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Abstract
Experiments are informative but should be used judiciously as a
costly resource. Well-constructed theory may serve as a substitute.
We develop a “Theory Instead of Experiment” (TIE) framework
and, in collaboration with Tencent, apply the framework to assess
how much value (e.g., user clicks) each creator contributes to its
WeChat Official Accounts Platform. This TIE application models
content demand and supply upon the counterfactual departure of a
creator. The demand model predicts user clicks based on estimated
user preferences, while the supply model captures the platform’s
content distribution response. Together, they predict how each
creator influences user engagement through the platform’s content
distribution strategy. We test the predictions of the TIE system with
168 experiments, each examining a different mix of creators and
involving more than 9 million unique users. The TIE system and the
experiments demonstrate a 97% correlation on the key performance
metric (change in user clicks). Based on its low costs, high accuracy,
granular output, and minimal latency, Tencent has deployed the
TIE system as the default approach to creator valuation, assessing
tens of millions of creators each day while avoiding a 2.5% user
click loss associated with a typical experiment.

CCS Concepts
• General and reference→ Experimentation; • Computing
methodologies→Machine learning;Modeling and simula-
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1 Introduction
One of the most consequential deployments in human history, the
Little Boy atomic bomb used during World War II, did not undergo
a full-scale test [38]. The cost of such a test would have been pro-
hibitive, considering the scarcity of the key material, Uranium-235,
and the need to maintain strategic secrecy. However, confidence in
the bomb’s performance was high, based on precise mathematical
calculations and a series of smaller tests involving components of
the underlying model. Ultimately, the costs of a full-scale test were
deemed to outweigh any potential benefit.

The lesson from Little Boy remains valuable today. Informative
as they are, experiments should be viewed as a strategic resource,
used only after carefully balancing their benefits and costs. This
is particularly true for experiments conducted in natural environ-
ments, testing the impact of a product or invention on its actual
users or target audiences. Although such experiments provide in-
sights into real-world responses, they come with implementation
costs and opportunity costs—the losses incurred from deviating
from optimal strategies for the sake of experimentation. Rather than
investing blindly in experiments, it is more prudent to first consider
lower-cost alternatives that offer comparable informational value,
such as well-established domain theories.

We develop one such solution, a “Theory Instead of Experiment”
(TIE) framework, to help companies conserve the use of costly
experiments. The TIE framework is built upon the following pillars:
(1) a high-fidelity theory model of the phenomenon in question, (2)
if applicable, tests of the assumptions underlying the theory model,
and (3) tests of the theory model’s predictions with a smaller set of
experiments; if the predictions of the theory model are sufficiently
accurate, they can serve as a substitute for further experiments.

In collaboration with Tencent, we apply the TIE framework
to one of its high-priority business problems: creator valuation.
Tencent aims to measure the value, in terms of user engagement
(with clicks being a key performancemetric), that each of its content
creators contributes to its WeChat Official Accounts Platform. Prior
to TIE, experiments were the default way to answer this question
at Tencent. A typical experiment would temporarily block user
access to a set of creators, track changes in user engagement, and
infer the creators’ value based on such changes. These experiments
are resource-intensive to implement and tend to result in losses
in user engagement. For example, to identify valuable creators, an
experiment would need to block access to these creators, which in
turn would cause a noticeable drop in user engagement.

The TIE system for creator valuation follows a different approach,
as outlined below. We theorize the problem as predicting how user
engagement would change in the new equilibrium if a creator were
to deviate from contributing content on the platform. The answer
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depends on how users, other creators, and the platform may re-
spond in this counterfactual scenario. We assume (with supporting
evidence) that a click-prediction model based on user preferences
calibrated on factual user engagement data predicts user engage-
ment in the counterfactual scenario. We also assume (with sup-
porting evidence) that other creators do not change their posting
behaviors in response to a single creator’s departure, given the
enormous number of creators on the platform. The question then
boils down to how the platform would respond to the creator’s de-
parture. We invoke the platform’s content distribution mechanism
to specify the list of content the platform would provide to each
user in the counterfactual scenario. These counterfactual content
lists, combined with the click-prediction model, form theoretical
predictions of user engagement in the absence of the focal creator.
The difference in user engagement with versus without a creator
defines the creator’s value.

The focus on microfounded theory enhances the model’s gen-
eralizability and predictive robustness. This is a well-established
principle in structural modeling, which emphasizes the measure-
ment of behavioral primitives that are invariant to policy changes
[33, 35]. In the context of creator valuation, the policy change is the
(hypothetical) departure of a creator. The assumption that users’
content preference primitives remain policy-invariant is standard in
structural modeling. The main difference is that we have a valuable
opportunity to observe—rather than assume—the platform’s coun-
terfactual gameplay under the new policy [17]. This is an important
feature, as it helps prevent any misspecification of the counterfac-
tual gameplay from compromising the predictive accuracy of the
theory model.

We test the predictions of the TIE system against 168 experi-
ments, each involving more than 9 million unique users and block-
ing user access to different profiles of creators. The TIE predictions
achieve a 97% correlation with the experimental results, while in-
curring negligible implementation cost and no opportunity cost
in terms of lost user clicks, compared with the 2.5% user click loss
associated with a typical experiment in this setting. In light of its
low costs, high accuracy, individual-level granularity, and minimal
latency, the TIE framework has been deployed at Tencent on a full
scale as the default system for creator valuation, assessing the value
of tens of millions of creators each day.

