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Abstract Rothe, 2024; Saltelli et al., 2024).

In this paper we provide evidence that our vir-
tual model of U.S. congresspersons based on a
collection of language models moves towards
satisfying the definition of a digital twin. In
particular, we introduce and provide high-level
descriptions of a daily-updated dataset that con-
tains every Tweet from every U.S. congressper-
son during their respective terms. We demon-
strate that a modern language model equipped
with congressperson-specific subsets of this
data producing Tweets that are largely indis-
tinguishable from actual Tweets posted by their
physical counterparts. We illustrate how gen-
erated Tweets can be used to predict roll-call
vote behaviors and to quantify the likelihood of
congresspersons crossing party lines, thereby
assisting stakeholders in allocating resources
and potentially impacting real-world legislative
dynamics. We conclude with a discussion of
the limitations and important extensions of our
analysis.

A digital twin is a virtual model that captures rele-
vant properties of a physical system. For a virtual
model to be called a digital twin, it must be capable
of producing up-to-date inferences that can impact
the behavior of the physical system. Digital twins
have seen a recent surge in development and de-
ployment in the past five years. For example, digi-
tal twins of patients have enabled highly individual-
ized approaches to predictive medicine in oncology
(Wu et al., 2022; Stahlberg et al., 2022) and cardiol-
ogy (Coorey et al., 2022; Sel et al., 2024). Digital
twins have similarly promised to improve power-
grid integration of wind-generated energy (Stadt-
mann et al., 2023; Haghshenas et al., 2023); en-
able rapid advancements in machining and quality
control processes in manufacturing contexts (Bao
et al., 2019; Hinel et al., 2020; Liu et al., 2022);
and provide effective solutions to social issues such
as urban planning (Schrotter and Hiirzeler, 2020)
and sustainable development (Tzachor et al., 2022;

Concurrent to the development of digital twins
across a myriad of scientific and industrial dis-
ciplines, the generation capabilities of large lan-
guage models (LLMs) such as OpenAl’'s GPT-4
(Achiam et al., 2023), Meta’s LLaMA 3 family
(Dubey et al., 2024), etc. have continued to ad-
vance. LLMs are now capable of producing human-
like content (Helm et al., 2023) and behaving like
humans in controlled experimental settings. For
example, GPT-4 has demonstrated human-like be-
havior in classical economic, psycholinguistic, and
social psychology experiments such as The Ulti-
matum Game, Garden Path Sentences, Milgram
Shock Experiment, and Wisdom of Crowds (Aher
et al., 2023). Further, simulations of interacting
generative agents based on LLMs parameterized
by tailored system prompts and data from previ-
ous interactions show resemblance to human social
systems more generally (Park et al., 2024; Helm
et al., 2024b; McGuinness et al., 2024), and have
been used to accurately predict a congressperson’s
roll-call vote (Li et al., 2025). While human-like
content generation, psychology, and social behav-
ior do not imply that a set of language models is
a digital twin for any particular set of humans —
they can be taken as hints to the ability of LLMs
to mimic language production idiosyncrasies of
individuals given the right type of data and setting.

Herein we contribute to the growing set of virtual
models that sufficiently capture relevant properties
of a physical system by introducing and analyz-
ing a virtual model for U.S. Congresspersons. In
particular, we provide evidence that a collection
of language models with access to individualized
databases that contain Tweets from the official ac-
counts of congresspersons goes beyond generic
“human-like" generation, behavior, and sociology
and is a step towards satisfying the definition of a
digital twin.

10148

Findings of the Association for Computational Linguistics: ACL 2026, pages 10148-10160
July 2-7, 2026 ©2026 Association for Computational Linguistics



Congresspersons produce

Tweets, speeches, and QEI

discussion _9

transcripts. y E
C-SPA

Predicted voting
behavior can be

i -

stakeholders to
improve resource
allocation

Congress | Predicted )
Member Vote
CP#1

CP #2

CP#N

Congressperson-specific data
parameterizes a collection of virtual
generative models that can produce
5' content similar to their physical
counterparts.
t%l
+ b
Y'“l ao Generated
aD responses to

questions
related to a bill
can be used to
predict and
characterize
Yea 0.2 voting behavior.

Nay 0.8
.

.
Yea 0.9

Figure 1: An illustration of a system that contains a digital twin for a set of congresspersons.

1 Related Work and Contribution

Existing research utilizing content generated by
U.S. Congresspersons has largely focused on pre-
dicting legislative roll-call votes (Kraft et al., 2016;
Patil et al., 2019; Mou et al., 2021, 2023; Li et al.,
2025). Prior works achieved accuracies around
90% using diverse methods, ranging from classi-
fiers trained on curated news (Patil et al., 2019) to
Relational Graph Convolutional Networks (RGCN)
(Mou et al., 2021) and pre-trained architectures
like UPPAM (Mou et al., 2023) applied to Twit-
ter data. More recently, the Political Actor Agent
(PAA) from (Li et al., 2025) introduced a novel,
LLM-based agent designed for interpretable roll-
call vote prediction. PAA utilizes a role-playing
architecture to simulate legislative dynamics, con-
structing detailed profiles for each legislator from
data including personal information, constituency
details, and historical voting records. While this
method of building data-rich profiles shares concep-
tual similarities with our approach, PAA is specif-
ically structured for the task of vote prediction;
by employing task-specific mechanisms like multi-
view planning and an influence model, it achieved
92.1% accuracy for the 117th-118th U.S. House of
Representatives.

