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Abstract

This paper investigates the ability of large language models (LLMs), primarily ‘GPT-3.5 Turbo’ 
(GPT), to form inflation perceptions and expectations based on macroeconomic price signals. 
We compare the LLM’s output to household survey data and official statistics, mimicking the 
information set and demographic characteristics of the Bank of England’s Inflation Attitudes 
Survey (IAS). Our quasi-experimental design exploits the timing of GPT’s training cut-off in 
September 2021 which means it has no knowledge of the subsequent UK inflation surge. 
This setting turns out to be crucial to track aggregate survey results and official statistics 
at short horizons. At a disaggregated level, GPT replicates key empirical regularities of 
households’ inflation perceptions, particularly for income, housing tenure, and social class. 
A novel Shapley value decomposition of LLM outputs suited for the synthetic survey setting 
provides well-defined insights into the drivers of model outputs linked to prompt content. We 
find that GPT demonstrates a heightened sensitivity to food inflation information like that of 
human respondents. However, we also find that it lacks a consistent model of consumer price 
inflation, eg by exhibiting unexplained kinks in component sensitivity. More generally, our 
approach could be used to evaluate the behaviour of LLMs for use in the social sciences, to 
compare different models, or to assist in survey design.
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1 Introduction
Agent expectations have been a crucial component of many approaches in economic
analysis, at least since Lucas (1975). Economic agents who are forward looking, and
the systems comprising them, behave substantially differently from those which merely
react to current or past observations. However, the details of real-world expectations
formation processes, like those of households and firms, are not yet well understood.
They likely exhibit considerable heterogeneity (D’Acunto and Weber, 2024), and com-
mon modelling approaches like rational or adaptive expectations face challenges.

The release of ChatGPT at the end of 2022 led to a surge in interest in large lan-
guage models (LLMs), in both their development and applications. LLMs have shown
impressive results across a variety of tasks often reaching or exceeding human perfor-
mance, including the abilities to converse and reason, recall knowledge, answer logical
questions, or write computer code (Christie et al., 2024; Galatzer-Levy et al., 2024;
Luo et al., 2024; Licorish et al., 2025). This ability to behave like humans has quickly
led to interest in economics too: Early work used LLMs as simulated economic agents
who are given endowments, information and preferences so that their behaviour can
be studied in various scenarios via simulations in silico (Horton, 2023).
We contribute to this nascent literature on using LLMs for economic analysis by ad-
dressing the problem of understanding agents’ economic perception and expectation
formation, and by providing general approaches for analysing LLM outputs in the
simulated treatment setting. In particular, we investigate the ability of a version of
OpenAI’s GPT model1 (Brown et al., 2020) to assess consumer price inflation in the
present and future when provided with different price signals. Our contributions can
be summarised in four distinct points.

One, we use a quasi-experimental design around a real-word scenario probing out-
of-sample and out-of-distribution model behaviour. We use a synthetic survey set-
ting (Argyle et al., 2023; Arora et al., 2023), replicating two samples of the Bank of
England’s Inflation Attitudes Survey (IAS, a quarterly survey which tracks inflation
perceptions and expectations of UK households) around the peak of consumer price
inflation in late 2022. While relatively brief, this shock to consumer prices was of a
magnitude unseen in preceding decades. Our investigation of how GPT reacts to such
an extreme event tests the limits of the model, and also how information leakage from
this event may have affected subsequently released models: The experimental setting
is crucial for matching aggregate outcomes of both the human benchmark and official
statistics. There is strong model drift in terms of an increasing positive relationship
between inflation perceptions and later models’ release dates making them unfit for
the task. Whereas related work simulating inflation surveys typically relies on contem-
porary models whose training window overlaps the period studied—so that genuine

1Slightly confusingly, the series of GPT models created by OpenAI, and used to power ChatGPT,
are themselves examples of a generative pre-trained transformer (GPT), the generic term for the core
technology underlying modern LLMs. We will use GPT or LLM interchangeably as representing this
larger class of models. Explicitly, we are not specifically discussing the use, advantages
or disadvantages of OpenAI’s models versus other flagship large language models, or
endorsing, or not, their use. Rather the model in this work is used as a representative
model with which to test our methods and provide a subject for analysis.
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forecasting is difficult to separate from recall (Zarifhonarvar, 2026)—our use of a model
with a fixed pre-surge cut-off turns this concern into the experimental setting by design.

Two, we provide novel machine learning interpretability tools for LLMs, which al-
low us to measure the effects of multiple information treatments and account for their
interactions. We frame our work in the experimental treatment context. An LLM
prompt consists of a synthetic persona based on the demographic characteristics of
real-world survey respondents, economic conditioning information (treatment or a sce-
nario), the IAS survey question, and instructions.
The discrete nature of the information treatment allows us to formulate a Shapley value
decomposition (Strumbelj and Kononenko, 2010) of the LLM’s survey responses, so
leveraging one of the most widely used and accepted machine learning explainability
tools.

Three, we provide a multi-way evaluation of synthetic survey responses on the micro-,
demographic meso-, and aggregate macro-level between simulated responses, actual
responses, and official statistics. The IAS will serve as our “human benchmark” for
model tuning and testing. The results are encouraging regarding the use of LLMs
in our context. Aggregate response distributions can be matched quite well with the
help of temperature tuning. On the meso-level GPT’s outputs are often aligned with
survey results along demographic groups, and are seen to be closer to official statistics
than human responses. Interestingly, we find that GPT exhibits human-like biases
including an oversensitivity to salient inflation components.
However, we also find reasons for caution when using LLMs. The micro-level corre-
spondence between LLM and human responses is rather weak and partially unstable.
This could be caused by the rudimentary economic conditioning environment and
leaves plenty of scope for future research. Furthermore, the LLM we use exhibits in-
consistencies which point to a lack of coherent reasoning or absence of a consistent
world model of the concepts studied in this paper.

Four, we discuss the use of LLMs to inform decisions. Researchers and decision mak-
ers are ultimately interested in the behaviour of actual humans and so results from
artificial intelligence (AI) experiments always require empirical validation. We provide
approaches to this, but also highlight ethical considerations. LLMs can be biased, for
instance with respect to demographic characteristics which we are investigating here
(Bai et al., 2025). In our setting, the situation can arise where LLM outputs match
either the human benchmark or official statistics, but not both. When using LLM out-
puts in downstream tasks the original purpose of the analysis should be considered,
and a strategy to handle the inevitable trade-offs devised.

Overall, we believe that our experimental design and approach consisting of validation,
sensitivity analysis, and model explainability, all in the context of a three-way compar-
ison between LLM, human, and official data, can be easily transferred to both other
applications and different models, and as such contributes to an accepted framework
for using LLMs in social science contexts. For instance, having studied a particular
model and being aware of its strengths and weaknesses then opens the door for its
use within the limits delineated by the analysis, or may raise red flags around when a
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model cannot be used for a specific task.
Concerns about the use of LLMs for research and decision making will likely need ad-
dressing for each situation separately, because, by their nature, the precise behaviour
of a LLM cannot be known a priori in a given situation. This cost implies that LLMs
will likely find uses in areas where it is hard or impossible to poll humans including
the generation and cross-check of official statistics, including “counterfactual statis-
tics”, and the more efficient and effective design of surveys.

The remainder of this paper is structured as follows: Section 2 summarises the litera-
ture on household inflation expectations and on the nascent use of LLMs in economics
and surveys. Section 3 describes the experimental setting and introduces our method-
ology. Section 4 presents the main results. We conclude with the discussion in Section
5.

2 Literature

2.1 Household Inflation Expectations and their determinants

Inflation expectations play an important role in many areas of economics and economic
policy. For instance, they determine households’ savings and consumption decisions
via the consumption Euler equation, drive agents’ wage bargaining, and durable in-
vestment decisions including housing and mortgage and portfolio choices (Bernanke,
2007). Because inflation expectations affect the decisions and actions of many eco-
nomic actors, they also affect aggregate economic outcomes. Central banks around
the world actively try to manage inflation expectations and understanding their key
determinants and how they translate into economic decisions is highly policy relevant.

The key building block, across both theoretical and empirical strands, is the role
of information frictions faced by households, with particular focus on financial liter-
acy levels (Bruine de Bruin et al., 2011), cognitive abilities (D’Acunto et al., 2019),
levels of attention (Sims, 2010; Cavallo et al., 2017), sources of information (Lamla
and Lein, 2015), subjective models of the economy (Macaulay, 2022), transmission of
policy communication (Coibion et al., 2022, 2020; D’Acunto et al., 2020; Ehrmann and
Wabitsch, 2022; McMahon and Naylor, 2023) and personal inflation experiences.
Within that, most of the literature so far points to the significant role of everyday
price signals observed by individuals (Mankiw and Reis, 2002; Mackowiak and Wieder-
holt, 2009; Coibion and Gorodnichenko, 2015). Households also focus on the price
changes of goods they purchase frequently, such as grocery items, rather than the
price changes of a representative consumption bundle when forming their inflation
expectations (Van der Klaauw et al., 2012; De Bruin et al., 2011; D’Acunto et al.,
2021). Moreover, households tend to put a higher weight on positive than negative
price changes when forming inflation expectations which helps explain the persistent
upward bias that has been documented in the literature (Mankiw et al., 2003).

Over the years, a growing literature has additionally focused on documenting and ex-
plaining empirical regularities of households’ inflation expectations. The most salient
feature is the substantial cross-sectional dispersion, which is systematically correlated
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with a set of demographic characteristics (Arioli et al., 2017; Del Giovane et al., 2008;
Jonung, 1981) with women on average reporting higher inflation perceptions and ex-
pectations than their male counterparts across most countries.

Additionally, low income households on average report higher inflation expectations
predominantly driven by their personal experienced inflation. Even after controlling
for all other demographics some studies show that the median annual inflation rate of
lower income households is 0.6 percentage point higher for a household with income
below $20,000, compared with a household with income of at least $100,000. These
findings support arguments which emphasise the importance of individual-level drivers
of inflation expectations, and suggest that traditional models of beliefs formation,
which target the mean, median, or otherwise representative household expectations,
fail to account for the most notable empirical regularities of the inflation expectations.
For example, Hobijn et al. (2009) and Kaplan and Schulhofer-Wohl (2017) study the
variation between households in the personal inflation rates they experience, with the
latter documenting higher inflation rates among lower-income families.