2 Related Research
Experiments provide direct information about counterfactual en-
vironments that are otherwise unobservable or observed in a way
that could be confounded [1, 22]. For this reason, experimentation
has been a fundamental research methodology in various fields,
including physics [37], chemistry [29], biology [12], economics [30],
and social science [39], and has gained widespread popularity in
the technology industry [18, 27, 32, 50].

However, the literature has acknowledged that experiments can
be costly. Experiment infrastructures can be resource-intensive to
build [25, 48]. Moreover, experiments almost inevitably incur op-
portunity costs, because not all experiment groups can be exposed
to the optimal policy [6, 47], a fact that introduces both efficiency
and ethical concerns [5, 34, 52].

Correspondingly, various methods have been developed to miti-
gate the costs of experiments. These include experiment platform
enhancement [26], sample size optimization [15, 44], strategic treat-
ment allocation [2, 24, 54], adaptive experimental design [9, 31],
market-structure-informed experimental design [53], extrapolation
from known experiments [16], and post-experiment analysis im-
provement [23, 40, 43]. The TIE framework shares the goal of this
literature to address the costs of experimentation, but takes a dif-
ferent approach. Rather than focusing on improving experimental
design or analysis, it relies on theory-based modeling as a potential
substitute for experimentation.

Another well-established alternative to experimentation is coun-
terfactual evaluation, which analyzes offline (i.e., historical) data to
estimate the outcomes of policies had they been deployed online
(i.e., in real environments); see [42] for a comprehensive review. A
range of counterfactual evaluation techniques has been developed,
including the direct method, importance sampling, and doubly ro-
bust estimators [13, 20, 51]. Counterfactual evaluation has yielded
successful industry applications, with notable use cases including
Microsoft Bing Ads [7] and Uber Eats Ads [55].

By contrast, the TIE system for creator valuation is an online
simulator. It invokes the deployed click-prediction and content dis-
tribution functions in live environments to simulate counterfactual
changes in user engagement. Correspondingly, the TIE system of-
fers two advantages. First, because it runs inside the operational
system, TIE automatically tracks algorithm updates and adapts to
evolving user preferences and platform policies, whereas offline
methods are built on historical data and may often need recalibra-
tion to handle various shifts in the environment [21, 56]. Second,
with direct access to live content distribution functions, TIE re-
trieves the exact counterfactual actions the platform would have
taken rather than approximations simulated from historical data.
In this sense, the TIE system moves one step closer to digital twin
systems, which emphasize real-time data flow between the physical
entity and its simulated counterpart [45].1

Lastly, the TIE system uses prediction models to simulate causal
experimental results. Prior research has explored various predic-
tive modeling approaches to improve causal inference, including
causal forest [3, 4], double machine learning [10, 14], and meta-
learners [28]. Models in this stream of literature generally rely on
exogeneity assumptions to establish causal relationships due to
the fundamental problem of causal inference—the inability to ob-
serve multiple potential outcomes for the same observation unit
[19, 41]. In comparison, the TIE system directly simulates counter-
factual responses for each unit (e.g., user) based on models of the
counterfactual environment, thus eliminating the explicit need for
exogeneity assumptions.

3 Application Context: Creator Valuation
Content creators are the driving force behind the rapidly growing
content economy [46]. The success of content platforms depends on

1This online simulation approach has limitations relative to offline simulation methods.
Because the TIE system operates on live data and live system logic, it cannot be
used to simulate arbitrary past policies or retroactively test hypothetical strategies.
Additionally, because the click prediction and content distribution logic must be used
as is, predefined metrics are necessary, and bootstrapping for inference by replaying
the system multiple times is not directly applicable.
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the contributions of these creators, and Tencent’s WeChat Official
Accounts Platform is no exception. As one of the largest content
platforms in the world, WeChat Official Accounts serves over a
billion users and hosts tens of millions of creators (called “official
accounts”), who publish hundreds of millions of content items annu-
ally.2 However, as in many ecosystems, not all creators contribute
equally. One of Tencent’s current business priorities is to assess
the value of each creator, meaning the creator’s contribution to
user engagement with the platform. Gaining such insights will al-
low Tencent to better understand and incentivize the creation of
valuable content.

Creator valuation is no simple task. A naïve approach is to rely
on descriptive statistics, such as the number of clicks and followers.
However, this approach does not capture the complex patterns of
substitution or complementarity among creators. Even a highly
popular creator’s value can be diminished if other creators produce
similar content. Ultimately, creator value is a counterfactual con-
cept; it is determined by the difference in the utility users derive
from the platform with versus without the presence of the focal cre-
ator. Simple descriptive statistics may not offer such counterfactual
predictions.

Therefore, to assess creator value, Tencent has relied on experi-
ments. This experimental approach involves blocking user access
to a set of creators temporarily and observing the resulting change
in user engagement (e.g., user clicks). A larger drop in engagement
suggests that the blocked creators are more valuable. While ex-
perimentation provides the ground truth of creator value, it often
comes with several costs.

First, as reviewed in Section 2, experimental design is a complex
science. For example, blocked creators must be carefully selected to
make the experiment informative without affecting user experience
too much [24]. The number of users involved must be cautiously
chosen to ensure statistical significance while keeping the inter-
ruptions to the platform manageable [15]. Moreover, observations
from each experiment take time to stabilize. These experiments
must be carefully designed to ensure the collection of stable ob-
servations without obstructing content to a degree that degrades
creator experience. Implementing these experiments also requires
nontrivial effort. Numerous experiments are needed, each blocking
a different combination of creators, to fully uncover patterns of
creator substitution or complementarity [49]. This can be computa-
tionally burdensome because computational complexity increases
with the number of experiments. The experiments also need to be
monitored in case adjustments are needed [9].