While our system of digital Congresspersons
can be used to produce roll-call vote predictions
with comparable accuracy (average accuracy 87%
shown in Figure 5), our work focuses on providing
evidence that a language model with access to a
distinct and dynamic dataset for each member of
Congress satisfies the National Academy’s defini-
tion of a digital twin. To our knowledge, this is
the first attempt to explicitly frame the behavior of
a collection of language models as a digital twin

of a group of legislators and to provide empirical
evidence to support it.

2 Defining digital twin

We use the National Academy’s definition of digital
twin as the standard for what makes a virtual model
of a person or object a twin (of Engineering and
of Sciences, 2024):
A digital twin is a set of virtual informa-
tion constructs that mimics the structure,
context, and behavior of a natural, engi-
neered, or social system (or system-of-
systems), is dynamically updated with
data from its physical twin, has a pre-
dictive capability, and informs decisions
that realize value. The bidirectional inter-
action between the virtual and the physi-
cal is central to the digital twin.
We decompose this definition into four require-
ments for a virtual model to be a digital twin: A)
relevant and dynamic data, B) physical to virtual
feedback, C) valuable inference capabilities, and
D) virtual to physical feedback.

In the context of a collection of congressper-
sons, these requirements translate to four evalu-
ation criterion: demonstrating that there exists a
source for up-to-date content related to each active
congressperson (for A) in Section 3.1, the virtual
model representing each congressperson produces
content similar to their physical counterpart (for B)
in Section 3.2, inference on the collection of vir-
tual models is predictive of actual congresspersons’
roll-call voting behavior (for C) in Section 3.3, and
the predicted voting behavior for the virtual mod-
els can influence how stakeholders interact with
congresspersons (for D) in Section 3.4.
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Figure 1 provides an example flow of informa-
tion wherein a collection of congresspersons pro-
duces data (Tweets, speeches, and transcripts from
public interactions, etc.), congressperson-specific
generative models produce content similar to their
physical counterpart, the outputs of the models
are used to predict roll-call voting behavior, and
the predicted voting behavior informs stakeholders
how best to allocate resources. The rest of this
paper provides evidence that current datasets, lan-
guage models, and data processing methods are
sufficient to reasonably implement the system de-
picted in Figure 1.

3 A Digital Twin of Congress(ional
Tweeters)

3.1 Relevant and dynamic data

The social media habits of political figures are
a key resource for political and social science
research. Presently, the majority of social me-
dia data is sequestered in topically or temporally
limited datasets. Among the broadest of these
datasets is a collection of Facebook and X (for-
merly Twitter) data generated by American po-
litical figures spanning the period of 2015-2020
curated by Pew Research (Research, 2020). Sim-
ilarly, Harvard University’s Dataverse program
maintains a collection of X data related to the
115th U.S. Congress (Eichinger et al., 2019) and
the China Data Lab maintains a repository of nearly
830,000 X posts about China posted by members
of Congress (China Data Lab). Meanwhile, several
papers have collected Twitter data to model con-
gresspersons, including over 2 million tweets from
887 members of Congress (Mou et al., 2023) and
tweets from 735 legislators (Mou et al., 2021) that
are not publicly available.

While these datasets have enabled research into
various topics, they are insufficient — either topi-
cally or temporally — when constructing a virtual
model'for congresspersons. In particular, it is nec-
essary that the data captures the intricacies of the
content produced by each congressperson suffi-
ciently via a comprehensive and up-to-date col-
lection of Tweets.

For this purpose, we present the Nomic Con-
gressional Database®. The Nomic Congressional
Database is a new dataset that contains over 3 mil-
lion X posts and retweets from as far back as 2011.
The dataset includes all Tweets posted by official
accounts of more than 1,171 U.S. Congresspersons

who were in office at the time of posting, including
some deleted posts. The dataset also includes the
congressperson’s X handle, their party affiliation,
the state they represent, and the time the Tweet
was posted for each Tweet. The dataset is updated
daily, which is sufficient for maintaining relevant
information in our context. Thus, the Nomic Con-
gressional Database has the temporal and topical
relevance required to for a digital twin.

We note that by virtue of storing the entire text of
the Tweet, the dataset includes information related
to mentions and retweets. The dataset does not
include account data such as their followers or who
they follow. We show high-level characteristics of
the database in Figure 2. The left figure shows the
number of Tweets posted or retweeted by sitting
congresspersons each month. Note that the large
decrease in the number of Tweets (= Spring 2022)
corresponds to the privatization of the platform and
general hesitancy of its use.

We also include simple topic analysis of the
Tweets based on six topics: Government and Public
Administration, Foreign Policy, Economic Affairs,
Science and Technology, Education, and Miscella-
neous’. Once the names of the broad topics were
chosen, we asked ChatGPT to classify 100,000
of the Tweets into one of the topics*. We then
embedded the Tweets into a 768-dimensional vec-
tor space via nomic-embed-text-v1.5 >, the open
source embedding model (Nussbaum et al., 2024)
and built a linear classifier using the 100, 000 la-
beled Tweets to sort the remaining posts®.