2.2 LLMs in economic analysis

Like the personal computer, AI both affects the structure of the economy and also
provides a tool for analysis. The former is an active field of research (e.g. Acemoglu
et al., 2022; Hui et al., 2024; Chen et al., 2024), and for us, AI, in the form of LLMs, is
a tool which can be used for economic research (Korinek, 2023, 2025; Charness et al.,
2025).

LLMs can not only be used as tools to perform tasks such as summarising litera-
ture, writing code, or helping with ideation, but also to simulate economic subjects
themselves (Argyle et al., 2023; Arora et al., 2023; Manning et al., 2024). A range
of work supports the idea that on individual, self-contained questions, value judge-
ments and actions taken by LLMs align with human behaviours across psychological,
philosophical, economic and political tests (Aher et al., 2022; Brookins and DeBacker,
2023; Faria-e Castro and Leibovici, 2023). Horton (2023) is an example of early work
simulating economic agents, homo silicus. Human behaviour often deviates from ra-
tional choice theory as investigated by behavioural economics. In light of this, it is
of interest whether LLMs and the agents they represent behave rationally or rather
with “human-like” bounded rationality. Early evidence suggests that, as with a hu-
man, it may depend on the context and the information provided (Ross et al., 2024;
Henning et al., 2025). At the same time, several studies show that LLMs know more
than their human-readable outputs imply (Orgad et al., 2025; Buckmann and Hill,
2025; Buckmann et al., 2025), suggesting that researchers may not yet have learned
to fully utilise LLMs in different contexts and raising questions about where or how
the behaviours the LLMs outwardly exhibit are formed. It has also been shown that
LLMs memorise information selectively from their training data (Lopez-Lira et al.,
2025; Crane et al., 2025), making a clean out-of-sample evaluation essential for valid
downstream inference (Ludwig et al., 2025).

We will be using LLMs in an experimental setting simulating human survey subjects
using conditioning information in a macroeconomic context (Bybee, 2023; Hansen
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et al., 2025) and use empirical evidence to assess their out-of-sample performance af-
ter the training period. Related work includes Wu et al. (2025) who also propose a
LLM-based framework that allows for dynamic effects and identification by replicating
the treatment effects in a multi-wave randomised controlled trial of inflation expecta-
tions surveys of Weber et al. (2025), whereas Jha et al. (2024) exploit the end of the
training period for ChatGPT to obtain out of sample evidence.

Closest to our work is Zarifhonarvar (2026), who also simulates a household in-
flation expectations survey—the New York Fed’s Survey of Consumer Expectations—
with demographic personas, and likewise documents an upward inflation bias, demo-
graphic gradients consistent with human surveys (lower income and education associ-
ated with higher expectations), and substantial heterogeneity across model architec-
tures. That paper studies how a range of contemporary proprietary and open-weight
models update their expectations in response to information treatments, estimates a
Bayesian-updating regression that recovers information-rigidity parameters, and de-
velops the resulting framework as a sandbox for testing central-bank communication
strategies.
Our contribution is complementary and differs in three respects that we view as central.
First, on identification: rather than treating training-data memorisation as a limita-
tion to be managed, we exploit a fixed pre-surge training cut-off as the core of our
design, yielding a genuinely out-of-sample and out-of-distribution test of expectation
formation, with the cut-off explicitly validated through probe prompts (Appendix).
We further quantify, rather than assume, the cost of ignoring this: unconditioned in-
flation perceptions drift upward by about 3 p.p. per model-release year across the GPT
family—including models sharing the same stated cut-off—which both rationalises the
cross-model variance documented elsewhere and motivates the out-of-time design. Sec-
ond, we benchmark against official statistics in addition to the human survey, surfac-
ing the policy-relevant case in which LLM output tracks official out-turns more closely
than human responses do, together with the trade-offs this creates for downstream
use. Third, our methodological contribution is an explainability decomposition—a
Shapley-value attribution adapted to the synthetic survey and treatment setting—
that probes whether the model holds an internally consistent concept of consumer
price inflation, and which surfaces inconsistencies (sensitivity kinks, non-monotone
extrapolation) that cut against a purely optimistic reading of LLMs as well-behaved
Bayesian updaters.

3 Methodology

3.1 Bank of England Inflation Attitude Survey

To retrieve information about inflation perceptions and expectations, we use the quar-
terly cross-sectional Inflation Attitudes Survey (publicly available) conducted on behalf
of the Bank of England to assess households’ attitudes towards inflation and mone-
tary policy. The weighted data are representative of the UK population aged 16 and
over. The survey also collects detailed information on respondents’ demographic char-
acteristics across eight dimensions: age, housing tenure, income, gender, work status,
education, region, and social grade. Most waves contain 1000-2000 observations, while
the wave conducted in the first quarter of each year contains about twice that number.
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The data we use spans 2003 Q1 to 2023 Q1. The survey contains a rich set of questions
eliciting households’ perception of the current rate of inflation (i.e., inflation over the
past 12 months) as well as household expectations of future rates of inflation, at short-
(1-year ahead), medium- (2-year ahead), and long- (5-year ahead) horizons. Data for
2-year and 5-year ahead expectations are available from 2009 Q1. Some additional
details on the demographic groups can be found in the Appendix 5.

3.2 Prompting Strategy

We use OpenAI’s GPT to answer the Bank’s Inflation Attitudes Survey in the context
of the 2022 inflation surge, which peaked in October 2022. Specifically, we use Ope-
nAI’s Chat Completions application programming interface (API) endpoint program-
matically creating synthetic IAS samples by querying gpt-3.5-turbo-0613 (GPT).
For price measures, we focus on consumer price index inflation including owner occu-
piers’ housing costs (CPIH) and its subcomponents in the UK.2
As has been proposed in previous work (Jiang et al., 2022), LLMs can be conditioned
to represent a particular political or demographic group. We will include gender, age,
income, housing tenure, social class, UK region in our analysis which are collected on
an individual basis as part of the IAS (see Appendix 5). Additionally, we introduce
economic conditions in the form of inflation of subcomponents of the CPIH, in par-
ticular food, restaurants & cafes, energy, and everything else (bulk).3 More precisely,
we provide the three-month average of year-on-year (yoy) inflation of each component
preceding the survey month to approximate the information set actual survey respon-
dents have with respect to consumer price inflation. The first three components are
often more volatile and seen as more salient by households, who overweight them when
forming inflation expectations (Anesti et al., 2025). We will investigate whether GPT
shows biases to any of the components we use for economic conditioning. Iterating
through the survey sample at a given point in time will return UK representative syn-
thetic sets of survey responses on inflation perceptions and expectations and allow us
to investigate their drivers.
Perceptions here relate to the current rate of price inflation and expectations to ex-
pected year-on-year price changes in one, two, and five years.4 We prompt the model
using both the system and user prompts. The system prompt remains the same in
all cases:

System: You are pretending to be the person described given your best
guess as to their personal, social and economic situation.

We then alter the user prompt. An example for inflation perception is:

You are male, aged 16-24, live in the Midlands, are upper-middle class

2This is a more comprehensive measure than consumer price index inflation excluding owner
occupiers housing costs (CPI). Both measures peaked at the same time in 2022.

3The first three correspond to the components 01, 11.1.1, 04.5 of the CPIH, respectively. Together
these have about 21% of index weight and the remainder is covered by the bulk component. In much
of our analysis, we will treat food & restaurants jointly.

4Inflation perceptions can be seen as short-term expectations given the lag of six to seven weeks
until price data are available after the end of the reference month.
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and are working full or part time with an income of >£45000. You got
your A-levels but not a degree and live in a house you rent.

In the last few months, food inflation has been 17% (9.8% in restaurants
and cafes), energy price inflation was about 88%. On average the rate
of inflation on other goods was about 5.0%5

You are going to be asked questions about your perception of current
inflation. Which of these options best describes how prices have
changed over the last 12 months?6

1. gone down by less than 1%

2. gone down by 1-2%

3. ... [The other options in the IAS]

4. risen by 13-14%

5. risen by 14-15%

6. risen by more than 15%

Please choose one option, no explanation.

LLMs have been shown to be sensitive to the order in which response choices are
presented (Pezeshkpour and Hruschka, 2024): We shuffle the response options for each
respondent in each sample with its own random seed to remove bias from a particular
choice presentation.

3.3 Experimental Setting

In terms of survey timing, and the corresponding samples to concentrate on, we con-
sider two samples at the peak of consumer price inflation in the end of 2022 and early
2023, namely 2022 Q4 (November 2022; 2111 participants) and 2023 Q1 (February
2023; 4472 participants). There are three main reasons for this.
One, they are outside GPT’s training period which ends in September 2021. As such it
does not know about the following inflation surge or particular drivers contributing to
it, like the Russian invasion of Ukraine and the subsequent spike in the energy prices
among others7. This means that an information treatment (conditioning of GPT) re-
lated to the subsequent inflation surge can be interpreted as quasi-experimental.
Two, this is around the time that aggregate inflation measures peaked but there still
was uncertainty about their actual paths and how temporary this shock might have
been. This means we are able to gauge the maximum impact of the inflation shock.

5Numbers bigger than ten in absolute terms are rounded to the next integer. One digit is given
otherwise.

6Answer options are mapped to the midpoint of each interval or 0.5 percentage points beyond the
reference value. For example, “risen by more than 15% ” is taken to be 15.5%.

