that in mind, for a small

time interval ∆t the model can be approximated as,

yt =(1− θ∆t)yt−1 + θ∆tµt + εt (Observation equation)

µt+1 =vt+1 (State equation)

where εt ∼ N(0, σ2
y∆t) and vt+1 ∼ N(0, σ2

µ∆t). In this case the ∆t → 0 limit of the discrete

time Kalman gain is given by,

lim
∆t→0

Kt = lim
∆t→0

Pt|t−∆tθ

θ2Pt|t−∆t∆t+ σ2
y

=
θ

σ2
y

Pt

28Ideally, we would estimate the true parameters of the process described above to further assess whether the
regulator has, in fact, adopted the optimal rule. However, it is notoriously difficult to accurately estimate the
parameters of such processes in practice (Farmer et al., 2021).
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To find the evolution of Pt note that,

Pt+∆t|t =Pt|t−∆t −Ktθ∆tPt|t−∆t + σ2
µ∆t

Pt+∆t|t − Pt|t−∆t

∆t
=−KtθPt|t−∆t + σ2

µ +O(∆t)

=⇒ dPt =[−KtθPt + σ2
µ]dt (as ∆t→ 0)

In terms of the update rule we have,

µ̂t+∆t|t =µ̂t|t−∆t +Kt[yt − (1− θ∆t)yt−∆t − θ∆tµ̂t|t−∆t]

µ̂t+∆t|t − µt|t−∆t

∆t
=Kt

yt − yt−∆t

∆t
+Ktθ(yt−∆t − µ̂t|t−∆t)

=⇒ dµ̂t =Ktθ(yt − µ̂t)dt+Ktdy (as ∆t→ 0)

In steady state (i.e. assuming T0 → −∞) dPt = 0 =⇒ P =
σ2
µ

Kθ
, Plugging this into K we get,

K =
θ

σ2
y

σ2
µ

Kθ

We can express the update rule dµ̂t = Ktθ(yt − µ̂t)dt+Ktdy as:

µ̂t = Kyt +Kθ(1−K)

∫ t

−∞
e−θK(t−s)ysds

To see this note,

dµ̂t =Kθ(yt − µ̂t)dt+Kdy

⇐⇒ dµ̂t + θKµ̂tdt =θKytdt+Kdy

eθKtdµ̂t + eθKtθKµ̂tdt =e
θKtθKytdt+ eθKtKdy

d
[
eθKtµ̂t

]
=eθKtθKytdt+ eθKtKdy∣∣∣eθKsµ̂s

∣∣∣t
t0
=θK

∫ t

t0

eθKsysds+
∣∣∣eθKtKyt

∣∣∣t
t0
− θK2

∫ t

t0

eθKsysds

eθKtµ̂t =e
θKtKyt +K[θ(1−K)]

∫ t

−∞
eθKsysds (t0 → −∞)

µ̂t =Kyt + (1−K)

[
ν

∫ t

−∞
e−ν(t−s)ysds

]
(ν := Kθ)
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B Insurer expectations data collection details

B.1 Insurer transcript data

Table 3 lists the publicly traded insurers whose transcripts I use to construct the insurer interest

rate assumption dataset.

Table 3: Life insurer transcript sample

Firm Ticker Number of transcripts
Aegon AEG 130
American Equity AEL 103
American International Group AIG 179
Athene Holding ATH 39
Aviva AVVIY 113
CNO Financial Group CNO 125
China Life Insurance CILJF 34
Citizens CIA 25
Corebridge Financial CRBG 9
Delphi Financial Group DFG 49
Equitable Holdings EQH 59
F&G Annuities & Life FG 24
FBL Financial Group FBL 90
Genworth Financial GNW 135
Globe Life GL 121
HRG Group HRG 5
Horace Mann Educators Corp HMN 106
ING N V ING 156
Jackson Financial JXN 14
Lincoln National LNC 234
Manulife Financial MFC 189
Mercury General New MCY 74
Met Life MET 223
Patriot National PNBK 7
Primerica PRI 75
Protective Life PL 86
Prudential Financial PRU 175
Prudential PUK 111
Reinsurance Group Of America RGA 108
Sun Life Financial SLF 160
Symetra Financial SYA 37
Voya Financial VOYA 99
Total — 3094
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B.2 Additional information on Retrieval Augmented Generator

Figures 12 outlines the RAG process for constructing the vector database. This involves taking

the raw transcript data, chunking statements, mapping them to embedding vectors and creat-

ing associated metadata. In terms of chunking, the transcripts are chunked to ensure that two

different speakers don’t overlap. Since embedding search works best when chunks are not too

large, I use a chunking length of 300 characters (one-to-two sentence length). Chunking is done

in a manner to ensure that sentences are not split in the middle, hence in the case of long sen-

tences, chunks can be larger than 300 characters. In term of metadata I record: the conference

call date, firm, speaker of the chunk, and role of the speaker e.g. CEO, CFO, equity analyst etc.

In terms of the embedding model, I use the Beijing Academy of Artificial Intelligence’s M3

model. This is an open source model that is small enough to be run locally on CPU. And at the

time of writing, this model outperforms OpenAI’s embedding models, as well as various other

popular models, on the Massive Text Embedding Benchmark (MTEB); the standard measure

of embedding model performance. For each chunk, the model creates a 1024-dimensional em-

bedding vector, which is then stored in a ChromaDB vector database for fast retrieval and

comparison. With the vector database and embedding model in hand, semantic search can be

implemented.

Figure 12: Vector database construction

Figure 13 outlines the RAG process for answering queries. For retrieving statements, I

loop over each firm-year. First, I subset to the firm-year statements made by firm employees.

Then I do embedding search to retrieve the top five relevant contexts potentially containing

information about interest rate assumptions. There are embedding search optimization tech-

niques used to identify these five contexts, see below for details. The retrieved contexts are

then combined into a prompt. The prompt contains: (i) top 5 retrieved context, (ii) query

about mean-reversion point and time assumptions, and (iii) additional return instructions (see

example boxes in the main text). The prompt is then sent to a generative LLM. For this pur-

pose, I use GPT4, namely the “gpt-4-0125-preview”variant of the model, which was the highest
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performing publicly available OpenAI model available at the time of writing. The responses

are then automatically converted into a dataframe, which I then manually verify.