The middle two figures of Figure 2 show the dis-
tribution across topics and the change in the relative
distribution of topics over time. While our analysis
is not focused on changes in the relative distribution
of topics, we note the drop-off of Tweets labeled
as “Miscellaneous” in 2016 — and associated rise
in Tweets labeled as ‘Foreign Policy" and “Gov-
ernment and Public Administration" — coinciding
with the election of President Trump and effec-
tively demonstrating that the content of the dataset
evolves as the behaviors of the congresspersons
evolve.

Lastly, we include the distribution of number of
Tweets per congressperson. The majority of con-
gresspersons have 1,000 posts or retweets through-
out their entire tenure while the most active 1%
have more than 15, 000 posts or retweets. We do
not normalize these counts by the amount of time
spent in office.

While the data we use to parameterize the digital
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Figure 2: High-level characteristics of the Nomic Congressional Twitter dataset from October 10th, 2024. The
dataset is updated daily and available at https://atlas.nomic.ai/data/hivemind/.

congresspersons is not “‘complete” — it is missing
explicit voting records, relevant constituent data,
etc. — we think a history of their presence on a well-
attended social media platform reasonably satisfies
A) relevant and dynamic data.

3.2 Physical to virtual feedback

We will next use the Nomic Congressional
Database to verify that a collection of virtual mod-
els can produce Tweets that are similar to a col-
lection of real Tweets from each congressperson.
In particular, we will show that the distribution of
machine-generated Tweets and the distribution of
congressperson-generated Tweets are close to each
other via a statistical Turing test (Helm et al., 2023).
The statistical Turing test framework adorns a
human-detection problem (Gehrmann et al., 2019)
with a statistic 7 € [0, 1], which represents the
difficulty of discriminating human from machine-
generated content and is calculated by normaliz-
ing a classifier’s empirical accuracy to account for
chance. 7 = 0 indicates that the human-generated
content and machine-generated content are indistin-
guishable. See the appendix for details. In our case,
each congressperson has a corresponding virtual
model and, hence, a corresponding 7.

We consider three, progressively more compli-
cated collections of virtual models based on Meta’s
LLaMa-3-8B-Instruct (Dubey et al., 2024): 1)
base model with a generic system prompt and no
augmentation (—SP —RAG), ii) base model with
a simple congressperson-specific system prompt
and no augmentation (4SP —RAG), and iii) base
model with a simple congressperson-specific sys-
tem prompt and augmentation (4+SP +RAG). The
prompt design is as simple as possible: the generic
system prompt is “You are a helpful assistant." and
the congressperson-specific system prompt is “You
are U.S. Congressperson {name}". For model iii)
we augment the prompt with the Tweet posted by
the congressperson with the highest cosine simi-

larity to the target Tweet in the 768-dimensional
vector space via nomic-embed-text-v1.5. We
refer to this process as retrieval augmented genera-
tion (“RAG") (Mao et al., 2020) throughout. Table
1 in appendix shows the system prompts and query
structures for the three collections of virtual mod-
els.

We split each congressperson’s Tweets based on
if the Tweet was posted before or after January
1, 20237, The virtual models will have access
to the Tweets from before Jan. 1, 2023 as po-
tential prompt augmentations. 200 Tweets from
after Jan. 1, 2023 were randomly sampled to
conduct the statistical Turing test: 100 are used
as examples of congressperson-generated content
and the other 100 are used as the basis for vir-
tual model-generated content. In particular, the
virtual model generates content by completing a
tweet when prompted with the initial words within
the first 20 characters of a real Tweet®. After
the virtual model has generated the 100 Tweets,
we embed the collection of generated and real
Tweets into a low-dimensional Euclidean space
via multi-dimensional scaling (MDS) (Torgerson,
1952) of the representations of the Tweets from
nomic-embed-text-v1.5. We then use Fisher’s
Linear Discriminant (FLD) to classify Tweets as
either congressperson-generated or virtual model-
generated.

We show an example detectablity analysis in the
left set of figures of Figure 3. We use the same 100
Tweet starts for each generative system. The his-
tograms are the 1-d FLD projections of the Tweets
learned after MDS into d dimensions, where d is de-
termined by the scree-plot (Zhu and Ghodsi, 2006).
The reported 7 is the normalized empirical accu-
racy of FLD. We also include the detectability anal-
ysis for two sets of independently sampled sets of
100 real Tweets from Representative Morgan Grif-
fith in the bottom right panel of the left side of the

Figure as a control. We refer to this as 7)16. 716

10151



Example detectability analysis: Morgan Griffith
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Figure 3: Detectability analysis of different generative systems for producing Tweets from U.S. Congressperson
Morgan Griffith (left) and the distribution of detectability of different systems for 100 randomly sampled con-
gresspersons (right). The inclusion of previously written Tweets via RAG decreases detectability significantly.

captures inherent writing variability and serves as
a practical lower bound for 7. We report 7% for 100
randomly sampled congresspersons for each gener-
ative system, as well as 73 for congressperson 4, in
the right figure of Figure 3. As can be seen by the
improvement of (4+SP —RAG) over (—SP —RAG)
and (4+SP +RAG) over (4SP —RAG), increasing
the amount of congressperson-specific information
in the system prompt and query decreases 7 on
average.