7The Appendix contains a set of validation questions used to verify GPT’s knowledge cut-off, and
test whether there has been leakage into the model throughout the analysis. The answers to these
questions have been stable over time with the latest test performed on 1. December 2025.
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Figure 1: Time series of CPIH year-on-year inflation and components. Vertical lines
indicate GPT’s knowledge cut-off (dashed) and the timings of the IAS survey samples
used in November 2022 (cross-validation; 2022Q4) and February 2023 (main; 2023Q1).
Sources: ONS.
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Third, the size of the shock, as measured by economic conditioning information was
large enough to allow us to probe the model in a real and extreme situation, and to
evaluate its limits in the current context.
The experimental setting is depicted in Figure 3.3, which shows year-on-year inflation
of the overall index, and the subcomponents we use in our analysis. The training
cut-off (the time of the latest information seen during training) of GPT is given by
the dashed vertical line, and we see that during the period covered by its training data
all inflation measures were well within historical ranges. The two solid vertical lines
correspond to the two survey samples we use. These coincide with the peaks of the
different series. The details of the economic conditions used in either sample are given
in Table 2. These are broadly similar to each other, so we can feel confident carrying
over insights gained in one sample to the other.
In line with common practice in statistical learning, we use the first sample (2022Q4)
for cross-validation (CV) and the second sample (2023Q1) as our main test sam-
ple. In particular, we will calibrate GPT’s temperature parameters in the range
T ∈ {0, 0.25, 0.5, 0.75, 1, 1.25, 1.5}.8 This affects how deterministic (smaller T ) or
random (higher T ) GPT’s answers are by affecting the width of its softmax output
probability distribution. This gives us some control over the moments of GPT’s re-
sponse distribution.

sample/scenario ref. times food restaurants energy bulk CPIH

cross-validation Nov 2022 15.0 8.1 76.0 6.0 9.3
main Feb 2023 17.0 9.8 88.0 5.0 9.2
average Jan’89 - Sep’21 2.4 3.8 4.2 1.7 2.6

shares Feb-Dec 2022 0.096 0.074 0.041 0.789 1.000

Table 1: Economic conditioning information used in the different experiments. For
the main and cross-validation samples, average subcomponent year-on-year inflation
the three month before the reference period is given; CPIH values are actually realised
values at the reference times. Average values relate to those overlapping with the GPT
training period pre-Oct 2021. Shares are the CPIH basket shares February-December
2022. Sources: ONS.

3.4 LLM treatment effects

One of the biggest advantages of the use of LLMs in the current context is that
the analysis of treatment effects does not need to rely on the potential outcomes
framework (Rubin, 2005), which stipulates the impossibility of observing the treated
and untreated at the same time. By virtue of simulating subjects, survey respondents
in our case, we are always able to observe the same subject under any treatment state.
Let ti ∈ {0, 1} refer to a subject i receiving a treatment t or not. Here, t = 0 may be
a reference treatment, like a placebo. In our case, t = 1 corresponds to including the

8Theoretically OpenAI’s API allows to increase the temperature up to T = 2. However, for
T > 1.5 we observe that GPT often is either not able to follow the instructions returning random
strings unrelated to the prompt, or throws an exception after a considerable delay. We consider this
a model breakdown making it basically unusable.
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economic conditions for the two survey samples listed in Table 1 in the user prompt.
No treatment, t = 0, is either the omission of economic conditions in the prompt, or
the inclusion of some reference values, e.g. the before-training-cut-off historic averages
(see Table 1). With xi being the vector of demographic characteristics of subject i,
their individual treatment effect simulated by GPT can be written as

τi = g(t = 1;xi)− g(t = 0;xi) , (1)

where g(·) is the GPT output with the assumption that we can perform a meaningful
difference operation. This will be trivial in our case as we map all survey responses to
numbers. With a sample size N , the average treatment effect simulated by GPT is

τ̄i =
1

N

N∑
i=1

[g(t = 1; xi)− g(t = 0;xi)] . (2)

There are two major concerns regarding the validity of Eq. 2. First, the sample over
which it has been calculated. Second, potential bias coming from the use of LLMs
instead of human subjects. The first is common to the treatment and survey literature
and is addressed by generating a nationally representative sample stemming from the
underlying IAS. Addressing the second is one of the contributions of the paper, where
we will perform a three way comparison between GPT, the IAS, and official out-turns.

3.5 LLM explainability

Machine learning models, including LLMs, are often subject to the black box critique:
there are no clear input-output relations which can be used to explain a model’s pre-
dictions based on its inputs. Such relations are simple to obtain in a linear regression
model where a variable’s coefficient is the measure of the input-output relationship.
However, since machine learning models do not specify an explicit functional form,
there is no corresponding concept of a coefficient, making model explanation, interpre-
tation and investigation challenging. Additionally, the black box critique is particularly
severe for LLMs because of the high-dimensional and unstructured nature of their in-
puts and outputs (such as text) and the fact that a user of a commercial LLM will not
have direct access to a fitted model’s (very many) parameters.

Shapley values are a well-established tool for explaining machine learning model
predictions (Strumbelj and Kononenko, 2010). Shapley values are a concept borrowed
from game theory, where they describe the contributions of players to a cooperative
game’s group payoff. In the modelling setting, they can be used to decompose model
predictions based on the contributions from each input variable. This information can
then be used to identify model drivers and potentially complex non-linear relationships
learned by a model. The Shapley value for a feature k and observation or subject i for
a model g(·) can be written as

τSi,k
(
xi; g

)
=

∑
x′ ⊆C(x)

|x′|!(K − |x′| − 1)!

K!

[
g(xi|x′

i ∪ xik)− g(xi|x′
i)
]
, (3)

where the variable set x′ runs over all sets C(x) \ k, which is the set of all possible
variable combinations of K−1 variables when excluding k. The combinatorial weight-
ing factor |x′|!(K − |x′| − 1)!/K! sums to one over C(x) \ k. Eq. 3 can be interpreted
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as the marginal contribution of variable k to all possible coalitions excluding it, tak-
ing all possibilities of complementing or substituting any other individual or group of
variables into account.

We propose a general framework to address the black box critique based on explain-
able machine learning approaches (Buckmann and Joseph, 2023). In particular, we will
adapt the Shapley value framework to the survey and treatment setting (Joseph, 2019).
The application of Shapley values to LLMs in the general case is difficult, because of
the difficulty of parsing inputs into discrete variables. While general text inputs are
encoded into lists of discrete variables using byte-pair encoding (BPE, Brown et al.,
2020) and we could perhaps extract active tokens from that through considering se-
mantics or syntax, any approach will be complex in itself and quickly run into the
curse of dimensionality given the computational complexity of K! in Eq. 3.

However, this situation is considerably simplified in the survey and treatment set-
ting. The conditioning information (inputs) can be readily separated, ex ante, into dis-
crete parts, e.g. demographic categories, and the response is a single number (inflation
perceptions or expectations). This means that LLM predictions can be decomposed
similarly to the conventional case of supervised learning with a single target to model.

An interesting question is what the relation between the Shapley value (3) of a
treatment t and its treatment effect is. Based on Eq. 1, these are the same for a
single treatment. However, we have multiple treatments t = (t1, . . . , td) in our case
corresponding to information on the several CPIH price components we include in the
LLM’s prompt, i.e. t = (tf , tr, te, tb) for the food, restaurants & cafes, energy, and bulk
components, respectively. A naïve way of evaluating a single treatment, such as the
effect of high energy prices on inflation perceptions, would be to set the remaining
information treatment values to some neutral values, like long-run averages or null,
or excluding them altogether, and then subtract that model prediction from the full
treatment case.
The choice of the untreated or control reference depends on the question being an-
swered. In the current context two reference values are conceivable answering slightly
different questions.

The first case is if one wants to know how high energy prices affect inflation perception
all other things being normal. Here one can take long-run averages t̄ = (t̄f , t̄r, ·, t̄b) for
the other treatment values and write down the naïve treatment effect

τni,e = g
(
t = (t̄f , t̄r, te, t̄b); xi

)
− g

(
t = (t̄f , t̄r, t̄e, t̄b); xi

)
, (4)

where the only difference between the two terms on the right-hand side is in the value
of the energy information treatment.

In the other case, a structural reference would be the zero effect with t0e = (0, 0, ·, 0).
We call this structural because zero components do not contribute to inflation by con-
struction and thus can be seen as a special reference.

Expression 4 is naïve in the sense that for a particular multi-treatment scenario, we
expect the joint set of inputs to matter, i.e. there are potentially important interactions
between the individual treatment components. Exactly this situation is taken into ac-
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count in the calculation of Shapley values in Eq. 3 by its consideration of all possible
subsets of variables not including the variable of interest, te in the current example.
Following Eq. 3, we calculate the Shapley value for energy with a zero reference values,

τSi,e =
1

3

[
g
(
t = ((0, 0), te, 0);xi

)
− g

(
t = ((0, 0), 0, 0); xi

)]
(5)

+
1

6

[
g
(
t = ((tf , tr), te, 0);xi

)
− g

(
t = ((tf , tr), 0, 0); xi

)]
(6)

+
1

6

[
g
(
t = ((0, 0), te, tb); xi

)
− g

(
t = ((0, 0), 0, tb); xi

)]
(7)

+
1

3

[
g
(
t = ((tf , tr), te, tb); xi

)
− g

(
t = ((tf , tr), 0, tb); xi

)]
. (8)

Here we treated the food and restaurant & cafes components (tf , tr) as a single variable
which is either active (scenario value) or passive (zero values), reducing the effective
number of variables from four to three. This can be done because the linearity of Eq.
3 allows us to considerably reduce the computational burden by bunching variables.9
We will follow the bunching approach treating “food” and “restaurant & cafes” as a
single “food & restaurants” variable. This is also an example of how Shapley values
can be used to consistently represent complex quantities by grouping variables.
We will compare results from the naïve and Shapley treatment evaluations and see that
they can differ indicating important interactions between treatment subcomponents.