Figure 13: Querying vector database

A plain vanilla retriever would simply embed the query and return the k nearest transcript

statements in the embedding space. This simple approach has several shortcomings, such as,

returning too many redundant statements, not finding all relevant statements in the embed-

ding space, and returning statements without appropriate context to fully understand them. I

implement several retrieval optimization techniques to alleviate these shortcomings,

• Maximum marginal relevance (MMR): For a given query embedding, if we simply return

the nearest k neighbors around a embedded query, the retrieved statements will often

contain the same information. Hence, providing more statements in this case will not

necessarily provide more information to the LLM for answering the question. MMR is an

algorithm that improves of the nearest neighbor approach, by additionally, penalizing the

retrieval process if a statement is similar to the already retrieved statements (Carbonell

and Goldstein, 1998). Specifically, MMR iteratively solves,

arg max
si∈S\R

[
λ · d (si, q)− (1− λ) ·max

sj∈R
d (si, sj)

]
where S is the set of all candidate statements, R is the set of already retrieved statements,

si and sj are embedding vectors of a statements in S and R, d measures the cosine

similarity between two vectors, and λ is hyperparameter trading off the relevance of the

statement to the query and its similarity with already retrieved statements. For each

query, I first find the 60 nearest neighbors, |S| = 60, and then apply MMR to retrieve 20

of these statements.

• Multi-query: assumptions can be stated in many different ways, and hence, statements

containing assumptions can end up in different parts of the embedding space. Multi-query
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is a technique to ensure we broadly search through the embedding space for relevant state-

ments. This involves phrasing the same query in a different ways, as these queries may

then get embedded onto different points in the embedding space, hopefully ensuring we

capture as many possible statement clusters containing interest rate assumption informa-

tion. Specifically, I search through the following five queries,

1. What is your long-term interest rate assumption?

2. How long will it take interest rates to revert to your long-term assumption?

3. What do you think is the long-term yield on 10-year US Treasuries?

4. What is your mean reversion assumption for long-term rates?

5. What rate does the forward curve eventually converge to?

Applying MMR to each of these queries gives us 100 statements (with possible repetition).

• Reciprocal rank fusion (RRF): This is an algorithm to rank the results from multi-query,

and in turn select the most relevant ones to feed to the LLM (Cormack et al., 2009).

Each of the five queries from the multi-query step gives 20 statements and associated

MMR scores. We can use these MMR scores to create five sets of rankings; if a statement

was not returned for one the queries then it is given a rank of ∞ for that query. RRF

calculates the following RRFscore for each retrieved statement si,

RRFscore(si) =
5∑

q=1

1

k + rq(si)

where rq(si) is the query specific ranking based on the MMR score, and k is a hyperpa-

rameter than ensures that low ranked statements get a quantitatively higher score than

statements not returned for a given query.29 After applying RRF to multi-query results,

the retriever returns the top 5 ranked statements.

• Parent-child retrieval: Embedding search works best when the statements that are being

embedded are not too long. This effectively requires chunking the transcript into state-

ments that are no longer than a couple of sentences. Naturally, even though though small

chunks sizes improve embedding search, they result in losing relevant context. Parent-

child retrieval helps alleviate this context loss by additionally returning the sentences

surrounding the identified statements.

29Since, a query can return at max 20 statements, for a returned statement the lowest possible contribution to
RRFscore is 1

20+k , whereas, if a statement is not returned as part of a query it is assigned rq = ∞ =⇒ 1
∞+k = 0.
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C Model details

C.1 Set-up

Consider a two period economy in which the insurance company competes in a monopolistic

insurance market. In period t, they set prices Pt and face a downward sloping demand curve

Q(Pt) with constant elasticity of demand ε := ∂ logQt/∂ logPt. When they sell Qt policies it

creates economic liabilities Lt = QtVt, they need to also recognize statutory reserves Lstatutory
t ,

and selling policies creates assets At = PtQt equal to the revenue from selling policies. The rev-

enue is invested in short-term and long-term bonds with market valuesMt and Bt, respectively.

Accordingly, the period t balance sheet is,

Mt +Bt︸ ︷︷ ︸
:=At=PtQt

= QtVt + Lstatutory
t +Kt

where Kt is the period t capital of the insurance company.

At period t+1, short-term bonds pay risk-free return 1+rft , there are no additional statutory

reserves required as the policies payout, and the long-term bonds and the return on the economic

values of liabilities is unknown and exposed to interest rate risk. I capture this risk, by modeling

long-term bonds and liability return as a function of change in long-term yields ∆yl,t+1,

Bt+1

Bt

= −DB∆yl,t+1 and
QtVt+1

QtVt
= −DL∆yl,t+1

∆yl,t+1 is not known known at time t, and DB and DL are the duration of long-term bonds and

liabilities, respectively. The period t+ 1 value of capital is given by,

Kt+1 = (Kt − Lstatutory
t )(1 + rft+1) +Bt (−DB∆yl,t+1 − rft+1)︸ ︷︷ ︸

:=rxB
t+1

−Lt (−DL∆yl,t+1 − rft+1)︸ ︷︷ ︸
:=rxL

t+1

where rxBt+1 and rxLt+1 are the excess returns on bonds and liabilities respectively.

Insurer and regulator model-implied beliefs: The insurer and regulators agree the variance

of long-term yields is σ2
y , but disagree about the mean, ER[∆yl,t] ̸= E∗I [∆yl,t], where R and I

superscript denote the regulator and insurer respectively. And the * superscript is added to

distinguish the insurers latent expectations, from those effective beliefs discussed earlier. As a

result of the disagreement about the change in yields, the regulator and insurer also disagree

about the expected excess return on bonds and liabilities.