Ideally, if a virtual model’s detectability score,
71 not exceed the practical lower bound, ?8, we
consider the model capable of generating indistin-
guishable tweets. Our analysis shows that 16 of
the 100 virtual models, generated using a specific
system prompt and pre-2023 Tweets, achieved this
benchmark. Furthermore, a total of 63 of these
models had a detectability score lower than the
maximum practical lower bound observed across
all 100 Congresspersons (max; ?3).

While it is possible to consider more compli-
cated generative systems, such as adding a time-
relevance component to the retrieval score (Zhang
et al., 2024) or retrieving relevant Tweets from
accounts that the congressperson follows, our de-
tectability analysis shows that the proposed gen-
erative models are already promising in capturing
congressperson-specific Tweeting intricacies: with
16% of models successfully matching their physi-
cal counterparts’ Tweet semantics and a majority
(63%) producing Tweets whose semantic variabil-
ity falls within max; 73, the range of human seman-
tic variability. Thus our system reasonably satisfies
B) physical to virtual feedback. Further, the mod-

els can easily be updated in conjunction with the
Nomic Congressional Twitter dataset. For the re-
mainder of this paper we will only consider this
collection of virtual models.

Example low-dimensional spaces
(117-HR-1319)

Retrieved Generated

e nay o™
® vyea °
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Figure 4: Two-dimensional Euclidean spaces induced
by MDS of the retrieved Tweets (left) and the Data Ker-
nel Perspective Space (right) of the generated Tweets
corresponding to 117-HR-1319. Each dot represents
a congressperson. Color corresponds to how the con-
gressperson voted on the bill. The geometry of the gen-
erated Tweets has more vote-related information than
the geometry of the retrieved Tweets. We validate this
observation in Figure 5.

3.3 Valuable inference capabilities

We next demonstrate that the Tweets generated by
the virtual congresspersons can be used to produce
predictions related to their physical counterparts.
We focus on a primary function of the United States
Congress: the enactment of legislation. In the U.S.
federal government, the legislative process begins
when a bill is introduced by a member of Congress.
To become law, a bill must be approved by a ma-
jority vote in both the House and the Senate. After
passing through both chambers, the bill is presented
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to the President, who can sign it into law or issue
a veto. Most bills are first passed in the House
and then sent to the Senate for approval and iter-
ation. We use House Resolution 1319 from the
117th Congress (“117-HR-1319"), the “American
Rescue Plan Act of 2021", as an example piece of
legislation to describe our experimental set up.
We first generate 20 questions related to the bill
by prompting ChatGPT with public information
such as the bill’s abstract’ and a short summary of
the bill (e.g., “This bill provides additional relief to
address the continued impact of COVID-19 on the
economy.") written by the Congressional Research
Service. For example, two of the generated ques-
tions related to 117-HR-1319 are “Do you support
the additional COVID-19 relief measures proposed
in this bill?" and “Does the bill provide adequate
support for public health initiatives against COVID-
197". We retrieve the Tweet from before the time of
the vote most similar to each question for each con-
gressperson. Otherwise, we use the same retrieval
process as described above and construct queries
with structure similar to (4+SP +RAG) — the only
difference is the first sentence of the query struc-
ture, where we replace “Complete ..." with “Write a
Tweet that addresses the following question: {ques-
tion}". We prompt each virtual congressperson

with appropriately formatted queries 20 times'©.
We embed each response with
nomic-embed-text-v1.5 and average the

embeddings across replicates to obtain a 20 x 768
matrix representation of each congressperson. The
multi-dimensional scaling of the pairwise distance
matrix with entries equal to the Frobenius norm of
the difference between these matrix representations
produces low-dimensional representations of each
congressperson. These low-dimensional represen-
tations of digital congresspersons are a summary
of the relative position of each congressperson
with respect to the 20 bill-related queries and
are consistent for the “true" representation of the
congressperson as the number of questions and
number of replicates per question grows (Acharyya
et al., 2024). Further, using these low-dimensional
representations for model-level inference — such
as predicting the individual voting behavior of
the digital congresspersons — is principled and
demonstrably effective (Helm et al., 2024a).
Following (Helm et al., 2024b), we refer to this
low-dimensional subspace as the data kernel
perspective space (DKPS).

The two-dimensional DKPS corresponding to

117-HR-1319 is shown on the right of Figure 4.
Each dot represents a virtual congressperson and
is colored by vote. All congresspersons with a
Tweet before the time of the vote are included. Con-
gresspersons that were not members of the House
during the 117th Congress were assigned the vote
“n/a". We show the analogous representations of the
congresspersons that uses the retrieved Tweet for
each question to construct the low-dimensional rep-
resentations on the left of Figure 4. The geometry
of the generated Tweets has clear structure related
to voting behavior whereas the geometry of the
retrieved Tweets appears relatively uninformative.