Second, these experiments carry opportunity costs. A creator
is only identified as valuable if access to the creator is varied and
a significant change in user engagement is observed. Such varia-
tions often require deviations from the optimal content distribution
mechanism. In other words, information is gained at the expense
of real business performance. This expense can be as high as a 2.5%
loss of user clicks for a typical experiment to assess creator value
on the platform.

2Exact numbers are withheld for confidentiality. According to public sources, as of
2024, WeChat Official Accounts had more than 1.37 billion users, 20 million creators,
and 444 million pieces of content generated annually; see https://news.qq.com/rain/a/
20250119A03DEG00 for further details (accessed on June 5, 2025).

Additionally, two practical challenges arise concerning the value
of information that can be obtained through experiments. First,
given the massive number of WeChat creators, a sufficiently large
group of creators must be blocked at once to produce a measurable
impact. As a result, each experiment usually only evaluates the
aggregate value of a group of creators rather than the value of
individual creators. This limits the platform’s ability to run person-
alized campaigns, such as monetary rewards or traffic incentives
tailored to individual creators.

Second, as mentioned, experimental results take time to stabilize.
Therefore, a creator’s value can only be assessed experimentally
after a delay. This not only increases system latency, limiting busi-
ness applications that need real-time access to creator value, but
may also yield misleading information if creator value fluctuates
over time, as we demonstrate is the case.

To circumvent the costs of experiments while retaining their
informational value or even enhancing their informational value,
we develop the TIE system as a new solution to the problem of
creator valuation. We present the construction of the TIE system
in Section 4 and its test in Section 5.

4 A TIE System for Creator Valuation
4.1 Theory Model
The TIE system formulates creator valuation as quantifying the
change in user engagement if a creator were to leave the platform
(the counterfactual scenario). Grounded in micro-level behaviors,
the TIE system centers on a theorymodel of how users, the platform,
and other creators would behave in this counterfactual scenario.

On the content-demand side, we model user clicks based on the
standard microeconomic theory of user utility maximization. In
each usage session 𝑡 , user 𝑖 clicks on content 𝑗 ∈ 𝐿𝑖𝑡 if and only
if the associated consumption utility, 𝑈𝑖 𝑗𝑡 = 𝑓 (𝑋𝑖 𝑗𝑡 ), exceeds a
reservation utility to be estimated. The set 𝐿𝑖𝑡 denotes the list of
content the platform shows to user 𝑖 during session 𝑡 . The matrix
𝑋𝑖 𝑗𝑡 includes characteristics of user 𝑖 , features of content 𝑗 , effects
of session 𝑡 , and any potential interaction effects among the three.
For example, 𝑋𝑖 𝑗𝑡 may include other available content, besides
content 𝑗 , shown to user 𝑖 during session 𝑡 , which may affect the
user’s consumption utility for content 𝑗 through substitution or
complementarity. The function 𝑓 is empirically calibrated using
data on user-content interactions, where more clicks on a type
of content imply higher user utility from consuming this type of
content [36].

On the content-supply side, we explicitly construct the content
list users would be exposed to in the counterfactual environment
where a creator were absent from the platform. Intuitively, to assess
a creator’s value, it is critical to know the alternative content options
available to users in the absence of that creator. We construct this
counterfactual content list by re-optimizing the platform’s content
distribution mechanism over the available content set. Once this
counterfactual content list is known, we apply the calibrated 𝑓

function to impute users’ counterfactual utilities and clicks in the
absence of the focal creator. The difference between the actual and
counterfactual clicks reflects the creator’s value, by definition.

To keep the problem tractable, we make the simplifying assump-
tion that other creators do not adjust their posting behavior in
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response to the departure of a single creator. Given the large num-
ber of creators on WeChat, such a departure may even go entirely
unnoticed. We provide empirical evidence supporting this assump-
tion in Appendix A.3

The counterfactual prediction outlined above is enabled by the
micro-level modeling of behaviors. First, the same 𝑓 function cali-
brated from observed user-content interactions can be applied in
the counterfactual environment if the 𝑓 function captures users’
utility primitives (e.g., preferences for different content features),
which are assumed to remain constant across various policy en-
vironments [33, 35]. Second, we construct the exact content list
that would have been shown to each user in the counterfactual
environment, so that the 𝑓 function can be applied directly to the
list to predict counterfactual utilities and clicks.

In contrast, an ad-hoc model without a microfoundation may not
extrapolate well to the counterfactual environment. For example,
consider an ad-hoc model that links historical user clicks to creator
identity. Such a model may fail to predict the counterfactual clicks
where a creator is absent—user clicks for the remaining creatorsmay
have changed depending on the substitution or complementarity
among creators, and the list of available content may have changed
after re-optimizing the platform’s content distribution mechanism.
In other words, user clicks and content lists may not be policy-
invariant, whereas user preferences that lead to the clicks may be
policy-invariant, and we have the added benefit of observing the
platform’s exact content list under the counterfactual policy. We
will report test results of both the TIE system and the ad-hoc model
in Section 5 for further comparison.