4 Results

4.1 Temperature calibration

We investigate how the temperature parameter (T ) affects GPT’s response distribution
using values in the range T ∈ {0, 0.25, 0.5, 0.75, 1, 1.25, 1.5} for inflation perceptions
in the IAS cross-validation sample and scenario (2022 Q4). We track the mean and
standard deviation of the corresponding GPT response distributions and compare them
to those of human responses, and official statistics on current consumer price inflation.
The latter is possible because we are working with a nationally representative sample.
We summarise the comparison between GPT and the IAS in the equally weighted loss
function

L(yGPT , yIAS, w; l) =
1

2

∣∣MN(yGPT ;w)−MN(yIAS;w)
∣∣l+1

2

∣∣SD(yGPT ;w)−SD(yIAS;w)
∣∣l ,

(9)
9What we lose in this way is the information on the inter-variable relations of grouped variables,

like their dependencies. More generally, the details regarding a low-dimensional subset of variables
is often of interest in these high-dimensional settings, where one can either create lower-dimensional
‘factors’ leveraging domain knowledge or an algorithmic approach, or take a small number of variables
of interest and treat all others jointly as ‘other’ as we do. Both approaches allow us to considerably
reduce the computational complexity of (3) while still being exact. Further approximations can be
made by sampling coalitions from C(x).
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where MN(·, w) and SD(·, w) are weighted mean and standard deviation of the input
vector with survey weights w, and l ∈ {1, 2} corresponding to a linear or a quadratic
loss. This allows us to (try to) match aggregate survey responses for validation. We
also consider the relation between GPT and IAS on the individual or micro-level by
tracking the Pearson correlation coefficient between the two for different temperature
values.
The results for this exercise are summarised in Table 2, with temperature values in-
creasing from the top to the bottom. We make several observations. First, both loss
measures decrease monotonically with increasing temperature, meaning that a higher
temperatures leads to a better match of GPT to human responses. Second, GPT tends
to predict higher inflation values than humans (the difference between means is always
positive), while the width of GPT’s response distribution exceeds that of human re-
sponse for T = 1.25 and above. This can be seen in Figure 2 which shows histograms
for GPT and IAS inflation perceptions for T = 0 (upper panel) and T = 1.5 (lower
panel) for the cross-validation sample. Visually, GPT responses match IAS responses
well for T = 1.5. Additionally, mean GPT responses are close to the true value of
aggregate consumer price inflation in November 2022.

T nmiss MN diffMN SD diffSD L1-loss L2-loss pcc pval

0.00 0 10.83 2.15 3.80 -0.97 1.56 2.77 0.05 0.02
0.25 0 10.80 2.11 3.82 -0.94 1.53 2.67 0.05 0.03
0.50 0 10.73 2.05 3.91 -0.85 1.45 2.46 0.04 0.10
0.75 0 10.62 1.93 4.18 -0.59 1.26 2.04 0.04 0.06
1.00 0 10.25 1.56 4.54 -0.22 0.89 1.25 0.03 0.15
1.25 1 9.93 1.25 4.87 0.10 0.67 0.78 0.05 0.02
1.50 49 9.11 0.44 5.58 0.81 0.63 0.42 0.05 0.04

Table 2: Cross-validation statistics for GPT inflation perceptions for different tem-
peratures (T ): GPT missing values (NA responses), survey weighted mean (MN),
difference to IAS mean, weighted sample standard deviation (SD), difference to IAS
SD, L1-loss of GPT difference to IAS mean and SD (equally weighted), same L2-loss,
Pearson correlation coefficient between GPT and IAS responses, and corresponding
p-value. Sources: IAS, authors’ calculations.

A third observation is that GPT-IAS micro-level correlations are stable but ar-
guably quite low across the temperature range. This means that despite good matches
on the aggregate level, GPT is not necessarily a good model for individual subject re-
sponses.10 A lack of micro-level agreement does not, however, mean that higher-level
results will not be accurate or useful: Collective or aggregate decision making has been
shown to potentially be more accurate compared to individual estimates (Galton, 1907;
Krause et al., 2011). We will, however, see that the results for the micro-level com-
parison may not be robust for high temperatures, and therefore continue our analysis
by considering the cases of T = 1.5 and T = 1 side by side.

Moving to the main test sample (2023Q1) validates this calibration exercise (see
Figure 3 for inflation perceptions). The T = 1.5 GPT response distribution overlaps

10The response order randomisation on the individual level will be an additional reason for this,
which we will not further investigate here.
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Figure 2: Histograms of human (sand) and GPT (blue) responses for conditioned
inflation perceptions in the cross-validation sample (November 2022) for T = 0 (upper
panel) and T = 1.5 (lower panel). Sources: IAS, ONS, authors’ calculations.
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considerably better with the human IAS responses than the one with T = 0, and the
mean value is again close to the actual realised official value (solid line).

Temperature response flow The better distributional match for T = 1.5 of
the GPT and human response distributions is achieved by GPT showing a tail of
deflationary inflation perceptions in Figures 2 & 3 despite the rather extreme infla-
tionary scenarios. This could be caused in different ways, e.g. by distributing responses
uniformly across different answer options irrespective of the T = 0 response of an (syn-
thetic) individual, or by choosing answers close to the zero-temperature response.
We investigate the response flow between low and high temperatures for the economic
conditions at the time of the main IAS sample on the left-hand side of Figure 4. This
shows how inflation perceptions for each simulated individual returning valid responses
for both temperatures changed with the temperature across four broad response buck-
ets. The high temperature tail of low or even negative inflation perceptions for T = 1.5
can be seen on the lower right of the left-hand panel. This is composed of responses
migrating from the two main buckets of the T = 0 case ((5, 10] and (10,∞)) in ap-
proximately equal parts, suggesting a roughly equal redistribution of responses across
buckets for high temperatures. However, this is contradicted by the observation of only
a small number of responses in the moderate (0, 5]-bucket for high temperatures.11 A
possible alternative explanation for the deflationary tail at high temperature is that
previously high inflation perceptions flip sign, possible due to the extreme economic
conditions.
To investigate this further, we implement the long-run average scenario from Table 1
for low and high temperatures. This is shown on the right-hand side of Figure 4.
The great majority of responses are now concentrated in the moderate-inflation (0, 5]-
bucket. Increasing the temperature now leads to an “overflow” response to neighbour-
ing buckets as we would expect from the working of the temperature parameter.12

These observations suggest that there may be something peculiar about the economic
conditions around the time of our survey samples, e.g. when compared to historic aver-
ages. We will return to this when investigating economic drivers and model sensitivity.

4.2 Time profile of inflation expectations

For both economic theory and policy making, inflation expectations are paramount.
A crucial question is whether these are ‘anchored’ at about the central bank’s inflation
target on longer horizons. We investigate the GPT inflation expectations’ time profile
for the IAS 2023Q1 sample with the economic conditioning given in Table 1.

The time profile of aggregate GPT expectations for horizons of up to five years is
shown in Figure 5 for T = 1.5.13 The close match of inflation perceptions (horizon
zero) between GPT, IAS, and ONS out-turn matches the lower part of Figure 3. Both
GPT (blue) and IAS (orange) expectations decrease with the horizon. However, there

11This is even more the case for the cross-validation sample for which we show the corresponding
figure in the Appendix.

12While increasing the temperature intuitively makes less likely responses more likely, this should
not change the shape of the response distribution.

13The profile for T = 0 is qualitatively very similar and is given in the Appendix.
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Figure 3: Histograms of human (sand) and GPT (blue) responses for conditioned
inflation perceptions in the main sample (February 2023) for T = 0 (upper panel) and
T = 1.5 (lower panel). Sources: IAS, ONS, authors’ calculations.
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Figure 4: Response flows for inflation perceptions (%) between low and high tempera-
tures for the main sample. Left: main scenario. Right: long-run average scenario (see
Table 1). Sources: IAS, ONS, authors’ calculations.

Figure 5: Time profile of aggregate inflation expectations for IAS and GPT responses
(T = 1.5) for the main sample (2023Q1 survey): GPT conditioned (blue), GPT uncon-
ditioned (pink), IAS (sand), IAS pre-Oct-2021 mean & swath (brown), out-turn from
February 2023 onwards (purple), and CPIH pre-Oct-2021 mean & swath. Sources:
IAS, ONS, authors’ calculations.
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are major discrepancies between future horizons from two to five years out. Though
somewhat elevated, IAS mean expectations are in line with the historical distribution
(IAS swath) and at the upper bounds of historically observed year-on-year inflation
(CPIH swath).14 In contrast, GPT expectations stay roughly constant and elevated
beyond the one year horizon. This suggests caution when using GPT to infer inflation
expectations.

Comprehensive summary statistics comparing GPT and IAS at different horizons
and for a high (T = 1.5) and low (T = 0) temperature are given in Table 3. The right
part of the table investigates the effect of including economic conditioning information
in the prompt compared to only including demographics. The effect columns show
the average treatment (2) for the mean and standard deviation of the GPT response
distributions. The inclusion of economic effects shifts the mean upwards considerably.
This was expected given that all treatment components are considerably above their
historic averages, such that this is a sense check.
Looking at the last column of Table 3, we see that the width of the GPT response
distribution has also increased as a consequence of the information treatment. This
suggests that there are interactions between the demographics of the different per-
sonas given in the prompts and the economic conditioning. We will investigate this
in the next section. However, we will first analyse the effect of temperature on GPT’s
responses in more detail.

4.2.1 High versus low temperature

We see in Table 3 that there are considerable differences between the results for high
and low temperatures. In line with the cross-validation results, the losses (9) are lower
for T = 1.5. In almost all cases, the higher temperature setting matches both the
mean and standard deviation of the IAS response distribution better.
However, setting a high temperature also has considerable drawbacks. First, there
can be a considerable number of invalid responses, in our case particularly for longer
horizons. It is not clear what is driving this result. A possible explanation may be
that the questions for longer horizons are logically more challenging as they refer to
year-on-year changes after a certain time has passed. This may complicate instruction
following.
Second, the micro-level relation between GPT and IAS responses as measured by
Pearson correlations is weak, volatile across horizons, and even partly breaks down.
In contrast, the GPT-IAS relations are considerably stronger and actually increasing
with the horizon for the zero temperature setting.
Lastly, the cross-horizon correlations are mostly weak for the high temperature case
with patterns very different to human responses. The corresponding cross-correlations
are listed in Table 4. GPT at zero temperature shows patterns much more similar to
those of human responses, especially between expectations at longer horizons.
Because of these observations, we will focus on the T = 0 case below. This has the
additional advantage that the interpretation of results does not carry uncertainty from
the temperature setting, which can still be investigated separately.