We quantify this observation by comparing the
performance of classifiers trained using the two
representations for predicting the voting behavior
of individual congresspersons. In particular, we
consider k-nearest neighbor classifiers trained us-
ing either the representations of the congressper-
sons induced by the retrieved Tweets (“Retrieved")
or the generated Tweets (“Generated"). Condi-
tioned on the representations, we report the av-
erage accuracy of the classifier corresponding to
the k € {1,5,9,19,49} that achieves the highest
accuracy on 10-fold cross validation!! for 13 dif-
ferent pieces of legislation in Figure 5. The highest
performing k& may be different for the two repre-
sentations and for different bills.

We also include the performance of the classifier
that predicts the most popular vote in the train-
ing set (“Majority") and the classifier that predicts
the most popular vote amongst the test congressper-
son’s party (“Party line"). The median performance
of the best classifier trained using the DKPS repre-
sentations is 0.87 while the median performance of
the best classifier trained using the representations
from the retrieved Tweets is 0.62.!% The improve-
ment from using the DKPS representations is both
statistically significant!® and operationally signifi-
cant: using the representations from the generated
Tweets provides an average improvement of 36.7%
over using the representations from the retrieved
Tweets.

Finally, we note that the performance of the
classifier that uses the DKPS representations is
sometimes worse than just predicting along party
lines. In some cases, such as HR 1319 in the 117th
Congress (“American Rescue Plan Act of 2021"),
this could occur due to congresspersons “know-
ing" the outcome of the vote beforehand and voting
against their policy preference in favor of voting
in-line with party leadership. In the case of the
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Figure 5: Average performance of four different methods for predicting the voting behaviors of individual con-
gresspersons on various pieces of legislation. Averages are calculated from 10-fold cross validation. Error bars
represent one standard error. The legislation is ordered by the time of the vote in the House. For the “Retrieved" and
“Generated" methods we report the average accuracy of the highest performing k-nearest neighbor classifiers for

k € {1,5,9,19,49}. Different bills may have different opt

American Rescue Plan Act of 2021, the bill was
a hallmark piece of legislation for the Democratic
Party’s governing trifecta (Presidency and control
of House and Senate), making Republican opposi-
tion functionally futile from a policy perspective
but potentially useful from a party loyalty perspec-
tive. As such, Republicans could campaign on the
benefits of the successful bill after its enactment,
the ability to align well with other party members,
and the willingness to stand up to the other party.

The ability to predict roll-call votes with our sys-
tem, while not necessarily state-of-the-art, implies
that the digital twin reasonably satisfies C) valuable
inference capabilities.

3.4 Virtual to physical feedback

Of the 13 bills analyzed in Figure 5, 12 of them
passed in the House. Bills that pass in the House
are typically sent to the Senate. Some bills sent
to the Senate are not heavily contested — of the
12 bills that passed in the House, only four had
non-trivial action'* once in the Senate. We focus
the remainder of our analysis on these four bills:
117-HR-1319, 117-HR-4346, 118-HR-7888, and
118-HR-3746.

There is typically a sizable period of time be-
tween when a bill passes in the House and when
the Senate votes. For the four bills under consid-
eration, there were 10 days, 364 days, 5 days, and
1 day between when the two chambers voted, re-
spectively. During this time, stakeholders (activists,
constituents, lobbyists, etc.) have the opportunity
to contact the offices of the Senators to attempt to

imal k.

influence how they will vote.

Without additional information, the default pre-
diction for how a Senator will vote is along party
lines. For example, if the majority of the Senator’s
fellow party members in the House vote “Yea" then
the Senator is likely to vote “Yea". As shown in
Figure 5, when predicting along party lines is ac-
curate, classification using a bill-specific DKPS
achieves comparable performance. Importantly,
when predicting along party lines is not accurate,
classification using DKPS is better. Thus, in situa-
tions where a bill has received votes — such as when
a bill passes or fails in the House — the geometry
of the DKPS can be used to predict the Senators
votes!> and more interestingly, can quantify how
likely a congressperson is to cross-party lines (or
“flip"). Our task is to evaluate the flip likelihood
for each Senator. For example, if the DKPS rep-
resentation of a Republican Senator whose vote
is unknown is near the DKPS representation of a
Republican Representative who crossed party-line,
then the Senator is more likely to cross the party
line. Conversely, if the DKPS representation of the
Republican Senator is far away from all Republi-
cans in the House that crossed party lines then they
are not likely to cross the party line.

We introduce the “flip score" to quantify this
idea. For a given bill we identify the closest same-
party member of the House that crossed party line
for each Senator in the appropriate DKPS. If there
are no cross-party voters in the Senator’s party then
they are assigned a flip score of 0. When there are
cross-party voters in the Senator’s party then the
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Visualization of Flip Score for 117-HR-4346 in 2D DKPS
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Figure 6: Visualization of the proposed “flip score" for
117-HR-4346 in 2-d DKPS. Each marker represents a
congressperson. Color corresponds to party affiliation.
Representatives who voted “Yea" are circles (o) and
Representatives who vote “Nay" are as “x"es (x). A
star (x) represents a Senator whose vote is unknown.
Enlarged x and o symbols represent the House member
used to calculate each Senator’s flip score. The flip
score for each Senator is provided on the line connecting
them to the nearest cross-party line voter in their party.
Senators closer to a cross-party line voter in their party
are assigned a higher flip score.