4.2 Engineering Architecture
To implement the theory model of content demand and supply as
outlined above, the TIE system calls two predefined functions: the
prediction function and the matching function. These two functions
capture user preference 𝑓 on the demand side and the platform’s
content distribution mechanism on the supply side, respectively.

For each user exposure to a piece of content, the prediction
function takes as input the user, the content, and context (such as
time and user exposure history) to predict the click-through rate
(pCTR) for that exposure. The prediction function is trained on vast
amounts of user-content interaction (e.g., clicks) data.

For each user session, the matching function generates a list of
content to which the user will be exposed, taking the user, context,
and the content pool available at the time of the session as input.
The objective of the matching function is to maximize the pCTR in
that session, while considering factors such as content consumption
diversity and creator incentives based on the platform’s content
distribution policy of the time.

While the prediction and matching functions can be developed
from scratch, one advantage of the TIE system is that these two
functions are often readily available for a content platform. At
Tencent, these two functions have served as essential components
of its content recommendation system on the WeChat platform.
Therefore, the TIE system calls these two functions in real time.
Doing so not only substantially reduces the development cost of the

3We similarly assume that other creators do not change their posting behaviors in
response to users’ or the platform’s reactions to a single creator’s absence.

TIE system but also, as discussed, enables access to user click pre-
dictions and the platform’s counterfactual gameplay in the precise
instance of a creator’s departure, rendering TIE an online simulator.
For confidentiality, we do not report the technical details of these
two functions.

The TIE system consists of two modules: the factual module and
the counterfactual module. Each module calls both the prediction
function and the matching function. While some form of the factual
module often exists for content platforms, we have uniquely created
the counterfactual module for the TIE system to simulate outcomes
in the counterfactual environment if a creator were to leave the
platform.

In the factual module, for each user session, the matching func-
tion first takes the user, context, and the entire content pool as
input and outputs the content list to which the user will be exposed.
This list is evaluated by the prediction function, generating a pCTR
for the session, which is the sum of pCTRs of all individual user-
content pairs in that session. Both the content list and the pCTR of
the user session are stored in the system database.

Once the factual content list is generated, the counterfactual
module starts running. For each piece of content in the factual
content list, the counterfactual module first identifies all pieces of
content produced by the same creator and removes them from the
original content pool to construct the corresponding counterfactual
content pool. This counterfactual content pool, along with user
and context information, is then fed into the matching function to
generate the counterfactual content list for the user session—the
content list that would have been shown to the user had that focal
creator been absent from the platform. This counterfactual content
list is then evaluated by the prediction function to estimate the
corresponding pCTR for the user session. Both the counterfactual
content list and its pCTR of the user session are stored in the system
database.

The counterfactual module runs separately for every piece of
content in the factual content list. The differences between the
factual pCTRs and the counterfactual pCTRs represent the values
of the creators in that session’s content list. We do not need to
run the counterfactual module for content that is not part of the
factual content list. The corresponding creator values are zero by
construction; blocking these creators would have had no impact on
the content actually shown in the user session.

Summing a creator’s values across all user sessions yields the
TIE prediction of the creator’s overall value on the platform. To
minimize computational load, we implement the TIE system on a
randomly selected representative sample of users. We select the
sampling rate by gradually increasing it until creator value esti-
mates stabilize, resulting in a final sampling rate of 𝑟 ≈ 0.8% drawn
from the total user base. The resulting creator value derived from
this sample is then scaled by a factor of 1/𝑟 to derive creator value
for the entire platform.

Algorithm 1 outlines the TIE system pseudocode as described
above. Figure 1 presents a visual illustration of the TIE system
architecture. Again, a key feature of the TIE system is that both
the factual and counterfactual modules call the same two prede-
fined processes: the prediction function and the matching func-
tion. While the outputs of these two functions may vary between
the factual and counterfactual environments, these two functions
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themselves remain the same. Furthermore, if these two functions re-
main valid descriptions of user preferences and content distribution
mechanisms in the counterfactual environment, they satisfy the
policy-invariance property that enables accurate predictions of the
counterfactual environment [33, 35]. We discuss policy invariance
in the following section.

Algorithm 1: TIE System for Creator Valuation
Input:
𝑇 : Set of user sessions from a random user sample
(sample rate 𝑟 )
𝐽𝑡 : Content pool at session 𝑡

𝑃 (𝑖, ctx, 𝑗): Prediction function
𝑀 (𝑖, ctx, 𝐽 ): Matching function

Output:
𝑉 : Mapping from creator to creator value

Initialization:
∀ creator 𝑐 , 𝑉 (𝑐) ← 0

foreach session 𝑡 ∈ 𝑇 do
𝑖 ← 𝑡 .user
ctx← 𝑡 .context
// Factual module

𝐿𝐹 ← 𝑀 (𝑖, ctx, 𝐽𝑡 )
𝑝𝐶𝑇𝑅𝐹 ← 0
foreach content item 𝑗 ∈ 𝐿𝐹 do

𝑝𝐶𝑇𝑅𝐹 ← 𝑝𝐶𝑇𝑅𝐹 + 𝑃 (𝑖, ctx, 𝑗)
end
store (𝐿𝐹 , 𝑝𝐶𝑇𝑅𝐹 )
// Counterfactual module

C ← { 𝑗 .creator | 𝑗 ∈ 𝐿𝐹 }
foreach creator 𝑐 ∈ C do

𝐽𝐶𝐹 ← { 𝑗 ′ ∈ 𝐽𝑡 | 𝑗 ′ .creator ≠ 𝑐 }
𝐿𝐶𝐹 ← 𝑀 (𝑖, ctx, 𝐽𝐶𝐹 )
𝑝𝐶𝑇𝑅𝐶𝐹 ← 0
foreach item 𝑗 ′ ∈ 𝐿𝐶𝐹 do