46



Statutory liabilities: When the insurer sells a policy, the regulator requires them to recognize

an additional statutory liability Lstatutory
t . Reflecting the regulator prescribed methodology,

statutory liabilities are determined using the left tail of the capital loss distribution distribution,

where the distribution is calculated using interest rate projections from the regulator’s pre-

calibrated interest rate model. In other words, the statutory liability is larger, if the insurer is

expected to make large losses under regulator model-implied beliefs. I capture this feature of

the of the regulation by modeling statutory liabilities as,

Lstatutory
t =

1

1 + rft+1

ER[CR(Kt+1)]

where CR(·) > 0 is a strictly decreasing and convex cost function that puts more weight on

large losses of Kt+1, and ER[·] evaluates the expectation under regulators model-implied beliefs

about future yields.

Financial frictions: Financial frictions in raising external capital means that firm value

depends on the distribution of future losses. Insurance policies promise payouts far into the

future, which exposes internal finances to interest rate risk. Financial frictions make external

financing costly, motivating insurers to mitigate the potential capital losses from interest rate

fluctuations (Froot et al., 1993). Beyond external financing frictions, financial distress incurs

additional costs, such as reputational damage and legal and administrative fees, further reduc-

ing the current value of the firm and encouraging the hedging of interest rate risk. These costs,

stemming from financial frictions, are represented through a strictly decreasing and convex cost

function CI(Kt+1).

Firm value maximization: Given frictions, the period t + 1 value of the firm is Jt+1 =

Kt+1 − CI(Kt+1). The insurer wants to choose policy prices and bond allocation in order to

maximize the present value of the firm, EI [Γt+1Jt+1] where Γt+1 is the market SDF. Assuming

the insurance company has no special advantage over the market in generating returns on bonds

and their portfolio of policies, and assuming Lstatutory
t and CI(Kt+1) are independent of Γt+1.

The insurer’s maximization problem is given by,

EI [Γt+1Jt+1(B
∗
t , P

∗
t )] = max

Bt,Pt

Kt −
1

1 + rft+1

EI [CI(Kt+1)]−
1

1 + rft+1

ER[CR(Kt+1)]

To elucidate the mechanisms, I work with a second-order approximation of this problem which

47



allows for closed form solutions,30

argmax
Bt,Pt

Kt −
1

1 + rft+1

cI
(
γI

2
σ2
K − µI

K

)
− 1

1 + rft+1

cR
(
γR

2
σ2
K − µR

K

)

where µI
K = EI [Kt+1] and µ

I
R = ER[Kt+1] are the insurer and regulator’s expectation of next

period capital, and σ2
K is their shared belief about capital volatility. The expected value and

volatility of capital impact the firm value in opposite directions. On the one hand, higher vari-

ance makes large losses of Kt+1 more likely, reducing firm value. On the other hand, higher

expected future capital reduces the likelihood of extreme losses, in turn, offsetting the decline

in firm value coming from higher volatility.

Given, the multi-year projection horizon, expectations play more prominent role than other

moments (see appendix A). Hence, for expositional simplicity, in the main text I assume γ :=

γR ≈ γI .

C.2 Solving the model

We want to solve for the optimal long-term bond allocation, Bt, and policy price, Pt,

argmax
Bt,Pt

Kt −
1

1 + rft+1

cI
(
γI

2
σ2
K − µI

K

)
− 1

1 + rft+1

cR
(
γR

2
σ2
K − µR

K

)
where,

• Kt = (Pt − Vt)Qt

• Kt+1 = Kt(1 + rft+1) +Bt(−DB∆yt+1 − rft+1)−QtVt(−DL∆yt+1 − rft+1)

• µτ
K = Kt(1 + rft+1) +BtEτ [rxBt+1]−QtVtEτ [rxVt+1] for τ ∈ {∗I, R}

• σ2
K = (BtDB −DLQtVt)

2σ2
y

30See appendix section C.3 for details on the approximation.
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Solving for Bt: Take derivatives of the objective function with respect to Bt,

0 =
1

1 + rft+1

∑
τ∈{I,R}

cτ
(
∂µτ

K

∂Bt

− γτ

2

∂σ2
K

∂Bt

)

0 =α
∂µR

K

∂Bt

+ (1− α)
∂µI

K

∂Bt

− γ̃

2

∂σ2
K

∂Bt

(α := cR

cR+cI
; γ̃ := αγR + (1− α)γI)

0 =EI [rxBt+1] + α(ER[rxBt+1]− EI [rxBt+1])− γ̃(BtD
2
B −DBDLQtVt)σ

2
y

Bt =
EI [rxBt+1] + α(ER[rxBt+1]− EI [rxBt+1])

γ̃σ2
B

+
DL

DB

QtVt︸︷︷︸
=Lt

(σ2
B := D2

Bσ
2
y)

where λ = Kt/At is the insurer’s leverage.

Solving for Pt: Since this is a bit algebraically involved, it is helpful to write-out and simplify

some derivatives before hand,

• PtQ
′
t/Qt = −ε =⇒ Q′

t = −εQt/Pt

• ∂Kt

∂Pt
= Q′

tPt +Qt −Q′
tVt =

εQt

Pt

[
Vt −

(
1− 1

ε

)
Pt

]
• ∂µτ

K

∂Pt
= (1 + rft+1)

∂Kt

∂Pt
+ VtEτ [rxLt+1]εQt/Pt

• ∂σ2
K

∂Pt
= 2[DBBt−DLVtQt]VtDLσ

2
yεQt/Pt which when evaluated for equilibrium Bt is

∂σ2
K

∂Pt
=

2DBBMV,tVtDLσ
2
yεQt/Pt where BMV,t :=

EI [rxB
t+1]

γ̃σ2
B

Taking derivatives of the objective with respect to price,

0 =
∂Kt

∂Pt

+
1

1 + rft+1

∑
τ∈{I,R}

cτ
(
∂µτ

K

∂Pt

− γτ

2

∂σ2
K

∂Pt

)

0 =
1 + C

C
(1 + rft+1)

∂Kt

∂Pt

+ VtEI [rxLt+1]εQt/Pt −
γ̃

2

∂σ2
K

∂Pt

(C := cR + cI and γ̃ := αγR + (1− α)γI)