Senator is assigned a flip score inversely propor-
tional to the distance (in the DKPS) to the nearest
same party cross-party voter. For a given Senator
S and defining

H(S) := {H : H € House,
H and S in same party,

H voted across party lines }
then, if #(S) is non-empty,

1
ming ey sy | X — Xsll’

flip score(S) =

where X € R? is the DKPS representation of
congressperson C.

Figure 6 shows the DKPS corresponding to 117-
HR-4346. The figure includes all members of the
House who had at least one Tweet before the time
of the vote and who voted either “Yea" or “Nay".
It also includes five Senators and lines connecting
them to the member of the House used to calculate
their flip score.

We validate the proposed flip score by compar-
ing it to the observed proportion of Senators who
flipped with a given score. For this, we quantize
the flip scores within a given bill. Flip scores of 0
are assigned a quantized flip score of 0. Flip scores
in the Oth-20th percentile for the bill are assigned a
quantized flip score of 0.2, flip scores in the 20th-
40th percentile for the bill are assigned a quantized
flip score of 0.4, etc.

Regressing observed proportion of flips on flip score

%)
2035
= y=ax+b;a=0.22,b=0.10
‘5 0.304 R?=0.84;T=0.87 (p < 0.05)
S 0.25
5
%0.20
5 0.15
20.10
& 0.05 {
S
0.0 0.2 0.4 0.6 0.8 1.0
Flip score

Figure 7: Empirical likelihood of a Senator crossing
party-line is correlated with the proposed flip score over
four bi-cameral bills. Estimated proportion of flips is
calculated by first quantizing the flip scores into 6 bins:
one for zero and the other five based on 20% quantiles
(i.e., 0-20%, 20-40% , etc.) after removing zeroes. Error
bars represent one standard error. The red line is the
linear best fit. The R? value indicates a strong linear
relationship and the p-value corresponding to Kendall’s
T indicates a statistically significant ordinal association.

Figure 7 shows the relationship between the
quantized flip score and the observed proportion
of flips. The observed proportion of flips was cal-
culated across all four bi-cameral bills. As deter-
mined by the p-value from the hypothesis test of
no ordinal association between the flip score and
the observed proportion of flips via Kendall’s 7,
there is statistical significance in the relationship
(p-value < 0.05). Further, the relationship is quite
linear: the linear goodness-of-fit measure R? is
> 0.8. Thus, stakeholders can use the flipscores
to prioritize how to spend their communication re-
sources: spend more on Senators with a high flip
score. If stakeholders use the flip score to prioritize
their communication resources then they provide a
mechanism for which the inferences on the virtual
models can provide feedback to the physical twin
and realize value — and thus reasonably satisfying
D) virtual to physical feedback.

4 Conclusion

We have provided empirical and statistical evidence
that a collection of language models each equipped
with a congressperson-specific dataset moves to-
wards satisfying the four requirements for a virtual
model to be a digital twin for a collection of con-
gresspersons. Indeed, our results demonstrate that
this collection of models goes beyond “human-like”
generation, behavior, and sociology and reasonably
satisfies the definition of a digital twin and hints at
the ability to reasonably implement a system like
the one illustrated in Figure 1.
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5 Limitations

While the collection of virtual models satisfies the
definition of a digital twin, there are details and
limitations of our work that warrant discussion and
additional investigation.

Firstly, we introduce a dataset as a dynamic
source of information for our digital construct.
While we attempt to provide sufficient high level
statistics about the data, we recognize that there is
additional analysis that could be done with just the
raw data alone. As our goal is to demonstrate broad
capability — of which dynamic and relevant data is
a necessary component — we believe the analysis
of the data we presented herein is sufficient for our
purpose.

Further, our analysis is focused entirely on Twit-
ter data. Twitter is by no means the only medium in
which congresspersons communicate with the pub-
lic or each other. Other sources of data such as cam-
paign speeches, emails to constituents, C-SPAN
transcripts, previous voting records, etc. should
be included and analyzed before claiming that a
collection of virtual models is a proper digital twin
— though there will likely always be a trade-off be-
tween virtual model fidelity and virtual model in-
terpretability.

Along the same lines, the data that we
use to study the collection of virtual models
does not include information required to suffi-
ciently model congressperson-to-congressperson or
congressperson-to-public interactions. As such, we
do not attempt to simulate conversation or approxi-
mate more complicated behavior such as drafting
a bill. A virtual model that sufficiently captures
these behaviors may be necessary to make a claim
of a digital twin for some congressional processes.

Figure 5 compares the utility of the geometry of
the retrieved Tweets to the geometry of the gener-
ated Tweets. The geometry of the generated Tweets
is more useful than the geometry of the retrieved
Tweets for predicting how a congressperson will
vote on a particular bill. This performance gap in-
dicates that LLaMa-3-8B-Instruct is effective at
using the retrieved Tweets (that contain little vote-
relevant information, per the accuracy) to produce
more vote-relevant information. We note that the
base model that we used has a knowledge cut off of
March 2023 and that almost all of the bills (since
118-HR-347) we considered were voted on during
or after mid-March of 2023. Hence, we do not
expect the ability of the model to produce highly

relevant content given low-signal Tweets to deteri-
orate much as the bills of interest get further away
from the time the base model was trained — though
additional experimentation is may be warranted.