14Historical back data always end in Sep-21 coinciding with GPT’s knowledge cut-off if not stated
otherwise.
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GPT (T=1.5)

h 0 1 2 5
0 1.00 0.08 0.08 0.13
1 - 1.00 0.82 0.20
2 - - 1.00 0.16
5 - - - 1.00

GPT (T=0)

h 0 1 2 5
0 1.00 0.18 0.18 0.19
1 - 1.00 0.73 0.64
2 - - 1.00 0.74
5 - - - 1.00

IAS

h 0 1 2 5
0 1.00 0.43 0.31 0.28
1 - 1.00 0.63 0.50
2 - - 1.00 0.72
5 - - - 1.00

Table 4: Cross-horizon (h) Pearson correlation coefficients for GPT at T = 1.5 (upper
panel), T = 0 (middle panel), and IAS responses (lower panel). Sources: IAS and
authors’ calculations.
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4.2.2 Model time trends

We test our baseline inflation perceptions results on the main sample for two types of
alternative models other than gpt-3.5-turbo-0613: (i) later releases from the same
model family, and (ii) open-weight models with the same or earlier training cut-offs.

Later ChatGPT releases Consumer price inflation and the “cost of living crisis”
have been persistent topics of debate in the UK since the 2022 inflation spike.15 That
is, inflation has become a more salient topic in the public discourse. At the same time,
LLM fine-tuning using reinforcement learning based on human user preferences has
become common (Ouyang et al., 2022). Such fine tuning can lead to an unpredictable
level of information leakage from beyond the stated training cut-off. To test whether
there may have been such leakages or salience of high inflation in GPT’s model family,
we test unconditioned inflation perceptions for the main sample for different models,
where we remove the economic conditioning information from the prompt only leaving
demographics and the survey instructions.
The results of this exercise are summarised in Figure 6, which plots average inflation
perceptions against the release dates of the different models. We see that there is a
clear time trend with an increase of about 3 p.p. unconditional inflation perceptions
per year, which potentially creates large biases in later models as inflation numbers
quickly fell after the spike.
Models with later release dates but the same stated knowledge cut-off (September
2021) seem to be affected by this trend suggesting the use of reinforcement learning and
subsequent information leakage. Models released in early 2023 seem not to be affected
by this. This highlights the value of the experimental setting for model validation and
testing presented here.
It also underscores the challenges for the use of closed-weight proprietary models like
those from the ChatGPT family. We therefore consider a set of alternative open-weight
model with an information cut-off compatible with our setting.

Open-weight models As indicated by the results in Figure 6, not being out-of-
time may lead to considerable biases. Therefore, we repeated our base experiment on
inflation perceptions in the main sample with six open-weight alternative models with
up to 30 billion parameters and with the correct out-of-time properties (see Appendix).
All show a variety of undesirable behaviour, although, as expected to a lesser extent
as the model increases in size and if it has been instruction tuned.
In summary, alternative models have either been trained earlier and have problems
with output quality and instruction following, or their having been trained later has
exposed them to newer data in pre- or post-training, and so they are not out-of-time
leading to biases. While this situation is idiosyncratic to our exercise which requires
a training cut-off towards the end of 2021, it also points to a general issue in LLM
research.
There will be a tendency to use the current state-of-the-art models for forward looking
and operationalised tasks, due to their quality and ease of use. However, back-testing
models would preferably be of a similar strength and functionality. This highlights the
recognised need to continue work (He et al., 2025; de Araujo et al., 2025) to provide

15https://commonslibrary.parliament.uk/research-briefings/cbp-9428/
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Figure 6: Time trend of unconditioned inflation perceptions for different GPTs. Each
circle is the simple mean of a subsample of the same 200 respondents from the main
sample for 9 answer permutations for each model. Models with an official knowledge
cut-off of September 2021 are marked with a dot. Sources: Authors’ calculations.

high quality, generative, models trained with a range of strictly enforced date cut-offs
to allow out-of-time back-testing experiments.

4.3 Demographic drivers

When driven by food and energy price growth, high inflation may be more concerning
for lower income households, as they spend a larger proportion of their consumption
basket on necessities like food and energy. By similar arguments, the inflation rate
experienced by different demographic groups may vary.
Now, for a demographic variable Dc we hypothesise the relative ordering of experienced
inflation values Oc = {πc1 > · · · > πcj > · · · > πcK} for j ∈ {1, . . . , K} different levels
of that variable, for example based on assumptions about their respective consumption
baskets in a given economic environment. Taking j = 1 as the reference class for
each Dc, we can formulate the following hypothesis tests for jointly assessing Oc for
categories c ∈ {1, . . . , C} based on the response model

yi,s = b+
C∑
c=1

K∑
j=2

βcjdicj + ϵi with Hcj : βcj < 0 for j > 1 , (10)

where s denotes the source of the yi (IAS or GPT in our case), b is a constant, and
dicj is a vector of dummies encoding the demographic profile of subject i. The coeffi-
cient vector β = (β12 , . . . , βCK

)′ captures the joint relation between demographics and
survey responses given a scenario. The interpretation of the elements of β is intuitive:
by how many percentage points (p.p.) inflation perceptions or expectations are on
average higher or lower (depending on the sign of an element) if a subject belongs to
a certain demographic group, i.e. dicj = 1.
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An appealing property of Eq. 10 is that it adjusts for a different location and scale
of the response distribution ys via b and the magnitude the βs, respectively. This
means that, despite potentially poorer aggregate fits of a response distribution to a
benchmark, we still can make inferences about its drivers. This will be the case for the
GPT (T = 0) cases, which showed poorer aggregate matches to the IAS distribution
but stronger correlations on the micro level (see Table 3).
In the context of the main sample scenario in Table 1, we hypothesise that the follow-
ing reference groups within our demographic categories have experienced the highest
levels of inflation: income: less than £9999 (lowest income), housing: council house,
age: 16-24 (youngest), social class: working class, education: GCSEs but not A-levels
(lowest formal education), region: Scotland. Consequently, when fitting Eq. 10 we
expect all components of β to be negative.

4.3.1 Inflation perceptions

Table 5 summarises the results for the IAS and again for GPT for T = 1.5 and T = 0
for inflation perceptions. We also include estimates of the actual inflation experienced
by the different demographics categories at the time of the survey based on official
statistics (ONS reference).
Focusing on the T = 0 case, we see that the majority of the coefficients are indeed
negative and statistically highly significant indicating that GPT’s responses are in line
with the economic intuition guiding the choice of the reference classes, i.e. our hy-
potheses about which demographic groups may be more affected by the inflation spike
around the time of the survey.
We can further validate this intuition and GPT’s responses by comparing the β es-
timates with the ONS reference. We indeed see that GPT responses are very much
aligned with actual realisations for most categories when comparing directions: most
entries are negative.16 The exception to this are regional differences, where GPT
thought they would be large, there are almost none, perhaps because energy prices are
regulated and determined mostly on the national and not regional level.
Comparing GPT responses to the IAS, we see that most coefficients are negative again.
However, there is a major discrepancy between the two for age. While GPT thinks
that there is a mostly negative and marginally increasing effect with age, IAS respon-
dents show an effect which is clearly positive and strongly increasing with age. These
findings are in line with a memory based explanation as proposed in Braggion et al.
(2025) who argue that households living in areas with higher local inflation during
the hyperinflation of the 1920s expect higher inflation today, rather than what Mal-
mendier and Nagel (2016) suggested about agents overweighting the very recent past
when setting inflation expectations.

The demographic regression results are graphically summarised for the first three
categories of Table 5 in Figure 7. The left-hand side panels compare IAS and GPT
coefficients against ONS out-turns as measured by the difference against the reference

16A notable exception is the coefficient of the ONS reference point for the lowest income group
which is most likely is due to changes in the definition of lowest income group within the IAS survey
itself over the years.
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variable IAS GPT (T=1.5) GPT (T=0) ONS ref.

income (£10000-£19999) -0.25 0.91∗∗ -0.17 0.16
income (£20000-£34999) -0.29 0.55 -1.08∗∗∗ -0.20
income (£35000-£44999) -0.44 0.49 -1.26∗∗∗ -0.35
income (>£45000) -0.30 0.67 -0.74∗∗ -0.68

housing (private renter) 0.36 -0.62∗ -0.37 -0.27
housing (owner w/mortgage) -0.10 -0.73∗∗ -1.26∗∗∗ -1.54
housing (outright owner) -0.59∗ -0.66∗ -0.99∗∗∗ -1.39

age (25-34) 1.47∗∗∗ -0.67∗∗ -1.01∗∗∗ -0.12
age (35-44) 2.53∗∗∗ -0.90∗∗∗ -0.89∗∗∗ -0.28
age (45-54) 3.96∗∗∗ -1.00∗∗∗ -0.83∗∗∗ -0.46
age (55-64) 5.02∗∗∗ -0.64∗ -0.43∗ -0.58
age (65-75) 4.91∗∗∗ -0.20 0.51∗ -0.39

class (skilled working) -0.87∗∗∗ -0.42 -0.36 -0.14
class (lower middle) -0.50∗ -0.39 -0.39∗ -0.52
class (upper middle) -0.75∗∗ -0.87∗∗∗ -0.80∗∗∗ -0.62
class (pensioner) -1.39∗∗ -2.08∗∗∗ -1.88∗∗∗ -0.28

education (A-levels) 0.45∗ -0.43 -0.18 0.06
education (degree) 0.18 0.09 -0.00 0.08

region (North or Northern Ireland) 0.30 0.23 -0.18 0.09
region (West of England or Wales) -0.07 0.31 -0.53∗ 0.02
region (Midlands) 0.02 0.60 -0.56∗∗ 0.03
region (South East) -0.39 0.59 -0.82∗∗∗ 0.30

gender (female) 0.04 0.63∗∗∗ 0.73∗∗∗ -
gender (other) 0.24 2.18∗ 0.10 -
gender (undisclosed) -0.57 -1.43 1.01 -

constant 6.39∗∗∗ 9.85∗∗∗ 13.39∗∗∗ -
n obs. 3808 3799 3808 -
R2 (adj.) 0.11 0.01 0.07 -

