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ABSTRACT
Customer journeys in Business-to-Business (B2B) transactions contain long and complex sequences of interactions between different
stakeholders from the buyer and seller companies. On the seller side,
there is significant interest in the multi-touch attribution (MTA)
problem, which aims to identify the most influential stage transitions (in the B2B customer funnel), channels, and touchpoints. We
design a novel deep learning-based framework, which solves these
attribution problems by modeling the conversion of journeys as
functions of stage transitions that occur in them. Each stage transition is modeled as a Temporal Convolutional Network (TCN) on
the touchpoints that precede it. Further, a global conversion model
Stage-TCN is built by combining these individual stage transition
models in a non-linear fashion. We apply Layer-wise Relevance
Propagation (LRP) based techniques to compute the relevance of
all nodes and inputs in our network and use these to compute the
required attribution scores. We run extensive experiments on two
real-world B2B datasets and demonstrate superior accuracy of the
conversion model compared to prior works. We validate the attribution scores using perturbation-based techniques that measure
the change in model output when parts of the input having high
attribution scores are deleted.

CCS CONCEPTS
• Information systems → Online advertising; Web mining; •
Applied computing → Electronic commerce.
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1

INTRODUCTION

In today’s era of big data, businesses are tracking and storing huge
amounts of customer data coming from interactions via different channels such as paid-search, organic-search, blog-posts, formsubmission, chat-bots, etc. This data can then be stitched at a customer level to build the entire customer journey as a sequence of
interactions (called touchpoints1 ). A natural and important question is to identify the touchpoints and channels which contribute
significantly towards customer conversion. This problem, referred
to as “multi-touch attribution” (MTA) [13], is a key technical challenge for marketing and sales teams, and if done correctly, can
provide considerable benefits to businesses [1]. In this paper, we
are interested in the Business-to-Business (B2B) setting, where
products are sold by one company to another company, e.g. enterprise software, cloud technology, etc. A customer in this setting
goes through several interactions in a non-linear fashion [3], and
transitions between multiple stages before an eventual purchase
decision happens. A natural extension to the above MTA question
is to attribute purchase credit to these stage transitions as well.
Further, another interesting question is to understand the contributions of touchpoints and channels that led to these transitions. We
address these questions in more detail, but we first give an overview
of stages and stage transitions in B2B customer journeys and the
customer funnel, which encapsulates all of these.
B2B Funnel and Stage Transitions: Marketing automation softwares (MAS) enable businesses to track touchpoints that have happened during a customer’s journey in real-time. In these journeys,
multiple people from the buying company interact with the seller
via multiple online as well as offline channels. Depending on the
kind of interactions, an MAS divides the journey into stages which
can be viewed as components of the B2B customer funnel. Transitions between these stages are indicative of the progress made
towards the purchase transactions, and attributing appropriate
credit to them is of very high value. Moreover, in the B2B setting,
1 we

will use terms interaction and touchpoint interchangeably
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(3) We conduct experiments on two proprietary real-world B2B
datasets to demonstrate that accuracy metrics of Stage-TCN
are much better compared to baselines [8, 11, 13, 17, 18].
(4) Using the region perturbation technique from [2, 12], we
demonstrate that our attribution scores are much more reliable than the ones from the baselines. While doing so, we
also provide deep insights into the contributions of different
touchpoints/channels/stage-transitions in our datasets.

the seller might also be interested in identifying the most influential
touchpoints for each stage transition. Below we give examples of
some popular stage transitions that an MAS tracks.
(1) Customer-Known: In the beginning, unknown users from
the buyer company interact with the seller via marketing
channels. Some of them provide identifying information
such as name/email and get converted to prospects. This
transition is called Customer-Known.
(2) Lead Creation: Some of the prospects show concrete interest
by filling out forms and providing contact information. Based
on the engagement level, they get converted into leads. This
transition is called Lead-Creation.
(3) Opportunity Creation: Leads interact with sales representatives and, based on their interest in purchasing, they get
converted to contacts with whom the sales teams engage
further. This transition is called Opportunity-Creation.
(4) Journey Closed: After multiple interactions between contacts
and the sales team, a decision on purchase takes place. This
transition is called Journey Closed.