Lastly, we argued that the proposed flip score can
be used by stakeholders to improve resource alloca-
tion. As mentioned above, flip score requires exist-
ing voting information, such as from the House. We
suspect that unsupervised analogues to flip score
will be even more useful when optimizing resource
distribution. For example, if the DKPS representa-
tion of a Republican is surrounded by DKPS rep-
resentations of Democrats then there is reason to
believe that the Republican may be prone to voting
with the Democrats.

5.1 Potential Risks and Ethics

The creation of a digital twin for a collection of
real people is an inherently sensitive subject. Our
choice to study congresspersons — perhaps the most
public-facing group of people in our society —is a
direct result of data privacy and persona-likeness
considerations. Reproducing our results and analy-
sis on a less public group of persons should require
each member of group to opt-in to their inclusion.

We further acknowledge the serious ethical ques-
tions around studying “digital twins" of social sys-
tems of public facing people. In particular, sys-
tems like the one we propose may increase the
prevalence of falsely generated content posing as
genuine and could increase the amount of misin-
formation circulating our online communities. We
believe that these types of harmful uses are out-
weighed by the tool’s utility as an accessible and
interpretable way for constituents to interact with
and understand the federal political sphere.
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Table 1: System prompts and query design for the three
generative systems we evaluated. The start of real Tweet
in the experiments is the initial words within the first 20
characters. (“SP" = system prompt; “RAG" = retrieval
augmented generation)

Model name | System prompt | Query

Generic system prompt You are a helpful assis-
with no augmentation tant.

(—SP —RAG)

Specific system prompt
with no augmentation
(+SP —RAG)

Specific system prompt
with augmentation (4SP
+RAG)

Complete the following
Tweet: {start of real Tweet}.
Respond with the full Tweet.
Complete the following
Tweet: {start of real Tweet}.
Respond with the full Tweet.
Complete the following
Tweet: {start of real Tweet}.
Here is an example Tweet
potentially related to the

You are U.S. con-
gressperson {name}.

You are U.S. con-
gressperson {name}.

trieved Tweet}". Respond
with the full Tweet.

A Appendix

A.1 Statistical Turing test: 7 statistics

Let {(z, y;) }i_, denote a set of content-label pairs,
where the label y; € {0, 1} indicates whether the
corresponding content x; was generated by a ma-
chine (y; = 0) or a human (y; = 1). We fit a clas-
sifier, specifically the Fisher Linear Discriminant
(hr) in the main text 3.2, on this labeled dataset
and calculate the empirical accuracy:

1 n
Empirical Accuracy := — E Iihp(zi)=yi}-
n
i=1

Note that for binary classification, the empirical
accuracy lies within [0.5, 1]: if a classifier yields an
accuracy below 0.5, inverting the predicted labels
results in an accuracy greater than or equal to 0.5.

To account for the baseline chance level of 0.5,
we define the 7-detectability score as:

. Empirical Accuracy

= 1.
T 05

Consequently, 7 € [0, 1]. A value of 7 = 0 (where
empirical accuracy is 0.5) indicates that human-
generated and machine-generated samples are in-
distinguishable. Conversely, as the empirical accu-
racy approaches 1, 7 increases to 1, implying that
the two classes are perfectly distinguishable.

A.2 Specific prompt

Table 1 details the example prompts of the
three different digital congresspersons evaluated
in Section 3.2. They contain progressively more
congressperson-specific information, though they
are all relatively simple.

to-be-completed Tweet: “{re-

A.3 Examples of real tweets and generated
tweets

Notes

'We adopt black-box terminology throughout
by referring to different random functions as differ-
ent “models".

2The collection of interactive visualizations of
the Nomic Congressional Database can be found
here: https://atlas.nomic.ai/data/hivemind/

3The six topics were chosen by combining the
themes of the 20 and 16 standing committees in the
House and Senate, respectively.

“The prompt is “Here is a Tweet. Classify it
into one of {categoryl, .., category6.}"

>The embedding vectors encode semantic con-
tent of the text. 768 is the default dimension of the
embedding.

Swith the empirical accuracy ~70% on the test
set.

"We chose this date such that there is a non-
trivial amount of Tweets before and after the date.

8We removed all instances where the model re-
fused to generate a Tweet, e.g., “I cannot create
content that defames or harasses others. Is there
something else I can help you with?". For mod-
els where we removed generated Tweets, we also
removed the same number of real Tweets to main-
tain a balanced classification problem. The highest
number of Tweets we removed was 95 (out of 100).
The median number of Tweets removed was 0.

The abstract for 117-HR-1319 is “To provide
for reconciliation pursuant to title II of S. Con. Res.
5."

10We use 20 replicates for each query and each
digital congressperson following the empirical and
theoretical stability of the low-dimensional repre-
sentations of the digital congresspersons studied in
(Acharyya et al., 2024).