Table 5: Summary table for weighted least square regressions of individual survey
responses (inflation perceptions) for IAS, GPT (T=1.5), and GPT (T=0) on demo-
graphic dummies against base classes (housing: council house, income: income of
<£9999, age: 16-24, social class: working class, education: GCSEs but not A-levels,
region: Scotland, gender: male). *** indicates significance at the 1% level, ** at the
5% level, and * at the 10% level. Robust standard errors have been used. The right-
most column states ONS reference values for February 2023 inflation as the differences
in percentage points against the corresponding base class. Sources: IAS, ONS, and
authors’ calculations.
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Figure 7: Graphical summaries of demographic regressions of GPT (T = 0) inflation
perceptions for income (upper panel), housing tenure (middle panel), and age (lower
panel). LHS: three-way comparison between IAS (sand), GPT (blue), and ONS (ma-
genta). RHS: scatter plot of IAS coefficients versus GPT coefficients. Best-fit line
given in red. Error bars indicate 95% confidence intervals throughout. Summary stats
are Pearson correlation coefficient (corr) and cosine similarity. Sources: IAS, ONS,
authors’ calculations.
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class in p.p.. The right-hand side panels compare GPT and IAS coefficients against
each other on a scatter plot: the more dots align along the diagonal as summarised
by the fit line, the more similar human and GPT responses are alongside this demo-
graphics dimension.
We see that there is reasonable agreement between GPT, IAS, and ONS out-turns for
income and especially for housing. GPT’s response patterns closely match that of the
outcome. This is interesting and encouraging as there are various channels by which
different housing tenures can affect realised inflation values suggesting that GPT can
be useful in modelling complex and potentially unknown relationships.
However, our analysis also suggests caution when looking at the results for age in the
bottom part of Figure 7. Here the three-way comparison is far less aligned. As pointed
out before, GPT and IAS response patterns are mostly opposed to each other with
some similarity in trends with increasing age. The alignment with the out-turn is weak
at best.17

This example raises the important question how to interpret and use GPT as a mod-
elling tool: should we prefer GPT to be more closely aligned with the human sample
we emulate or with the survey quantities we elicit? We will address such concerns in
the discussion at the end of the paper.

4.3.2 Inflation expectations

Perceptions are easier to compare with realised values as there is less noise affecting
the analysis between eliciting survey responses and measuring the reference quantities.
However, many economic concepts relate to expectations at longer horizons, often at
one quarter or one year out. We therefore repeat the exercise from the previous sub-
section for inflation expectations at the one-year horizon. The results are summarised
in Table 6, where we will focus on the T = 0 case.
Looking at explanatory power (R2), it is interesting to observe that GPT now shows
more alignment with demographics on average when compared to the IAS. The com-
parison with realised values (last column of Table 6) is less interesting now because
aggregate inflation decreased markedly from 9.2% (February 2023) to 3.8% (February
2024), and the variation within demographic groups is much smaller compared to when
inflation peaked.
The patterns of signs persists between inflation perceptions and one-year expectations:
most signs are negative, again with exception for age for the IAS. Looking at individual
demographics in Figure 5, we see that there is good alignment between GPT and the
IAS for income, housing, and social class. This congruence is particularly strong for
the income distribution, a main quantity of interest when investigating heterogeneity
in economic analyses.

4.4 Economic drivers

We investigate how the details of the economic conditioning affect GPT’s (T = 0)
predictions of inflation perceptions in the main sample.

17The corresponding figure is given in the Appendix for T = 1.5, where see that micro-level relations
generally weaken with higher temperature.
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IAS GPT (T=1.5) GPT (T=0) ONS ref.

income (£10000-£19999) -0.58 0.20 -0.41∗∗ 0.03
income (£20000-£34999) -0.77∗ -0.17 -0.73∗∗∗ -0.05
income (£35000-£44999) -1.12∗∗∗ -0.11 -0.83∗∗∗ -0.01
income (>£45000) -1.17∗∗∗ -0.53∗ -0.82∗∗∗ -0.03

housing (private renter) -0.18 -0.98∗∗∗ -0.78∗∗∗ 0.21
housing (owner w/mortgage) -0.35 -0.89∗∗∗ -0.88∗∗∗ -0.16
housing (outright owner) 0.48 -0.45∗∗ -0.41∗∗∗ 0.33

age (25-34) 2.35∗∗∗ -0.07 -0.14 0.10
age (35-44) 0.77∗∗∗ -0.27 -0.33∗∗ 0.24
age (45-54) 2.05∗∗∗ 0.49∗∗ -0.05 0.26
age (55-64) 1.54∗∗∗ 1.06∗∗∗ 0.21 0.28
age (65-75) 1.19∗∗∗ -0.04 -0.22 0.37

class (skilled working) -0.92∗∗∗ -0.06 -0.19 0.10
class (lower middle) -0.9∗∗∗ -0.47∗∗ -0.68∗∗∗ 0.01
class (upper middle) -1.01∗∗∗ -0.79∗∗∗ -1.19∗∗∗ -0.07
class (pensioner) -0.92 -2.36∗∗∗ -1.24∗∗∗ 0.18

education (A-levels) 0.38 -0.07 -0.06 0.05
education (degree) 0.53∗∗ -0.58∗∗∗ -0.21∗∗ 0.01

region (North or Northern Ireland) -0.19 -0.52∗∗ 0.19 0.08
region (West of England or Wales) -0.50 -0.47∗ -0.09 -0.01
region (Midlands) -0.41 -0.52∗∗ -0.11 0.06
region (South East) -0.46 -0.27 0.03 0.11

gender (female) -0.11 0.18∗ 0.20∗∗ -
gender (other) 0.48 -0.42 -0.13 -
gender (undisclosed) 0.03 0.70 -0.16 -

constant 5.51∗∗∗ 7.94∗∗∗ 8.29∗∗∗ -
n obs. 3636 3595 3636 -
R2 (adj.) 0.03 0.09 0.14 -

Table 6: Summary table for weighted least square regressions of individual survey
responses (inflation expectations) for IAS, GPT (T=1.5), and GPT (T=0) on de-
mographic dummies against base classes (housing: council house, income: income of
<£9999, age: 16-24, social class: working class, education: GCSEs but not A-levels,
region: Scotland, gender: male). *** indicates significance at the 1% level, ** at the
5% level, and * at the 10% level. Robust standard errors have been used. The right-
most column states ONS reference values for February 2023 inflation as the differences
in percentage points against the corresponding base class. Sources: IAS, ONS, and
authors’ calculations.
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Figure 8: Graphical summaries of demographic regressions of GPT (T = 0) inflation
expectations for income (upper panel), social class (middle panel), and housing tenure
(lower panel). LHS: three-way comparison between IAS (sand), GPT (blue), and ONS
(magenta). RHS: scatter plot of IAS coefficients versus GPT coefficients. Best-fit line
given in red. Error bars indicate 95% confidence intervals throughout. Summary stats
are Pearson correlation coefficient (corr) and cosine similarity. Sources: IAS, ONS,
authors’ calculations.
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4.4.1 Marginal sensitivity

Aggregate inflation scales approximately linearly with inflation of the subcomponents
of the indices.18 As such, it is an interesting question whether GPT’s inflation per-
ceptions scale linearly with the different components of the economic conditioning
information treatment. To investigate this, we track the naïve treatment effect (4) for
food & restaurants, energy, and the bulk component with the offset being the respec-
tive aggregate prediction value at the zero input for that component.19 In each case,
we vary the respective component covering the historically observed values including
the inflation spike in 2023Q1.20

The results of this exercise are shown in Figure 9. We again make several obser-
vations. First, GPT’s aggregate perceptions indeed scale linearly with subcomponent
inflation over large parts of the input space. However, this scaling does not consistently
cover the bulk of the historically observed input ranges (shaded areas) for some com-
ponents (energy and bulk), but may extend far beyond them (food and bulk). GPT’s
behaviour is particularly interesting for the bulk component. It is mostly insensitive
to this component between zero and two percent inflation but then scales linearly far
beyond historically observed values.
Second, the slopes within the linear response ranges of GPT for the different compo-
nents can be directly compared to the corresponding basket weights. This comparison
is shown in the upper part of Table 7, where the ratio between the slope and the
weight measures whether GPT over- or under-reacts to a component corresponding
to a value bigger or smaller than one, respectively. GPT strongly over-reacts to in-
formation from the food & restaurant and the energy components. This behaviour is
qualitatively similar to that of humans, since it is known that they over-rely on salient
components such as groceries to make judgments about inflation (D’Acunto et al.,
2021). Interestingly, GPT’s responsiveness to the main bulk component is very much
proportional to its share in the basket beyond the 2% point in the input range, going
far beyond the historically observed range. This suggests that GPT can partially be
used to make realistic inferences about inflation once corrections for the observed bias
at the origin are included.
Lastly, the scenario from the main sample is rather extreme. The vertical purple lines
which mark the economic conditioning are far beyond the historically observed data
ranges and also outside GPT’s linear scaling range for food & restaurants and energy.
It is somewhat interesting that GPT fails to extrapolate monotonically with respect to
food & restaurants inflation. As such, our analysis sketches out the boundaries within
which GPT’s responses may be judged as consistent but also highlights that GPT does
not seem to have a complete internal model of consumer price inflation.

18Approximately because the basket-weighted sum of component price growth does not need to be
the same as overall index growth but will be a good approximation in most cases.

19For example, we subtract MN(g(t = (0, 0, t̄e, t̄b);xi);w) for the food & restaurants component.
20For food & restaurants, we varied food price inflation keeping the ratio between this and restau-

rants & cafes inflation constant at the value of the main scenario.
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Figure 9: Sensitivity analysis of GPT (T = 0) inflation perceptions for varying indi-
vidual index components across their respective observed ranges: food & restaurants
(upper panel, x-axis is index-weighted mean of both components), energy (middle
panel), and the remaining bulk component. The shaded area covers the inter-90 per-
centile range of each component pre-Oct-2021. The purple dashed lined marks the
economic conditions used in the main experiment. Sources: IAS, ONS, authors’ cal-
culations.
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component food_rest energy bulk sum

slope 0.68 0.15 0.77 1.60
weight 0.17 0.04 0.79 1.00
ratio 4.01 3.55 0.98 (1.60)

naïve 7.04 1.74 2.10 11.87
Shapley 6.18 2.79 1.76 11.73

Table 7: Summary of sensitivity analysis of GPT (T = 0) inflation perceptions with
respect to different subcomponents (columns). Upper part: regression analysis from
Fig.9. Lower part: contributions to main scenario treating components with indepen-
dent (naïve) or possible interacting (Shapley) treatment component. The right-most
columns provides the sum of columns except for the ratio. The mean GPT (T = 0)
inflation perception is 11.80. Sources: IAS, ONS, authors’ calculations.