𝑝𝐶𝑇𝑅𝐶𝐹 ← 𝑝𝐶𝑇𝑅𝐶𝐹 + 𝑃 (𝑖, ctx, 𝑗 ′)
end
store (𝐿𝐶𝐹 , 𝑝𝐶𝑇𝑅𝐶𝐹 )
Δ← 𝑝𝐶𝑇𝑅𝐹 − 𝑝𝐶𝑇𝑅𝐶𝐹
𝑉 (𝑐) ← 𝑉 (𝑐) + Δ

end
end
// Rescale for sampling rate

foreach creator 𝑐 do
𝑉 (𝑐) ← 𝑉 (𝑐)/𝑟

end
return 𝑉

4.3 Policy Invariance
Policy invariance is strictly satisfied for the matching function
because the same matching function is invoked directly to pro-
duce the content list in the counterfactual module, describing the

platform’s precise content distribution strategy in the event of a
creator’s departure. As discussed, this is a unique advantage of the
TIE system over typical structural models that rely on assumptions
about supply-side strategies [17]. In terms of model variance [42],
policy invariance of the matching function reduces the uncertainty
of the TIE system to that of the prediction function.

For the prediction function to satisfy policy invariance, user
preferences as specified in the prediction function must remain
the same in the counterfactual environment. We explain why this
assumption is likely to hold in the context of this paper.

First, the prediction function is an industry-level, high-fidelity
model developed specifically to capture user preference primi-
tives and predict user engagement in various environments. It is
a transformer-based model with billions of parameters, trained
on combinations of naturally occurring and experimental data
to measure arguably-exogenous user preferences, and is continu-
ously trained on incoming user-content interaction data to capture
changes in user preferences. In subsequent experiments (Section 5),
we find a 99.8% correlation between the total pCTR across sessions
in each of 168 experiments and the observed clicks, suggesting high
predictive accuracy of the prediction function across a range of
domains.

Second, the counterfactual scenario of interest corresponds to
the departure of one creator. It is unlikely that users will reformulate
their preferences [8] following the departure of one among tens
of millions of creators. They may not even be aware of a creator’s
departure because a typical browsing session only features a small
subset of creators on the platform.

Third, we nevertheless stress-test the prediction function in a
wide range of alternative contexts. At Tencent, content can be de-
livered through multiple channels besides the recommendation
channel this paper focuses on (see Section 5). These include sub-
scriptions to creator accounts, social sharing from friends, and
cold-start promotions. In total, the platform supports over 15 dis-
tinct content delivery channels (exact number and details withheld
for confidentiality). The prediction function achieves above 99%
correlations with actual clicks in the majority of these channels,
and falls below 90% in only one channel (with an 88% correlation).
The average correlation across all channels is 98.2%. These results
suggest that user preferences captured in the prediction function
are likely to be valid across a diverse range of contexts. In fact, if
user preferences remain valid in contexts distinct from the recom-
mendation channel, they may arguably remain valid with respect
to a small perturbation (i.e., the absence of one creator) within the
recommendation channel.

4.4 Advantages Over Experiments
The TIE system for creator valuation offers several advantages over
experiments. First, experiments require a significant human effort
to design and implement. In comparison, the TIE system is fully
automated, its only additional cost being the backend computational
cost to execute the counterfactual module. The additional load on
the computation cluster is under 1%.

Second, the TIE system carries no opportunity cost. Users are
exposed to the same factual content lists generated by the existing
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Figure 1: TIE System Architecture. For each user session, the factual module generates the factual content list to be shown to
the user and calculates the corresponding predicted click-through rate (pCTR). A counterfactual module runs for each piece of
content in the factual content list, generating the counterfactual content list and calculating the respective pCTR. Both the
factual and counterfactual content lists, along with their pCTRs, are stored in the system database. The differences between the
factual and counterfactual pCTRs are used to calculate creator value. The user is exposed only to the factual content list.

recommendation system, so that their experience remains uninter-
rupted. The counterfactual content lists are computed entirely in
the backend, eliminating any interference with users.

Additionally, experiments on the platform can realistically only
assess the aggregate value of a group of creators, making it difficult
to differentiate the values of individual creators within the group.
In contrast, the TIE system provides individual-level creator value
assessments, enabling more personalized insights. Meanwhile, as
explained earlier, experiments on this platform often require days
or weeks to yield stable results, whereas the TIE system operates in
real time, providing up-to-date assessment of creator value almost
instantaneously.

It remains to test the TIE system’s accuracy in assessing creator
value. We present the test and its results next.

5 Testing the TIE System
We test the predictive accuracy of the TIE system against ground-
truth data—data from experiments. In collaboration with Tencent,
we conduct 168 such large-scale experiments on its WeChat Official
Accounts Platform, following its current experimental methodology
for creator valuation. (For confidentiality, we only present informa-
tion about these experiments that are essential for assessing the
performance of the TIE system.)