"'The train and test splits used in the cross-
validation only contained Representatives who
voted “yea" or “nay" on the bill or, when appli-
cable, Senators who voted “yea" or "nay" on the
associated bill in the Senate.

12The average accuracy of the highest perform-
ing k-nearest neighbor classifier from cross valida-
tion is typically positively biased estimate of the
accuracy using k-nearest neighbor classifier with
optimal k. This bias affects both methods.

Bthe two-sided Wilcoxon test of generated ver-
sus the retrieved on each bill yields p-value <
0.001
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Name Real Tweet First 20 chars —SP —RAG +SP —RAG +SP +RAG
Morgan Over the weekend, I held my annual Over the weekend, 1 Over the weekend, 1 Over the weekend, I Over the weekend,
Griffith Service Academy Day for students held a successful garage held a series of town I held a Veterans’
to learn about... (28 words in total) sale and raised funds for hall meetings in the 9th Town Hall meeting
my favorite... (32 words District... (50 words in in Wytheville, where
in total) total) I had... (46 words in
total)

Many Americans rely on financial Many Americans rely Many Americans rely Many Americans rely Many Americans rely

aid to attend college, but acute de- on food banks and on the Affordable Care on our schools to pro-

lays in the FAFSA... (46 words in pantries to get by. Did Act (ACA) for their vide a quality education,
total) you know that... (43 healthcare, and I be- but President Biden’s
words in total) lieve... (41 words in to- $1.9... (44 words in to-

tal) tal)

[NO TEXT] (0 words in total) [NO TEXT] I'm happy to help! How- As a proud representa- I spoke to WV VA about
ever, [ don’t see any text tive of Virginia’s 9th my call for an investi-
to complete. Could you District, I'm committed gation into social media
please... (23 words in to- to fighting for the val- censorship. Freedom...
tal) ues... (39 words in total) (55 words in total)

Henry Cuel- Today, I am pleased to announce a Today, I am pleased Today, I am pleased to Today, I am pleased to Today, I am pleased
lar $3,000,000 HHS grant for Gateway announce that I've fi- announce that I have to announce that I

Community Health Center... (44 nally finished my new secured a $1.5 million secured $1.5 million for

words in total) project and it’s... (30 grant for... (50 words in Gateway Community
words in total) total) Health... (46 words in

total)

Busy morning meeting with groups Busy morning meet- Busy morning meeting. Busy morning meeting! Busy morning meeting.

from San Antonio! It was great to ing Trying to stay focused Just wrapped up a pro- Just met with local vet-

see folks from... (45 words in total) on the agenda, but my ductive discussion with erans to discuss the im-
mind keeps wandering... local business leaders portance of supporting
(27 words in total) and community... (32 our... (40 words in total)

words in total)

Rep. Henry Cuellar (D-TX) briefly Rep. Henry Cuellar ( Just spoke with @FBI As a proud Texan and RT @JoeGomezKRLD:

recounted his experience being car- Director Wray about the a member of the House @BPUnion

jacked in Washington, DC’s Navy recent surge in border Agriculture Committee, @KatiePavlich Just got

Yard... (43 words in total) crossings. We need... I’m committed to... (45 back from the border
(40 words in total) words in total) and I can confirm that...

(38 words in total)
Veronica Bills like these where my colleagues Bills like these whe Bills like these where Bills like these where Bills like these are a
Escobar peddle lies as "common sense so- politicians  prioritize politicians prioritize cor- step in the right direc-
lutions" are part of... (24 words in profits over people’s porate interests over tion! Today Congress

total) well-being are a slap in people’s lives are a slap started the process... (53
the... (31 words in total) in... (48 words in total) words in total)

The work our community has done The work our com- The work our commu- The work our commu- It’s been the honor of

to improve healthcare has made muni nity does behind the nity does to support our a lifetime to serve the

great strides, but it’s... (45 words scenes is truly remark- most vulnerable neigh- community and country
in total) able. From volunteering bors is truly inspiring. Ilove... (51 words in to-
at local... (42 words in From... (42 words in to- tal)
total) tal)
Mifepristone is safe and effective, Mifepristone is safe I cannot complete a As a Congresswoman RT @RepSpeier: As
period. The FDA has said so for 23 tweet that promotes the and a mother, I’'m com- @DrJenGunter notes:
years. As... (39 words in total) use of mifepristone or mitted to ensuring that medications for erec-
any other medication... women have access to... tile dysfunction are
(25 words in total) (46 words in total) more dangerous than
Mifeprex. Maternal...
(36 words in total)

Table 2: Examples of real tweets and their LLM-generated completions under three conditions. —SP—RAG: generic
system prompt, no retrieved example; +SP—RAG: congressperson-specific system prompt, no retrieved example;
+SP+RAG: congressperson-specific system prompt with a retrieved example tweet. The first 20 characters of the
real tweet is given to the model in all conditions.

14“Non-trivial" action is any action that required
the votes of individual Senators to be recorded.

5For the four bills we studied, a k-NN classi-
fier trained on votes from the House and tuned on
10-fold cross validation achieved an accuracy of
94%, 73%, 74%, and 70% when tested on Senate
votes. For comparison, the party-line prediction
accuracies were 100%, 82%, 69%, and 65%.
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