4.4.2 Shapley decomposition

In each panel of Figure 9, the value on the vertical axis where the 2023Q1 conditioning
line intersects with the GPT response curve measures the naïve treatment effect (4) for
that component. As discussed, this decomposition does not take into account possible
interactions between the treatment components. These are captured by the Shapley
components (3). A comparison between the two indicates how important such inter-
actions are. Both are shown in the lower part of Table 7. The Shapley decomposition
measures all components against the zero baseline, i.e. where non-active component
values are set to zero.
The ranking of components in the main scenario is the same. However, we do see
sizeable changes for the importance of the energy treatment, which increases by more
than 50% in absolute terms for the Shapley case. This suggests that GPT’s inflation
perceptions are particularly elevated due to jointly high values of food and energy price
inflation. This is confirmed by considering a scenario with only these two components
at non-zero values as in the main scenario. The effect for this scenario is 11.09% of
aggregate GPT inflation perceptions. The remainder compared to the full main sce-
nario is accounted for by the bulk component and its interactions with the other two
components.21

The relevance of a component for aggregate inflation is the product of its magni-
tude and weight. For instance, energy inflation was very high in the main scenario
while its weight is moderate at about 4% in the consumption basket. By compar-
ing GPT aggregate components with realised contributions we can assess whether it
over- or under-weights individual components for a given scenario independent of its
response function. This comparison is shown for the main scenario in Figure 10. In
line with previous results, GPT heavily over-weights food & restaurant inflation and
under-weights the main bulk component. Its perception of the relevance of energy
price inflation may be said to be roughly in line with its actual importance.

21The fact that neither the naïve nor the Shapley decomposition with zero values for inactive
components perfectly sums up to the aggregate total of inflation perceptions in the main scenario
suggests the existence of additional, though minor, inconsistencies in GPT’s inflation attitudes.
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Figure 10: Component decomposition for the main scenario for GPT (T = 0): Shapley
values against zero reference value (blue; τS0 = 0.07); IAS: regression model (sand),
and index weighted subcomponent inflation (purple). Sources: IAS, ONS, authors’
calculations.

Finally, an advantage of the GPT decomposition approaches presented here is that we
can make such inference in the first place. To get to something comparable for the
actual survey, we need to build a model of how human respondents react to economic
conditions. A possible approach to do so is to regress aggregate survey responses on
the economic conditions at the time of the survey across a certain time period. We can
then measure the importance of each component for a given scenario for this model
by multiplying the coefficient values with the respective scenario input values, which
corresponds to the Shapley value of a variable in a linear model.
Modelling results for different fit ranges are shown in Table 8. We see that such rela-
tions can be rather unstable over time. Only the relevance of the food & restaurant
component is stable over time.22 The Shapley decomposition corresponding to the first
row of Table 8 is shown in orange in Figure 10. This suggests that humans and GPT
overreact to food & restaurant inflation in line with previous findings, which lends
some support to the use of GPT in this context.

fit range food_rest energy bulk

2011Q2 - 2021Q2 0.32∗∗∗ 0.05∗∗ 0.11
2006Q2 - 2021Q2 0.30∗∗∗ -0.01 0.51∗∗∗
2002Q1 - 2021Q2 (max) 0.31∗∗∗ -0.02∗ 0.67∗∗∗

Table 8: Regression coefficients for responsiveness of mean IAS inflation perceptions
to CPIH subcomponent inflation for different time periods. *** indicates significance
at the 1% level, ** at the 5% level, and * at the 10% level. Robust standard errors
have been used.

22All coefficients turn insignificant for a short modelling period of only five years.
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5 Discussion
We investigated an LLM’s ability to form perceptions of current and expectations of
future consumer price inflation based on a set of economic conditioning information in
a representative survey setting. Our analysis provided a set of tools to assess model
sensitivity and explainability with respect to the conditioning information. We found
that the GPT model can reproduce key characteristics of human responses and official
statistics. This is an impressive feat, as such models have not been explicitly designed
to perform the tasks investigated here and no specific fine tuning was applied.
However, our analysis also revealed several model shortcomings in the given context.
Similarly to human responses, GPT overweights the importance of salient price com-
ponents, like those for food. This could be an advantage depending on the application.
However, it also shows limited sensitivity to the majority of the consumption basket.
Furthermore, component sensitivities can exhibit strong non-linearities even within
historically observed ranges of a kink-type nature for no apparent reason. As such,
GPT does not appear to have a fully consistent world model for consumer price infla-
tion. Additionally, GPT responses’ correlation with those of actual survey respondents
is relatively weak. This latter observation may largely be caused by the very limited
conditioning information we provided to the model, which will certainly be insufficient
to capture the idiosyncratic state of human respondents well. Achieving better align-
ment on the micro level is an interesting research problem in itself leaving plenty of
scope for future work.
These inconsistencies temper the more optimistic reading—that LLM agents inte-
grate macroeconomic information in an approximately Bayesian, human-like manner
(Zarifhonarvar, 2026)—by showing that aggregate or updating-level fidelity can coex-
ist with the absence of a coherent underlying model of inflation. We read this not as a
contradiction but as a reason to pair any applied use with the kind of validation and
explainability checks we set out here.
We conclude our analysis with a discussion of ethical considerations when using LLMs
to simulate or investigate human behaviour.
One concern may be the simulation of specific individuals, here survey subjects, with-
out their explicit consent. This aspect needs to be addressed by data governance and
is independent of the model being used. This concern applies to conventional models
as to a more complex neural network, such as an LLMs.
However, the more complex nature of LLMs leads us to a second concern which is more
difficult to address. Namely, the black box critique of machine learning models. This
is even more aggravated in the LLM case compared to supervised learning approaches.
Model complexity (like the number of parameters in the neural network) is orders of
magnitude larger compared to those used in “traditional ML” problems. At the same
time, the training data (often vast corpora of unstructured data) are mostly unknown
and inaccessible to the user, as are the details of the training algorithms used to build
the model.
This second point puts more burden on model validation and testing. Much of this
paper was dedicated to just that. However, as we have seen, the comparison with hu-
man benchmark data (actual survey responses) and official statistics can still lead to
difficult questions regarding their interpretation and use, because these three may not
be aligned. LLM outputs may match human benchmark data, but fail to reproduce
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other statistics, or vice versa. There are many reasons for why this can happen, and
it may not be possible to address these in the analysis leaving us with the difficult
decision of whether and how to use LLM results, for instance to inform decisions.
Our analysis can help to provide some guidance here. If the aim is to replicate or
analyse official statistics, such as macroeconomic aggregates, mismatch on more disag-
gregate levels can be tolerated if validation has been sufficiently satisfactory by some
criteria. As pointed out, mismatch on the micro level does not preclude match on the
aggregate level, and it may actually be a source of better aggregate performance.
However, if the goal of the analysis is to infer characteristics of humans or subgroups
of the population, like demographic groups, potentially informing decisions affecting
them, mismatch may not be tolerable if it cannot be accounted for in some way, such
as via bias correction when using LLM outputs in a downstream model (Ludwig et al.,
2025). A decision on the usefulness of LLM outputs will most likely face trade-offs even
after validation and possible corrections, necessitating a robust governance structure
for the use of AI in decision making.

Finally, most of our results where obtained for a single model without a guarantee
that these generalise to other models or settings. LLMs are advancing fast, and newer
and more capable models may be better suited to simulate human subjects, however,
the usual metrics of goodness and commercial development efforts are generally not in
this direction. Furthermore, we have seen how model selection can create biases via
information leakage. It is therefore essential to validate a model whenever either the
model or setting changes since we do not have a general or pre-emptive understanding
of how LLM behaviour in a given context. If validation has been satisfactory, the use
of LLMs (or a particular LLM) opens new doors for research given their ability to
simulate complex entities, like survey subjects, in-situ, cheaply and flexibly in a way
which would be impossible in real-world settings.
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Figure 11: Response flows for inflation perceptions (%) between low and high temper-
atures for the cross-validation sample. Left: cross-validation scenario. Right: long-run
average scenario (see Table 1). Sources: IAS, ONS, authors’ calculations.

GPT knowledge validation

Validation prompts and answers of gpt-3.5-turbo-0613 as of 1. December 2025.
Each question was presented in a new chat.

Prompt: Do you know the Bank of England’s Inflation Attitudes Survey? If yes,
please briefly describe it and the latest results you remember.
GPT: Yes, I am familiar with the Bank of England’s Inflation Attitudes Survey. It is
a quarterly survey conducted by the Bank of England to gauge public attitudes and
expectations towards inflation in the United Kingdom. The survey collects data on
various aspects such as people’s perceptions of current and future inflation rates, their
understanding of inflation, and their expectations for future interest rates. As an AI
language model, I don’t have real-time data access, so I can’t provide the latest results.
However, the Bank of England publishes the survey results on its website, and you can
find the most recent data there.

Prompt: What is the latest date you have data from Bank of England’s Inflation
Attitudes Survey?
GPT: As an AI language model, I don’t have real-time data. The latest available data
from the Bank of England’s Inflation Attitudes Survey is from the May 2021 release.
However, it’s always best to refer to the Bank of England’s official website or publica-
tions for the most up-to-date information.