We can simplify,

VtEI

[
rxLt+1 − rxBt+1

DL

DB

]
= Vtr

f
t+1

(
DL

DB

− 1

)
Note that because of mean-variance optimization the contribution from the mean exactly can-

cels out in equilibrium. This result echos Verani and Yu (2021) finding that without frictions

restricting optimal investment in long-term bonds, fluctuations in interest rates do not impact
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insurance policy prices. Substituting this back in,

=⇒ Pt =

(
1− 1

ε

)−1
(
1 +

Crft+1

(1 + C)(1 + rft+1)

[
DL

DB

− 1

])
Vt

Prices equal the marginal cost of issuing policies times a mark-up. In equilibrium, there are

two contributors to the marginal cost,

1. The economic liability Vt created by selling the policy.

2. The net cost of hedging the economic liability. For each dollar of liability created the

insurer needs to buy DL

DB
bonds, if DL > DB then creating the hedge is costly. The

overall contribution of the hedge cost to the price depends on the cost of frictions, which

incentivize hedging in the first place. In the absence of frictions C = 0, and this second

marginal cost disappears.

C.3 Approximating loss distribution based constraints

Suppose an investor chooses a control θ, which impacts their stochastic dollar payoff X(θ).

Denote the mean and variance of X(θ) as µx(θ) and σ2
x(θ) respectively. Now, consider a loss

distribution based statistic,

S(θ) = E[f(X(θ))]

where f(·) is strictly positive, strictly decreasing, and strictly convex. In other words, f(·) puts
increasingly more weight on losses of Xt+1; it can be viewed as the “disuitily” of losses. The

second order approximation of the loss statistic around µx(θ) is given by,

S(θ) ≈ f(µx(θ)) +
f ′′(µx(θ))

2
σ2
x(θ)

Indeed commonly used loss distribution statistics, such as Value-at-Risk and Expected Short-

fall, for a large class of distributions—e.g. normal, log-normal, student-t and exponential—are

fully characterized as functions of the mean and variance.

Suppose an investor wants to maximize utility subject to a loss based constraint,

θ∗ = argmax
θ
U(θ)− λ [ν − S(θ)]
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The approximate solution to this program is implicitly characterized by,

U ′(θ∗) + λ [−f ′(µx(θ
∗))]︸ ︷︷ ︸

:=cS>0

[
f ′′(µx(θ

∗))

−f ′(µx(θ∗))︸ ︷︷ ︸
:=γS

σx(θ
∗)σ′

x(θ
∗)− µ′

x(θ
∗)

]
= 0

where, cS is the “marginal cost” of higher variance increasing the loss based statistic, and γ is

the relative offsetting effect of a higher expected mean. Notice, that if in the optimization we

replace S(θ) with the function cS
[
γS

2
σ2
x(θ)− µx(θ)

]
, then it will admit the same θ∗ (treating

cS and γS as constants in the optimization step).

D Additional empirical results

D.1 Systematic patterns in regulator beliefs additional results

Table 4: 10-year yield average expectation error for different samples

Horizon
Expectation Sample 1Q 2Q 3Q 1yr 2yr 3yr 4yr 5yr

Regulator model
1988-2021

-0.06** -0.17*** -0.28*** -0.39*** -0.63*** -0.94*** -1.22*** -1.48***
(0.03) (0.06) (0.07) (0.08) (0.11) (0.12) (0.12) (0.12)

2009-2021
-0.07 -0.16* -0.26** -0.35*** -0.45** -0.69*** -0.78*** -0.88***
(0.05) (0.09) (0.11) (0.13) (0.2) (0.18) (0.13) (0.16)

Insurer
1988-2021

-0.23*** -0.35*** -0.47*** -0.58*** -0.96*** -1.39*** — —
(0.03) (0.06) (0.08) (0.1) (0.12) (0.11) — —

2009-2021
-0.19*** -0.31*** -0.42*** -0.53*** -0.81*** -1.25*** — —
(0.06) (0.1) (0.13) (0.15) (0.26) (0.24) — —

Blue Chip average
1988-2021

-0.2*** -0.34*** -0.47*** -0.61*** — — — —
(0.05) (0.08) (0.09) (0.1) — — — —

2009-2021
-0.21*** -0.38*** -0.57*** -0.76*** — — — —
(0.07) (0.11) (0.13) (0.14) — — — —

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The table plots the 10yr yield average expectation error for h = 1Q, 2Q, 3Q, 1yr, 2yr, 3yr, 4yr, 5yr horizons for
regulators, insurers, Blue Chip forecasters, and SPF forecasters—insurer forecasts are based on the forward
curve. The expectations are a panel of quarterly frequency expectations for sample periods: (i) 1988 to 2021,
and (ii) 2009 to 2021. The standard errors in the parenthesis are calculated using Newey-West errors with
1-lag.

51



Table 5: 10-year yield average expectation error for different samples (HAC-4)

Horizon
Expectation Sample 1Q 2Q 3Q 1yr 2yr 3yr 4yr 5yr

Regulator model
1988-2021

-0.06* -0.17*** -0.28*** -0.39*** -0.63*** -0.94*** -1.22*** -1.48***
(0.04) (0.07) (0.08) (0.09) (0.13) (0.14) (0.14) (0.14)

2009-2021
-0.07 -0.16* -0.26** -0.35** -0.45* -0.69*** -0.78*** -0.88***
(0.06) (0.10) (0.12) (0.15) (0.22) (0.20) (0.15) (0.18)

Insurer
1988-2021

-0.23*** -0.35*** -0.47*** -0.58*** -0.96*** -1.39*** — —
(0.04) (0.07) (0.09) (0.11) (0.14) (0.13) — —

2009-2021
-0.19*** -0.31*** -0.42*** -0.53*** -0.81*** -1.25*** — —
(0.07) (0.11) (0.15) (0.17) (0.29) (0.27) — —

Blue Chip average
1988-2021

-0.2*** -0.34*** -0.47*** -0.61*** — — — —
(0.06) (0.09) (0.10) (0.12) — — — —

2009-2021
-0.21*** -0.38*** -0.57*** -0.76*** — — — —
(0.08) (0.12) (0.15) (0.16) — — — —