When users arrive on the platform, they first see new content
from creators they subscribe to (subscription flow). After that, they

see additional content that the recommender system chooses to
show them (recommendation flow). While content can also be de-
livered through other channels such as social sharing or cold-start
promotions, at the time of the test, over half of content exposures
come from the recommendation flow. We focus on the recommen-
dation flow, which is the primary application context for creator
valuation at Tencent.

In each experiment, we randomly select a sample of active users
to form the treatment group and block a specific set of creators
from these users’ recommendation flow. The blocked sets of creators
are intentionally varied along meaningful dimensions across the
168 experiments, allowing the TIE system to be tested across a
broad range of scenarios. To form the control group, we randomly
select another set of active users of the same sample size, without
blocking any creators. There is no overlap among the sets of users
across experiments that overlap in time. The primary outcome of
interest for an experiment is the change in user clicks—measured as
user clicks in the treatment group minus user clicks in the control
group—within the recommendation flow. Each experiment involves
more than 9 million users in the treatment group and temporarily
blocks user access to the involved creators for one day. Table 4 in
Appendix B presents the summary statistics of the experiments.

The TIE system predicts creator value at the individual-creator
level. We sum the values of all creators blocked in an experiment to
generate the TIE-predicted click change for that experiment. This
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summation should be viewed as an approximation because it does
not fully account for potential substitution or complementarity
among blocked creators. But the bias introduced is minimal if the
number of blocked creators is small relative to the entire pool of
creators (see Table 4), so that they are unlikely to show up in the
same content list for many user sessions. To test the predictive
accuracy of the TIE system, we compare the observed click change
in each experiment with the corresponding TIE-predicted click
change for that experiment. We scale both measures as percentages
(or change rates) to preserve confidentiality.

Figure 2 plots the observed click change rate for each exper-
iment against the corresponding click change rate predicted by
TIE. The correlation between the TIE predictions and the observed
experimental results is 97%. We run an ordinary least squares (OLS)
regression with the observed click change rate as the dependent
variable and the TIE prediction as the independent variable, as well
as a constant term. The slope of the fitted line is 1.1236, close to 1,
the value if the prediction is perfect.

Figure 2: TIE-System Prediction vs. Experiment Outcome.
The x-axis is an experiment’s click change rate predicted by
the TIE system, and the y-axis is the observed click change
rate for that experiment. Each dot represents an experiment.
The fitted line is based on OLS regression of y on x with a
constant. The x and y axes are set on the same scale, so that
perfect prediction corresponds to the diagonal line.

As discussed, each of the 168 experiments blocks a different
mix of creators. This, by intention, leads to noticeable variation
in observed click change rates across experiments. The TIE sys-
tem accurately predicts the click change rate over the range of
experiments, indicating strong robustness. Notably, in six experi-
ments (represented by the six dots in the upper right of Figure 2),
the blocked creators are selected from the bottom 10% of seven-
day creator value predicted by TIE. Their associated positive click
changes suggest that removing less valuable creators improves user
engagement. The TIE system is able to predict this nuanced result.

For completeness, we test the predictive accuracy of the ad-hoc
model described in Section 4, one that uses the total number of

clicks for a creator’s content as a measure of the creator’s value. The
click change rate predicted by this ad-hoc model is the sum of clicks
for the blocked creators divided by the sum of clicks for all creators
in the control group (using the sum of clicks in the treatment group
yields almost identical results, which is to be expected given the
randomized nature of the experiments).

Figure 3 plots the results. Relative to Figure 2, the ad-hoc model
predicts higher creator values (i.e., larger click change rates upon
blocking creators) than what the experiments indicate. The ad-hoc
model’s OLS-regression coefficient is 0.2340, which, compared with
the coefficient of 1.1236 for TIE, means that the ad-hoc model over-
estimates creator values by almost four times. Further comparison
indicates that the mean absolute error (MAE) of the ad-hoc model
(0.1806) is 28 times the MAE of TIE (0.0065). As discussed, the ad-
hoc model is expected to predict less accurately than TIE given its
inability to account for substitution or complementarity among cre-
ators. The fact that the ad-hoc model overestimates creator values
suggests that it likely fails to capture creator substitution.

Figure 3: Ad-Hoc Model Prediction vs. Experiment Outcome.
The x-axis is an experiment’s click change rate predicted by
the ad-hoc model, and the y-axis is the observed click change
rate for that experiment. Each dot represents an experiment.
The fitted line is based on OLS regression of y on x with a
constant. The x and y axes are set on the same scale, so that
perfect prediction corresponds to the diagonal line.

Table 1 summarizes the comparison between the experiments,
the TIE system, and the ad-hoc model. Fully automated and running
in the backend, the TIE system circumvents the implementation and
opportunity costs of experiments while being reasonably accurate
in assessing creator value and noticeably more accurate than the ad-
hoc model. Moreover, the TIE system produces results that are both
more granular and more immediate than those from experiments,
enabling creator value assessment at the individual rather than
group level, and within milliseconds rather than days or weeks.