Prompt: When did the Russian special military operation in Ukraine start?
GPT: The Russian special military operation in Ukraine began in February 2014. It
started with the annexation of Crimea by Russia, followed by the support of separatist
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Figure 12: Time profile of aggregate inflation expectations for IAS and GPT responses
(T = 0) for the main sample (2023Q1 survey): GPT conditioned (blue), GPT uncon-
ditioned (pink), IAS (sand), IAS pre-Oct-2021 mean & swath (brown), out-turn from
February 2023 onward (purple), and CPIH pre-Oct-2021 mean & swath. Sources: IAS,
ONS, authors’ calculations.

movements in eastern Ukraine.

Prompt: What is the latest event you can recall and its date?
GPT: As an AI language model, I don’t have real-time information or the ability to
recall specific events. My responses are based on pre-existing knowledge up until
September 2021.

Prompt: Do you know what UK CPIH inflation was in February 2023? If not, say
so, and make a guess.
GPT: I’m sorry, but as an AI language model, I don’t have access to real-time data or
the ability to browse the internet. Therefore, I cannot provide you with the specific
UK CPIH inflation rate for February 2023. It would be best to consult official sources
such as the Office for National Statistics (ONS) or financial news outlets for the most
up-to-date information.

Prompt: Do you know what UK food price inflation was in February 2023? If not,
say so, and make a guess.
GPT:I’m sorry, but as an AI language model, I don’t have access to real-time data or
the ability to browse the internet. Therefore, I cannot provide you with the specific
food price inflation for February 2023 in the UK. It would be best to consult reliable
sources or official statistics for the most accurate and up-to-date information on food
price inflation.
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Figure 13: Graphical summaries of demographic regressions of GPT (T = 1.5) in-
flation perceptions for income (upper panel), housing tenure (middle panel), and age
(lower panel). LHS: three-way comparison between IAS (sand), GPT (blue), and ONS
(magenta). RHS: scatter plot of IAS coefficient versus GPT coefficients. Best-fit line
given in red. Error bars indicate 95% confidence intervals throughout. Summary stats
are Pearson correlation coefficient (corr) and cosine similarity. Sources: IAS, authors’
calculations.
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Prompt: Do you know what UK energy price inflation was in February 2023? If
not, say so, and make a guess.
GPT: I’m sorry, but as an AI language model, I don’t have access to real-time data or
the ability to browse the internet. Therefore, I cannot provide you with the specific
energy price inflation for February 2023 in the UK. It would be best to consult reliable
sources or financial institutions for the most up-to-date information on energy price
inflation.

Prompt: Do you know what UK restaurant price inflation was in February 2023?
If not, say so, and make a guess.
GPT: I’m sorry, but as an AI language model, I don’t have access to real-time data or
the ability to browse the internet. Therefore, I cannot provide you with the specific
UK restaurant price inflation for February 2023. It would be best to consult official
sources or financial reports for the most accurate and up-to-date information.

Prompt: What is the latest UK CPIH inflation number and date you recall?
GPT: As an AI language model, I don’t have real-time data. The latest UK Consumer
Prices Index including owner occupiers’ housing costs (CPIH) inflation number I recall
is 2.0% for the year ending July 2021 [WRONG]. Please note that this information
may not be up to date, so it’s always best to refer to official sources like the Office for
National Statistics (ONS) for the most recent data.

Prompt: Do you recall what UK CPIH inflation was in February 2021?
Yes, I can provide you with that information. The UK CPIH inflation rate in February
2021 was 0.7% [CORRECT].

Prompt: Do you recall what UK food price inflation was in February 2021? If not,
make a guess.
GPT: I’m sorry, but as an AI language model, I don’t have real-time data or the ability
to recall specific information like recent food price inflation in the UK. My responses
are based on general knowledge up until September 2021. It’s best to consult reliable
sources or conduct a search to find the most up-to-date information on UK food price
inflation in February 2021.

Prompt: Do you recall what UK energy price inflation was in February 2021? If
not, make a guess.
GPT: I’m sorry, but as an AI language model, I don’t have real-time data or the ability
to recall specific information like energy price inflation in February 2021. My responses
are based on general knowledge up until September 2021. It’s always best to refer to
reliable sources or consult the latest data from official sources for accurate and up-to-
date information.

Prompt: Do you recall what UK restaurant price inflation was in February 2021?
If not, make a guess.
GPT: I’m sorry, but as an AI language model, I don’t have access to real-time data
or the ability to recall specific information from a given time period. Therefore, I
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cannot provide you with the exact UK restaurant price inflation in February 2021. It
would be best to consult official sources or financial reports for accurate and up-to-date
information.

Demographic groups

IAS number Wording for prompt [IAS wording, if different] ONS name(s)

Age

2 25-34 Less than 30 (1/3), 30 to 49 (1/4)
3 35-44 30 to 49 (1/2)
4 45-54 30 to 49 (1/4), 50 to 64 (1/3)
5 55-64 50 to 64 (2/3)
6 16-24 Less than 30 (2/3)
7 65-75 65 to 74

Education

1 got your GCSEs but not A-levels [low (GCSE)] Aged 16
2 got your A-levels but not a degree [medium (A-level)] Aged 17 and under 19
3 have got a degree [high (degree)] Aged 19 and under 22
NaN haven’t shared your level of education Aged 22 or over

Housing tenure

1 house you own outright [Owned outright] Owners Owned outright
2 house with a mortgage [Mortgage] Buying with a mortgage
3 council house [Council] Social rented from Council
4 house you rent [Other] Registered Social Landlord

( + all other rental fields)

Income

7 income of <£9999 Lowest ten (4/5)
8 income of £10000-£19999 Lowest ten (1/5), Second decile, Third decile (1/2)
9 income of £20000-£34999 Third decile (1/2), Fourth decile, Fifth decile
10 income of £35000-£44999 Sixth decile, Seventh decile (1/2)
11 income of >£45000 Seventh decile (1/2), Eighth decile, Ninth decile,

Highest ten
12 undisclosed income [Prefer not to answer]
NaN undisclosed income

Region

1 Scotland Scotland
2 the North of England or Northern Ireland North East, North West,

Yorkshire and The Humber, Northern Ireland
3 the Midlands (of England) [the Midlands] East Midlands, West Midlands, East
4 Wales or the West of England South West, Wales
5 the South East of England [the South East] London, South East

Sex

1 male
2 female
3 identifying your gender in another way [In another way]
4 not revealing your gender [Prefer not to answer]

Social class

1 upper-middle class Large employers and higher managerial,
Higher professional

2 lower middle class Lower managerial and professional,
Intermediate, Small employers

3 skilled working class Lower supervisory, Semi-routine
4 working class Routine

are a pensioner

Work

1 work full or part time [Full or Part time]
2 are not working [Not working]

Table 9: The demographic groups, showing their numbering in the IAS survey, render-
ing in the prompt and the IAS survey (if different) and the mapping of ONS groups
to the IAS demographics.

Table 9 lists the demographic groups included in the analysis. The different demo-
graphic groups are represented by a number code in the IAS (left-hand column). We
map those codes to a human-readable string in the prompt: these are closely based
on the IAS names however are clarified if required to stand alone, or to make it clear
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that we are referring to the UK (for example, ‘the South East’, does not distinguish
from the South East US). We also report the mapping from the ONS demographic
groups, which often do not line up with the IAS definitions. When these groups are
distributed across IAS groups, we show the fractions we use in brackets. We impute
‘are a pensioner’ as a social class based on age, since otherwise those individuals show
up as an unemployed member of the social class of their previous job.

Other models

We judge model suitability based on their training cut-off.
OPT-6.7b (Zhang et al., 2022, from https://huggingface.co/facebook/opt-6.

7b) is a suitable model, runnable on cheap cloud compute - a Google Colab23 T4 GPU
or v5e-1 TPU instance, for example. The model’s training process is documented, and
its training and data are both out-of-time to our experiment. It is not then instruction
tuned.

The results however are problematic. They are very sensitive to the prompt, down
to the use of "Answer:" versus "Answer: " (i.e. with a trailing space) to elicit the
response. The model will respond with a long underscore, a repeated question, multiple
responses, other comments, or some combination, for example:

Option from list: _________

I’m not sure what you mean by "risen by 13-14%".

I think it’s a typo.

OPT-iml-1.3b (Iyer et al., 2023, from https://huggingface.co/facebook/opt-iml-1.
3b) is an instruction tuned version of a smaller base OPT model. While the instruction
following is better, the results still suffer from providing multiple answers, answers not
from the list, and also answers which are not sensible: Without the extreme condition-
ing the model will still return answers of "risen by more than 15%" and "gone down
by more than 15%".

OPT-30b (Zhang et al., 2022, from https://huggingface.co/facebook/opt-30b)
comes from the same model family as the 6.7b parameter model, but is larger, requir-
ing more specialised hardware (we use a Google Colab G4 GPU instance). The failure
modes are similar to the two models above.

OPT-iml-30b (Iyer et al., 2023, from https://huggingface.co/facebook/opt-iml-1.
3b) is similarly a larger version of OPT-iml-1.3b. While the answers still show failure
modes as above, they occur with the lowest frequency, and the model has the strongest
performance of the models evaluated here - as would be expected due to its size and
instruction tuning. However, again as would be expected, its instruction following,
response fidelity, and ‘sensible-ness’ are still significantly below those of the responses
generated by the baseline model we use which is over six times larger and benefits
from more modern training techniques.

Llama-1-7b (Touvron et al., 2023, from https://huggingface.co/huggyllama/
llama-7b) similarly has a tendency to list options, or simply a series of numbers e.g.

23As with our use of OpenAI’s models in the main results of the paper, we are not specifically
discussing the use, advantages or disadvantages of the Google Colab compute platform versus other
available options.
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"1 2 3 4 5", and when it does respond coherently, to give a very high unconditioned
answer.

Finally, we test chrono-gpt-instruct-v1-20211231 (He et al., 2025, from https:
//huggingface.co/manelalab/chrono-gpt-instruct-v1-20211231), one of a fam-
ily of new models, each trained with data only up to its timestamp (which can be
many years before the training date) with this out-of-time, economic use-case in mind.
It has about 1.5 billion parameters. While the model can give sensible unconditioned
values it is highly sensitive to the ordering of options, chooses multiple or made-up
options, and struggles with making a choice when the conditioning is included, instead
reporting back fragments of the conditioning.
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