2

RELATED PRIOR WORK

Challenges: As highlighted in [7], B2B journeys span over long
time periods, sometimes spanning years depending on the size of
the seller business and industry it operates in. This will lead to
several touchpoints with irregular time gaps between them. Further, B2B journeys are highly non-linear [3] due to the presence
of multiple stakeholders in the buying company, each trying to
execute their own role in the buying process, leading to long-term
sequential dependencies between the touchpoints. Popular data
modeling techniques often struggle to capture such complexities,
and therefore building a data-driven technique is very challenging.

The simplest set of attribution techniques are rule-based. Most
common among these are first-touch/last-touch, where all credit
is given to a single touchpoint [4]. An extension called linear attribution gives equal credit to all touchpoints. The Time-decay
model, on top of linear attribution, re-weights scores in proportion
to their recency with respect to conversion. U-shaped, W-shaped,
and full-path models consider rules to give higher credit to certain touchpoints and distribute the leftover among the remaining.
These models are simple to understand and implement, but they
lack the sophistication needed to tackle the B2B specific challenges
mentioned above (since they ignore the data distribution). Many
recent works [8, 11, 13, 17] on the MTA problem have explored
data-driven techniques. These model the underlying distribution of
touchpoints and purchase labels and derive attribution scores using
the model. For example, [13] proposed a bagged logistic regression
model for conversion prediction and computed attributions based
on their model weights. A survival analysis-based technique was
designed in [17], which was improved in [8] by taking the intrinsic conversion rate of users into account. Another popular way of
modeling attributions in online advertising is via Shapley values,
and their modifications from cooperative game theory [5, 14]. A
drawback of all these methods is that they fail to capture sequential
dependencies in the journey, which is a major challenge in the
B2B setting, as mentioned earlier. To tackle this, an attention-based
Recurrent Neural Network (ARNN) model was designed in [11]
where attention weights were used to compute touchpoint attributions. Another RNN-based method with attributions computed
using Shapley values was designed in [6]. While these methods
perform very well on digital advertising datasets, they have comparatively lower performance on B2B journeys. The RNNs used in
these capture sequential dependencies but only have limited access
to past touchpoints which is limiting in the B2B setting due to the
presence of longer sequential dependencies. It is also well known
that RNNs face the problem of vanishing/exploding gradients on
long journeys such as those in the B2B world, which could greatly
hamper performance.

Contributions: We attempt to solve the B2B-MTA problem in this
paper and make the following contributions:

3

A customer journey is called “completed” if they go through some
or all of the stage transitions and their purchase decision is known.
We are now ready to describe the main problem statement tackled
in this work.
The B2B-MTA Problem: Given access to a collection of completed
customer journeys (as a sequence of touchpoints), their eventual
conversion (purchase) label, and timestamps of all stage transitions,
we aim to solve the following MTA problems for all converted
journeys, i.e., journeys where a purchase happened.
• Problem 1: Attribute credit of eventual conversion to the
different stage transitions.
• Problem 2: Attribute credit of each stage transition to touchpoints and channels that led to it.
• Problem 3: Attribute credit of eventual conversion to individual touchpoints and channels.

(1) We build a deep learning-based model called Stage-TCN to
model conversion of B2B customer journeys as a non-linear
function of different stage transitions in the journey.
(2) We adapt the Layer-wise Relevance Propagation (LRP) technique to our models for attributing conversion credit to stage
transitions, touchpoints, and channels. While doing so, we
also attribute credit of stage transitions to touchpoints that
precede them.