HAC standard errors with 4 lags in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The table plots the 10yr yield average expectation error for h = 1Q, 2Q, 3Q, 1yr, 2yr, 3yr, 4yr, 5yr horizons for
regulators, insurers, and Blue Chip forecasters. The expectations are a panel of quarterly frequency
expectations for sample periods: (i) 1988 to 2021, and (ii) 2009 to 2021. The standard errors in the
parenthesis are calculated using Newey-West HAC standard errors with 4 lags for robustness to serial
correlation and heteroskedasticity.
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Table 6: Coibion-Gorodnichenko coefficient

Maturity
Expectation Sample 3M 1Y 2Y 5Y 10Y

Regulator model
1988-2021

0.45*** 0.31*** 0.17** -0.04 -0.13**
(0.09) (0.09) (0.08) (0.06) (0.06)

2009-2021
0.39** 0.47** 0.36** 0.08 -0.03
(0.18) (0.2) (0.15) (0.09) (0.07)

Insurer
1988-2021

0.11 0.09 0.01 -0.09* -0.1*
(0.07) (0.06) (0.06) (0.05) (0.05)

2009-2021
0.1 0.12 0.03 -0.05 -0.11

(0.07) (0.09) (0.09) (0.08) (0.07)

Blue Chip average
1988-2021

0.57*** 0.45*** 0.25*** 0.02 -0.04
(0.09) (0.09) (0.09) (0.1) (0.1)

2009-2021
0.29* 0.32** 0.17 -0.06 -0.13
(0.17) (0.15) (0.12) (0.11) (0.12)

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The table shows the Coibion-Gorodnichenko (CG) coefficient for different maturities, comparing expectations

of the regulator, insurers, BCFF, and SPF. The CG regression is given by:

ent+1Q|t = αn + βn(Et[y
n
t+1Q]− Et−1Q[y

n
t+1Q]) + εnt+1Q where ent+1Q|t is the expectation error, and βn is the CG

coefficient where βn > 0 implies underreaction. The expectations are a panel of quarterly frequency

expectations for sample periods: (i) 1988 to 2021, and (ii) 2009 to 2021. The standard errors are calculated

using Newey-West errors with 1-lag.
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Table 7: Coibion-Gorodnichenko coefficient (HAC-4)

Maturity
Expectation Sample 3M 1Y 2Y 5Y 10Y

Regulator model
1988-2021

0.45*** 0.31*** 0.17* -0.04 -0.13*
(0.10) (0.10) (0.09) (0.07) (0.07)

2009-2021
0.39* 0.47** 0.36** 0.08 -0.03
(0.20) (0.22) (0.17) (0.10) (0.08)

Insurer
1988-2021

0.11 0.09 0.01 -0.09 -0.1
(0.08) (0.07) (0.07) (0.06) (0.06)

2009-2021
0.1 0.12 0.03 -0.05 -0.11

(0.08) (0.10) (0.10) (0.09) (0.08)

Blue Chip average
1988-2021

0.57*** 0.45*** 0.25** 0.02 -0.04
(0.10) (0.10) (0.10) (0.11) (0.11)

2009-2021
0.29 0.32* 0.17 -0.06 -0.13
(0.19) (0.17) (0.14) (0.12) (0.13)

HAC standard errors with 4 lags in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The table shows the Coibion-Gorodnichenko (CG) coefficient for different maturities, comparing expectations

of the regulator, insurers, and Blue Chip forecasters. The CG regression is given by:

ent+1Q|t = αn + βn(Et[y
n
t+1Q]− Et−1Q[y

n
t+1Q]) + εnt+1Q where ent+1Q|t is the expectation error, and βn is the CG

coefficient where βn > 0 implies underreaction. The expectations are a panel of quarterly frequency

expectations for sample periods: (i) 1988 to 2021, and (ii) 2009 to 2021. The standard errors are calculated

using Newey-West HAC standard errors with 4 lags for robustness to serial correlation and heteroskedasticity.

D.1.1 Drivers of patterns in regulator expectations

A key benefit of using model-elicited beliefs is the ability to gain insight into the drivers of the

observed patterns in regulator beliefs. To precisely answer this question, we would need access

to the true data-generating process (DGP) for interest rates in order to see how the regulator’s

DGP deviates from it. Since we do not have access to the true DGP, I adopt a DGP-agnostic

approach. In this section, I assess the sensitivity of the observed patterns in regulator beliefs

to changes in the parameters of the regulator’s model.

I conduct a sensitivity analysis on observed patterns to several key parameters: the long-run

mean of log long-term yields (ȳ
(h)
20 ), the long-run mean of the slope (s̄), the mean reversion rates

of long-term yields (β1), and the mean reversion rates of the slope in both the long-rate (ψ) and

slope equations (β2). For each parameter, I increase its value by 10%, reconstruct the regulator’s

beliefs, and then re-estimate the three patterns: (i) forecast errors, and (ii) over/underreaction.

Figure 14 shows that expectation errors are most sensitive to changes in the long-run mean
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of interest rates, suggesting that these errors are primarily driven by the regulator’s failure to

anticipate the decline in yields. Figure 15 presents the sensitivity of the Coibion and Gorod-

nichenko (CG) regression coefficient for 3-month yields, showing that CG behavior is predomi-

nantly driven by the model’s persistence parameters.

Figure 14: Regulator sensitivity of 5-year ahead expectation error to parameters
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Figure 15: Regulator sensitivity of 1Q ahead CG coefficient to parameters

D.2 Difference-in-difference estimand derivation

Here I derive the model-based DD estimand βVM20
t . In terms of notation, E(i)[·] denotes the

cross-sectional average across insurers. Additionally, I follow the potential outcomes framework

in denoting the actual treatment status with a superscript 1 for being subject to VM20, and 0

for not being subject to to VM20.