To appreciate the importance of individual-level creator valua-
tion, we examine the variability in creator value within the same
group of creators simultaneously blocked in an experiment. As
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Table 1: Comparison Between Experiments, the TIE System, and the Ad-Hoc Model

Experiments TIE System Ad-Hoc Model

Implementation Nontrivial human effort Automated Automated
Opportunity Cost 2.5% click decrease 0 0
OLS Coefficient 1 1.1236 0.2340
MAE 0 0.0065 0.1806
Prediction Granularity Aggregate level Individual level Individual level
Latency (Time per Assessment) Days or weeks Milliseconds Milliseconds

shown in Table 4 in the appendix, each of the 168 experiments
blocks an average of 4,703 creators. For each creator, we compute
the weekly average creator value over an eight-week period using
the TIE system (we do so because creator value fluctuates over
time, as shown below). Across the 168 experiments, the average
coefficient of variation for creator value within the same group of
creators reaches 11,538%. To put this number into perspective, a 30%
coefficient of variation often indicates high variability [11]. This
substantial within-group variability in creator value means that
group-level, aggregate creator value produced by the experiments
offers poor guidance for individual-level valuation.

Similarly, the TIE system’s minimal latency not only enables
applications that require real-time creator valuation but is also
critical for ensuring accuracy when creator value fluctuates over
time. To assess the extent of creator value fluctuation, we again
analyze each creator’s weekly average value in the TIE system over
an eight-week period. Averaged across creators, we observe a 298%
coefficient of variation over time. Furthermore, we examine the cor-
relation between a creator’s value in the first week and subsequent
weeks. As shown in Table 2, across creators, the average creator
value correlation between week one and week two is only 1.6%; it
even becomes negative after five weeks. This result suggests high
temporal volatility of creator value, so that one-time experiments
may provide misleading insight. This result also suggests that, even
if the ad-hoc model shows correlation with observed changes in
clicks, it cannot be easily corrected with a simple scaling factor to
duplicate the performance of the TIE system. Such a factor would
itself vary substantially over time.

Table 2: Average Correlation Between Creator Value in Week
1 and Subsequent Weeks

Week Pair Correlation P-Value

Week 1 vs. Week 2 0.0160 0.000
Week 1 vs. Week 3 0.0081 0.000
Week 1 vs. Week 4 0.0165 0.000
Week 1 vs. Week 5 0.0338 0.000
Week 1 vs. Week 6 -0.0000 0.997
Week 1 vs. Week 7 -0.0000 0.997
Week 1 vs. Week 8 -0.0045 0.000

6 Deploying the TIE System
Based on its cost savings, predictive accuracy, granularity, and min-
imal latency compared with experiments, Tencent has deployed the

TIE system on a full scale as a default approach to assess the value
of all creators on its WeChat Official Accounts Platform. Since de-
ployment, the TIE system has evaluated tens of millions of creators
a day. Deploying TIE has saved the platform both implementa-
tion costs and the opportunity costs of experimentation, where a
typical experiment to assess creator value would have otherwise
caused a loss of 2.5% in user clicks. The TIE system has supported
applications such as creator discovery and content incentivization.

In terms of system maintenance, the TIE system is a real-time
online simulator, which directly calls the actively deployed and con-
tinuously updated prediction and matching functions. As a result,
the TIE system requires no explicit recalibration—any algorithmic
changes in the system are automatically reflected in the live func-
tions and, in turn, the TIE system’s outputs. Since its full-scale
deployment in January 2025 (and as of the date of the current ver-
sion of this paper in June 2025), the TIE system has not required
any manual updates.

In terms of predictive stability, the baseline TIE system presented
in this paper provides only a point estimate of creator value, but
it can be extended to support statistical inference using common
techniques such as model ensembles. For instance, one can inde-
pendently train multiple versions of the prediction model (e.g., tens
of neural networks with different random initializations or training
splits, depending on computational resources). Running the full
TIE pipeline with each model in the ensemble yields a distribution
of creator value estimates. The average of these estimates serves
as the point estimate, while the variance across models quantifies
the uncertainty for applications that are sensitive to predictive sta-
bility. Again, a helpful feature of the TIE system is its access to
the platform’s exact counterfactual content distribution strategy.
Therefore, the uncertainty in the TIE system arises solely from the
prediction model, which remains low due to the prediction model’s
high accuracy.

One byproduct of the TIE system useful for certain business
applications is its ability to explicitly capture substitution and com-
plementarity effects between creators. When a creator is blocked,
the counterfactual module logs which content takes its place, al-
lowing the application to trace how user traffic is redistributed. By
aggregating this data across sessions and mapping it to individ-
ual creators, one can construct a creator-to-creator substitution
matrix of size 𝑁 × 𝑁 (where 𝑁 is the number of creators). This
matrix can serve as input to business applications that must ac-
count for externalities among creators, such as targeted incentive
schemes designed to generate positive ripple effects across the
creator ecosystem.
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7 Conclusion
Experiments provide direct insights into the counterfactual world
(e.g., what would happen if a creator were to leave the platform).
However, they often come with significant implementation and
opportunity costs. To address this gap, we develop the TIE frame-
work as a substitute for experiments. If a theory can confidently
describe the counterfactual environment, its predictions can serve
as a reliable alternative for gaining counterfactual insights without
the need for costly experiments.

In collaboration with Tencent, we apply the TIE framework to
build an automated creator valuation system for its WeChat Offi-
cial Accounts Platform. The TIE system is grounded in theories
of utility maximization on the content-demand side and platform
optimization on the content-supply side. The corresponding con-
tent demand model calibrated on factual data can plausibly—as we
demonstrate—be used to accurately predict counterfactual demand.
Moreover, knowing the platform’s optimization model enables ex-
act specification of the platform’s counterfactual content supply.
A creator’s value is then derived, in real time, by comparing ac-
tual user clicks in the creator’s presence with predicted clicks in
response to the counterfactual content supply.