PROPOSED METHODOLOGY

In this section, we provide complete details of our methodology.
The high level strategy of our method is to model conversion of
completed2 B2B journeys. We first supply all details of our conversion model. Following this, we perform multi-touch attribution
using a model explanation technique which scores stage transitions,
touchpoints and channels. Even though in Section 1 we described
four specific stage transitions, here we consider the general case
2 i.e.

purchase decision has been taken
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and assume at-most 𝑟 such possible transitions exist for each journey. We assume the following input format for each journey in our
dataset.
(1) A sequence of 𝑟 + 1 numbers 𝑛 1, . . . , 𝑛𝑟 and 𝑦, where 𝑛𝑖
𝑖 ∈ {1, . . . , 𝑟 } correspond to the number of touchpoints that
precede the 𝑟 stage transitions respectively, and 𝑦 is the
purchase label. Note that the last stage transition is always
the closure of journey (with or without purchase) and thus
𝑛𝑟 denotes length of the journey as well.
(2) A sequence (𝑥 1, . . . , 𝑥𝑛 ) (𝑛 = 𝑛𝑟 ) of touchpoints where 𝑥 1
occurs before 𝑥 2 and so on. Each 𝑥𝑖 , 𝑖 ∈ {1, . . . , 𝑛} is a vector
in R𝑝 × N𝑞 , i.e. the first 𝑝 co-ordinates are numeric and the
last 𝑞 co-ordinates are categorical.
Next, we describe salient features of our Stage-TCN model.
Stage-TCN Model: At a very broad level, our model contains
𝑟 different components (sub-networks) 𝑆 1, . . . , 𝑆𝑟 , each representing one stage transition. The network 𝑆𝑖 , takes the sub-sequence
(𝑥 1, . . . , 𝑥𝑛𝑖 ) as input and outputs a vector 𝑌𝑖 ∈ R2 . At the output
node, 𝑌1, . . . , 𝑌𝑟 are concatenated and a dense layer is applied giving
𝑌𝑜𝑢𝑡 = (𝑌𝑜𝑢𝑡 [0], 𝑌𝑜𝑢𝑡 [1]) = 𝐷𝑒𝑛𝑠𝑒 (𝑌1, . . . , 𝑌𝑟 ) ∈ R2 .
This is followed by a softmax 𝜎 to get 𝑌𝑝𝑟𝑒𝑑 , the probability of
conversion. The loss function used for training is sparse softmax
cross entropy with logits over 𝑌𝑜𝑢𝑡 .
𝑌𝑝𝑟𝑒𝑑 = 𝜎 (𝑌𝑜𝑢𝑡 ) =
𝐿𝑜𝑠𝑠 = −

1
∑︁

𝑒 𝑌𝑜𝑢𝑡 [1]
𝑒 𝑌𝑜𝑢𝑡 [0] + 𝑒 𝑌𝑜𝑢𝑡 [1]

Architecture of component 𝑆𝑖 : Each network 𝑆𝑖 is modeled as a
TCN (Appendix A) that takes the sequence (𝑥 1, . . . , 𝑥𝑛𝑖 ) as input
and outputs 𝑌𝑖 . It’s architecture is exactly like the layered TCN
model described in Appendix A. Assuming that the TCN takes 𝑚𝑖
inputs3 (ordered in time), we need to modify the input when 𝑚𝑖 , 𝑛𝑖
are not equal. If 𝑛𝑖 > 𝑚𝑖 , then the input sequence is truncated
from the beginning and (𝑥𝑛𝑖 −𝑚𝑖 +1, . . . , 𝑥𝑛𝑖 ) is used as the input. If
𝑛𝑖 < 𝑚𝑖 , then the sequence is padded with zeroes in the beginning
to make it of length 𝑚𝑖 . For simplicity, let’s assume (𝑧𝑖,1, . . . , 𝑧𝑖,𝑚𝑖 )
is the final input sequence for the TCN. Recall that each input
touchpoint is assumed to be in R𝑝 × N𝑞 i.e. first 𝑝 features are
numeric and the last 𝑞 are categorical. The discrete features are
passed through an embedding layer, mapping them into numeric
vectors of length 𝑒 (called embedding dimension). Therefore, our
input to the TCN block is a 𝑚𝑖 length sequence of vectors in R𝑝+𝑒𝑞 .
We assume the TCN has 𝐿 hidden layers (where 𝐿 is tuned as a
hyperparameter). In order to capture long term memory, we use
dilated convolutions described in Equation 2 (Appendix A) with
dilation factor 2𝑙 for layer 𝑙 along with a large filter size 𝑘. Assume
that the output at the 𝐿𝑡ℎ (final) layer of the TCN is 𝑦𝑖,1, . . . , 𝑦𝑖,𝑚𝑖 ,
i.e.,
𝑦𝑖,1, . . . , 𝑦𝑖,𝑚𝑖 = 𝑓𝑇𝐶𝑁 (𝑧𝑖,1, . . . , 𝑧 1,𝑚𝑖 )
where 𝑓𝑇𝐶𝑁 denotes the TCN model. We slice the output and extract
𝑦𝑖,𝑚𝑖 = (𝑦 1, . . . , 𝑦𝑑 ) ∈ R𝑑 . Here 𝑑 denotes the number of filters used
at the 𝐿𝑡ℎ layer which we also tune as a hyperparameter. Finally, we
apply a linear network with weights (𝑣 0, . . . , 𝑣𝑑 ) and (𝑤 0, . . . , 𝑤𝑑 )
(to be learned) on this to get
𝑌𝑖 = (𝑣 0 +