βVM20
t =E(i)[B1

i,t −B0
i,2016|VM20 = 1]− E(i)[B0

i,t −B0
i,2016|VM20 = 0]

=E(i)[B1
i,t −B0

i,2016|VM20 = 1]− E(i)[B0
i,t −B0

i,2016|VM20 = 1] (common trends ass.)

=E(i)[B1
i,t −B0

i,t|VM20 = 1]

=E(i)

[
EI

i,t[rx
B
t+1] + αVM20

i,t (ER
t [rx

B
t+1]− EI

i,t[rx
B
t+1])

γi,tσ2
B

+
DL

DB

Li,t

−

(
EI

i,t[rx
B
t+1]

γi,tσ2
B

+
DL

DB

Li,t

)∣∣∣∣∣VM20 = 1

]
(Substitute in model)

=E(i)

[
αVM20
i,t

ER
t [rx

B
t+1]− EI

i,t[rx
B
t+1]

γiσ2
B

∣∣∣∣∣VM20 = 1

]

D.3 VM20 difference-in-difference estimates

This subsection assesses the robustness of the difference-in-differences results to alternative def-

initions of the treatment group, potential confounding factors, and inference procedures. Table
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8 reports the baseline estimates in column (1), and various robustness checks in columns (2)

through (7).

Table 8: Difference-in-Difference: VM20 impact on long-term bond holdings

Baseline Robustness

(1) (2) (3) (4) (5) (6) (7)
α 8.40*** 8.43*** 8.46*** 8.04*** 8.37*** 8.55*** 8.68***

(0.18) (0.17) (0.17) (0.20) (0.17) (0.20) (0.19)
δi∈LI -1.67*** -1.76*** -1.96*** -1.18*** -1.88*** -1.30*** -1.48***

(0.39) (0.38) (0.39) (0.40) (0.43) (0.31) (0.43)
VA Sharei,t 1.18* 1.06 1.16* — 1.23* 0.98 0.02

(0.70) (0.65) (0.68) — (0.69) (0.73) (0.74)
δ2011 -0.80*** -0.86*** -0.96*** -0.53*** -0.79*** -0.83*** -0.84***

(0.06) (0.06) (0.06) (0.08) (0.06) (0.08) (0.06)
δ2012 -0.24*** -0.30*** -0.32*** -0.08 -0.26*** -0.27*** -0.33***

(0.05) (0.05) (0.05) (0.07) (0.05) (0.07) (0.05)
δ2013 0.01 0.02 0.00 0.14* -0.03 0.04 0.00

(0.06) (0.05) (0.05) (0.08) (0.06) (0.07) (0.05)
δ2014 -0.03 -0.02 -0.04 0.07 -0.06 -0.02 -0.10**

(0.04) (0.04) (0.04) (0.06) (0.04) (0.05) (0.04)
δ2015 -0.03 -0.00 -0.02 0.02 -0.03 -0.04 -0.13***

(0.03) (0.03) (0.03) (0.04) (0.03) (0.03) (0.02)
δ2016 0.00 0.00 0.00 0.00 0.00 0.00 0.00

— — — — — — —
δ2017 0.13*** 0.14*** 0.16*** 0.16*** 0.18*** 0.13*** -0.13***

(0.02) (0.02) (0.02) (0.03) (0.02) (0.03) (0.02)
δ2018 0.08** 0.11*** 0.09** 0.04 0.10*** 0.10*** -0.18***

(0.03) (0.03) (0.03) (0.04) (0.03) (0.04) (0.03)
δ2019 0.08* 0.11** 0.07 -0.05 0.13*** 0.11** -0.17***

(0.04) (0.04) (0.04) (0.06) (0.04) (0.05) (0.04)
δ2020 0.35*** 0.39*** 0.34*** 0.20*** 0.38*** 0.38*** 0.04

(0.05) (0.05) (0.05) (0.07) (0.05) (0.06) (0.05)
δ2021 0.59*** 0.63*** 0.59*** 0.42*** 0.59*** 0.66*** 0.33***

(0.05) (0.05) (0.05) (0.07) (0.05) (0.06) (0.05)
δ2022 0.41*** 0.38*** 0.34*** 0.15** 0.42*** 0.45*** 0.16***

(0.05) (0.05) (0.05) (0.07) (0.05) (0.06) (0.05)
δ2011 × δi∈LI 0.24* 0.28* 0.41** -0.09 0.26* 0.22** 0.42***

(0.14) (0.15) (0.16) (0.15) (0.15) (0.10) (0.12)
δ2012 × δi∈LI 0.21* 0.23* 0.26* 0.04 0.37*** 0.21** 0.20*

(0.12) (0.14) (0.15) (0.14) (0.13) (0.09) (0.11)
δ2013 × δi∈LI -0.17 -0.20 -0.15 -0.32** -0.03 -0.18* -0.01

(0.13) (0.14) (0.15) (0.15) (0.15) (0.10) (0.11)
δ2014 × δi∈LI -0.10 -0.16 -0.05 -0.22 0.06 -0.06 0.18

(0.15) (0.13) (0.14) (0.17) (0.17) (0.09) (0.13)
δ2015 × δi∈LI 0.19* 0.20** 0.21** 0.16 0.24* 0.13** 0.23**

(0.10) (0.10) (0.10) (0.12) (0.13) (0.06) (0.09)
δ2016 × δi∈LI 0.00 0.00 0.00 0.00 0.00 0.00 0.00

— — — — — — —
δ2017 × δi∈LI 0.11** 0.02 -0.12** 0.11* -0.12* 0.05 0.16***

(0.05) (0.05) (0.06) (0.06) (0.06) (0.04) (0.06)
δ2018 × δi∈LI 0.57*** 0.33*** 0.40*** 0.68*** 0.53*** 0.26*** 0.24***

(0.10) (0.09) (0.09) (0.11) (0.11) (0.07) (0.07)
δ2019 × δi∈LI 0.55*** 0.25* 0.39*** 0.79*** 0.33* 0.29*** 0.24**

(0.15) (0.15) (0.15) (0.18) (0.19) (0.10) (0.11)
δ2020 × δi∈LI 0.89*** 0.45** 0.70*** 1.17*** 0.84*** 0.44*** 0.60***