We test the TIE system with 168 experiments that block user
access to various groups of creators in a controlled manner. The
TIE system predicts experimental outcomes well, achieving a 97%
correlation, while circumventing the costs of these experiments.
Moreover, the TIE system delivers individual-level creator valua-
tions with minimal latency, which greatly enhances the usability
of the results given the substantial variation in creator value across
individuals and over time. As a result, Tencent has deployed the
TIE system as the default for creator valuation on its WeChat Offi-
cial Accounts Platform, assessing the value of tens of millions of
creators each day.

In the Tencent application, managerial judgment determines
whether the TIE system is an adequate substitute for experiments
(e.g., 97% correlation is considered good performance). One direc-
tion for future development is to automate this judgment process
by quantifying the cost of experiments and their informational gain
relative to known theories. Another direction is to automate theory
improvement when its prediction falls short.

The TIE system is applicable beyond creator valuation. For exam-
ple, it can be adapted to assess seller value on e-commerce platforms,
where the opportunity costs of experiments include direct mon-
etary consequences. More generally, the TIE system can be used
to determine the marginal value of the members of an ecosystem,
provided that two prerequisites are met. First, the TIE system relies
on the ability to simulate exact counterfactual actions by calling
the live decision function (e.g., the matching function). Such a func-
tion is in place for most companies with automated decisions and
does not need to be sophisticated. The TIE system’s minimum re-
quirement is real-time access to this function. Second, the model of
user behaviors (i.e., the prediction function) should be reasonably
accurate—any prediction error will propagate through the simu-
lation to affect performance. However, simpler prediction models
can be used depending on the company’s capabilities. The TIE sys-
tem’s minimum requirement is a prediction model that is likely
to generalize out of sample. Methodologically, the TIE framework

can also help identify and mitigate interference in network experi-
ments, where theory is used to model how different nodes respond
to various policy mixtures.
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A Other Creators Do Not Respond to A
Creator’s Absence

For tractability, the TIE system makes a simplifying assumption
that blocking a single creator does not affect the posting behaviors
of other creators. With tens of millions of creators in the WeChat
ecosystem, this assumption should generally hold.

Nevertheless, we supplement this argument with a conservative
test. We make use of the same 168 experiments conducted to test
the predictive accuracy of the TIE system (see Section 5). These
experiments were conducted in early 2025. We test whether cre-
ators who were never blocked showed any change in their content
posting behaviors during the experimental period. We use data
from both 2024 and 2025, with the 2024 data serving as the control
group, to control for any seasonality effect that may coincide with
the experimental period. We focus on an approximately six-week
window in each year surrounding the calendar dates of the ex-
perimental period; a longer window would have overlapped with
another major holiday.

This design enables a difference-in-differences regression at the
daily level. The dependent variable is a metric of posting behaviors
of non-blocked creators on a day. We obtain data on two such
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metrics: the number of non-blocked creators who actively posted
content, and the number of posts they published. Both metrics
are normalized to the [0, 1] range to preserve confidentiality. The
independent variables are a year-2025 dummy, an experimental-
period dummy (which equals 1 if the calendar date in either year
falls within the experimental period in 2025), and their interaction
term, along with day-of-the-week fixed effects.

We conduct a parallel-trend test by regressing either dependent
variable on the year and day fixed effects and their interaction terms,
excluding data from the experimental period. A joint test shows that
the interaction terms are statistically insignificant, which confirms
that trends in the outcome variables are comparable between year
2024 and year 2025 over days outside the experimental period. A
pre-trend test yields the same conclusion.

Table 3 presents the results of the difference-in-differences re-
gressions. For both metrics of posting behaviors of non-blocked

creators, the interaction term between the year-2025 dummy and
the experiment-period dummy is statistically insignificant. In other
words, there is no significant evidence that non-blocked creators
changed their posting behaviors during the experimental period.

The test above is conservative because it examines whether
blocking a group of creators, as opposed to a single creator, affects
the posting behaviors of other creators. The lack of a significant
effect from blocking a group of creators offers further support to the
argument that other creators are unlikely to change their posting
behaviors in response to a single creator’s absence.

B Summary Statistics of the 168 Experiments
Table 4 presents the summary statistics of the 168 experiments on
the Tencent WeChat Official Accounts Platform. The variables are
at the individual-experiment level.

Table 3: Non-blocked Creators’ Responses to the Experiments

# Active Non-blocked Creators # Posts by Non-blocked Creators

Year2025 × ExperimentalPeriod -0.050 -0.010
(0.080) (0.080)

Year2025 0.120∗∗ -0.080
(0.050) (0.050)

ExperimentalPeriod -0.200∗∗∗ -0.280∗∗∗
(0.050) (0.060)

Day-of-the-Week Fixed Effect Included Included
# Observations 86 86
𝑅2 0.512 0.549
Adjusted 𝑅2 0.455 0.495

Note: ∗𝑝 < 0.1; ∗∗𝑝 < 0.05; ∗∗∗𝑝 < 0.01

Table 4: Summary Statistics of the 168 Experiments

Variable Mean SD Min Median Max N

# Users Involved in an Experiment 9,445,484.62 32,397.40 9,384,822 9,443,419 9,501,928 168
# Creators Blocked in an Experiment 4,703.07 2,611.57 67 4,290 15,280 168
% Change in User Clicks in an Experiment -2.54 1.85 -7.67 -2.48 2.36 168
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