(0.23) (0.22) (0.23) (0.27) (0.29) (0.13) (0.20)
δ2021 × δi∈LI 1.21*** 0.77*** 0.97*** 1.53*** 1.43*** 0.52*** 0.96***

(0.24) (0.23) (0.25) (0.28) (0.32) (0.13) (0.22)
δ2022 × δi∈LI 1.00*** 0.80*** 1.03*** 1.21*** 1.15*** 0.46*** 0.80***

(0.21) (0.21) (0.22) (0.25) (0.27) (0.13) (0.20)
Observations 3,692 3,721 3,709 2,617 3,692 3,692 3,215
VA dropped No No No Yes No No No
δt×TCJA exposure No No No No No No Yes
δi∈LI definition year 2013 2012 2011 2013 2013 2013 2013
δi∈LI threshold 90% 90% 90% 90% 95% 70% 90%

Clustered standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The table shows estimates from the difference-in-difference regression, all standard errors cluster at the insurer

and year. Column 1 presents the baseline estimates, where treatment group are insurers with more 90%

traditional life reserves in 2013, and the control group are all other insurers. Column 2 and 3 use 2012 and

2011 to define the treatment group. Column 4 drops insurance companies with variable annuity business.

Column 5 and 6, define the treatment group as having more than 95% and 70% traditional life reserves in

2013, respectively. Column 7, controls for insurers’ exposure to Tax Cuts and Jobs Act (TCJA) tax reforms.

Year used to identify traditional life insurers: In the baseline specification, I define traditional
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life insurers as those with more than 90% of reserves in traditional life policies in 2013. Columns

(2) and (3) show that the results are essentially unchanged when reserves in 2012 or 2011 are

used instead. This is consistent with product specialization being a relatively persistent char-

acteristic of these firms.

Controlling for variable annuity exposure: The baseline specification controls for the share of

variable annuity reserves to ensure comparability between treatment and control groups. Col-

umn (4) shows that the results are robust to an alternative specification that simply excludes

insurers offering variable annuity products.

Threshold for defining traditional life insurers: The baseline uses a 90% threshold of tradi-

tional life reserves to identify firms specializing in traditional life insurance. Columns (5) and

(6) use alternative thresholds of 95% and 70%, respectively. The overall pattern in duration

remains similar to the baseline, with slightly larger estimates at the 95% threshold and slightly

smaller ones at 70%, as expected given the degree of exposure to VM-20 regulation is positively

related to the threshold.

Exposure to Tax Cuts and Jobs Act (TCJA) reforms: A potential concern is that the results

may be confounded by the Tax Cuts and Jobs Act (TCJA), which went into effect in 2018—the

year following the first phase of VM20 implementation. The Society of Actuaries (SOA) as-

sessed the impact of the TCJA on life insurance product pricing and profitability, finding that

most product types were only modestly affected, with the exception of term life products using

captive reinsurance vehicles, which experienced a substantial decline in profit margins under

the new tax regime (Clingerman et al., 2018).

If traditional life insurers were more likely to use captive reinsurance, and if such products

tend to have lower duration, the tax reform could have induced these insurers to shift toward

longer-duration products (and assets), potentially confounding the baseline results. To address

this concern, I measure each insurer’s exposure to the TCJA using its use of captive reinsur-

ance vehicles and control for this exposure interacted with year dummies. Specifically, I follow

Koijen and Yogo (2016) in constructing a shadow insurance measure that captures captive use.

Column (7) includes these interactions, and the estimates remain quantitatively similar to the

baseline specification. Consistent with this, I find that traditional life insurers are, on average,

less likely to use captive reinsurance than non-traditional life insurers.

Placebo inference: Finally, to assess whether the observed treatment effects could arise by

chance, I perform a placebo inference exercise following the spirit of a Fisherian sharp null. I
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randomly assign treatment status across insurers 10,000 times and re-estimate the difference-

in-differences specification for each permutation. Figure 16 plots the distribution of placebo

treatment effects and the actual 2022 estimate. The observed treatment effect lies in the right

tail of the placebo distribution, corresponding to a p-value of 0.2%.

Figure 16: Plot of βVM20
t against 10,000 βVM20,placebo

t which randomly assigning treatment

This figure plots the treatment effect (βVM20
t ) as outlined in the baseline DD regression. The dashed blue line

represents the actual treatment effect, while the red bars show the placebo distribution.

D.4 Mean reversion point decomposition

The regulator uses the following rule to update the mean-reversion point parameter in January

of each year using monthly frequency yield curve data,

ȳ
(t)
20 = Round25bps {0.2×Med600m,t−1 (y20) + 0.3×Mean120m,t (y20) + 0.5×Mean36m,t (y20)}

The unrounded changes in the moving averages and medians from January to January can

be decomposed into the parts coming from either: (i) new interest rate data released over

the previous twelve months, or (ii) the parts coming from old observations dropping out/their

weights changing,
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1. ∆Mean36m,t (y20) =
1
36

∑36
l=1 y20,t−l − 1

36

∑48
l=13 y20,t−l =

1

36

12∑
t=1

y20,t−l︸ ︷︷ ︸
new information

− 1

36

48∑
l=37

y20,t−l︸ ︷︷ ︸
old information

2. ∆Mean120m,t (y20) =
1

120

∑120
l=1 y20,t−l − 1

120

∑132
l=13 y20,t−l =

1

120

12∑
t=1

y20,t−l︸ ︷︷ ︸
new information

− 1

120

132∑
l=121

y20,t−l︸ ︷︷ ︸
old information

3. ∆Med600m,t−1 (y20) =


Med600m,t−1 (y20)︸ ︷︷ ︸

new information

−Med600m,t−12 (y20)︸ ︷︷ ︸
old information

if Med600m,t−1 ∈ {yt−1, . . . , yt−12}

∆Med600m,t−1 (y20)︸ ︷︷ ︸
old information

Otherwise

Collecting these terms we can decompose the changes in the parameter into,

∆ȳ
(t)
20,new data entering windows =0.2× 1{Med600m,t−1 ∈ {yt−1, . . . , yt−12}} ×Med600m,t−1 (y20)

+

(
0.5× 1

36
+ 0.3× 1

120

) 12∑
t=1

y20,t−1−l

∆ȳ
(t)
20,old data exiting windows =0.2× 1{Med600m,t−1 /∈ {yt−1, . . . , yt−12}} ×∆Med600m,t−1 (y20)

− 0.2× 1{Med600m,t−1 ∈ {yt−1, . . . , yt−12}} ×Med600m,t−1 (y20)

− 0.5× 1

36

48∑
l=37

y20,t−l − 0.3× 1

120

132∑
l=121

y20,t−l

∆ȳ
(t)
20, rounding =∆ȳ

(t)
20 −∆ȳ

(t)
20,unrounded

Note that changes in the unrounded part can be fully decomposed into,

∆ȳ20,unrounded ≡ ∆ȳ
(t)
20,new data entering windows +∆ȳ

(t)
20,old data exiting windows

Hence, this gives the decomposition identity I use to construct the instrument,

∆ȳ
(t)
20 = ∆ȳ

(t)
20,new data entering windows +∆ȳ

(t)
20,old data exiting windows +∆ȳ

(t)
20, rounding

D.5 Higher cost of regulation and probability of opting-out

Insurers for whom the regulation would have been more costly (high αVM20
t ) were more likely to

opt out when given the option. The cost of regulation is higher for life insurers with lower RBC

ratios. In this section, I test whether more financially constrained insurers, for whom VM20

was more costly, were more likely to opt out when given the option.
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VM20 was enacted in 2017, but it allowed insurers to opt out until the end of 2019 to help

them transition to the new reserving methodology. After 2020, a few in-state insurers and

small insurers, for whom it would be too costly to follow VM20, were also allowed to apply

for exemption from the regulation. Unfortunately, there isn’t data available on who chose to

opt out during the transition period; however, we can observe insurance companies opting out

post-2020, as they need to reveal this in supplementary VM20 regulatory filings.

Table 9 estimates a linear probability model of the decision to opt out of VM20 in 2022—the

results are similar for other years as there is little time-variation in the decision to opt-out. The

estimates show that smaller firms and those that are more financially constrained are more

likely to apply to opt out of VM20. The size effect is somewhat mechanical, as only sufficiently

small firms are able to opt out of the regulation. However, the RBC effect is quantitatively

large and significant. Conditional on size, having a one-standard deviation lower RBC ratio

increases the probability of opting out by 8 percentage points.

Table 9: Linear probability model of VM20 opt out decision on insurer characteristics

1{VM20 Opt-Out2022}

z-score(log RBC ratiot−1) -0.08***
(0.03)

log(Total Investmentst−1) -0.14***
(0.05)

Observations 44
R-squared 0.20

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The table shows the estimates from regression the binary variable of if an insurer chose to opt out of VM20 in

2022 on the laggged size and the lagged z-score of the risk based capital ratio.

D.6 Supporting evidence for regulatory constraint mechanism

In the paper, I argue that regulator model-implied beliefs influence insurer actions primarily

through their effect on statutory liabilities—rather than through belief updating or learning.

As supporting evidence, Figure 17 plots the relationship between annual changes in statutory

liabilities and the corresponding changes in statutory equity and total assets, using the same

insurer-year sample as in the baseline difference-in-differences analysis (2011-2022). Consistent

with insurers managing assets to maintain roughly constant statutory equity, changes in statu-

tory liabilities map almost one-for-one into changes in assets, with an R2 of 0.99. By contrast,
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the relationship with statutory equity is much weaker (R2 = 0.15), indicating that most liability

movements are offset by asset adjustments rather than by changes in equity.

Figure 17: Relationship between changes in statutory liabilities, assets, and equity

The figure plots the annual change in statutory equity (blue) and total assets (red) against the annual change
in statutory liabilities (in millions of USD). Each point corresponds to an insurer-year observation over the
period 2011-2022.
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D.7 Disagreement estimates

Table 10: Average disagreement between regulator and insurer (ER
t [y10,t+h]− EI

t [y10,t+h])

Horizon (years)
10yr yield expectation disagreement (bps)

Full Sample Pre VM20 Post VM20 Difference
1 0.21 -30.36*** 14.80*** 45.16***

(5.03) (3.31) (1.36) (3.58)
2 -9.94 -55.07*** 11.60*** 66.67***

(7.27) (5.89) (1.28) (6.03)
3 -16.59* -70.95*** 9.35*** 80.30***

(8.80) (8.18) (1.20) (8.27)
4 -43.55*** -112.43*** -10.68* 101.75***

(11.03) (11.32) (5.94) (12.78)
5 -63.90*** -132.11*** -31.34*** 100.77***

(13.10) (12.66) (11.98) (17.42)
6 -73.94*** -141.41*** -41.74*** 99.66***

(14.86) (21.21) (11.91) (24.32)
7 -81.32*** -144.77*** -51.04*** 93.73***

(15.60) (25.85) (11.97) (28.49)
8 -86.20*** -142.44*** -59.36*** 83.08***

(14.65) (24.86) (12.19) (27.69)
9 -89.97*** -140.35*** -65.92*** 74.43***

(14.35) (24.16) (13.55) (27.70)
10 -94.00*** -138.69*** -72.67*** 66.02**

(14.52) (23.83) (15.53) (28.45)
11 -90.60*** -131.73*** -70.98*** 60.75**

(14.07) (23.41) (15.81) (28.24)
12 -86.10*** -123.60*** -68.20*** 55.40*

(14.00) (23.60) (16.33) (28.70)

Clustered standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The table shows the average difference between regulator model-based and insurer effective expectations of

10yr yields for different expectation horizons, using annual data from 2009 to 2022, and the standard errors

are clustered at the insurer level. The The first sample shows the full sampe estimate, the second and the

third columns are the pre VM20 (2009-2016) and post VM20 (2017-2022 respectively, and the fourth column is

the difference between the estimates between the pre and post VM20 columns.
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