(1)

where 𝑌𝑇 𝑟𝑢𝑒 [𝑖] is the label corresponding to 𝑖 𝑡ℎ class. Figure 1
provides an illustration of the above. Next, we explain the individual
networks 𝑆 1, . . . , 𝑆𝑟 .

𝑑
∑︁

𝑣𝑖 𝑦𝑖 , 𝑤 0 +

𝑖=1

𝑌𝑇 𝑟𝑢𝑒 [𝑖] log(𝜎 (𝑌𝑜𝑢𝑡 [𝑖]))

𝑖=0
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𝑑
∑︁

𝑤𝑖 𝑦𝑖 )

𝑖=1

which is fed into Equation 1. Figure 5 in Appendix A shows a
detailed illustration of TCN network architecture. This completes
our description of the Stage-TCN model.

3.1

Attribution Model

Our attribution methodology applies a Layer-wise Relevance Propagation (LRP) framework (Appendix B) on trained Stage-TCN models.
The main task in LRP is to set relevance back-propagation rules
from the output all the way down to the inputs. For all journeys
that convert, we compute relevance of all the nodes (using specific
propagation rules) with respect to output 𝑌𝑜𝑢𝑡 (1) since it essentially captures the positive class. Since we are only interested in
assigning positive attributions in our B2B journeys, we perform a
mild post-processing to remove the negative attributions and normalize across nodes appropriately. These processed scores are then
interpreted as the desired attribution scores. For attributing credit
of stage transitions to touchpoints, we use relevance of touchpoints
relative to the stage-transition relevance. This leads to a complete
resolution of our problem statement in Section 1. We explain each
step in more detail below.

Figure 1: Stage-TCN model

Attribute conversion to stage transitions: We compute the attribution of 𝑖 𝑡ℎ stage transition using relevance 𝑅𝑖 of the output node of
𝑆𝑖 with respect to 𝑌𝑜𝑢𝑡 (1). Since 𝑌𝑜𝑢𝑡 (1) is computed via a dense
layer on outputs 𝑌1, . . . , 𝑌𝑟 , we use the dense layer propagation
3𝑚

𝑖

will be tuned as a hyperparameter
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rule from Definition B.1 in Appendix B. Note that since 𝑌𝑖 ∈ R2 ,
relevance 𝑅𝑖 = (𝑅𝑖,1, 𝑅𝑖,2 ) ∈ R2 as well4 . We normalize the positive
relevances in set {𝑅𝑖,𝑗 : 𝑖 ∈ {1, . . . , 𝑟 }, 𝑗 ∈ {1, 2}} to sum up to
𝑌𝑜𝑢𝑡 (1) and clip the negative relevances to 0. Finally, to get attribution of stage transition in component 𝑆𝑖 , we simply add these
modified 𝑅𝑖,1 and 𝑅𝑖,2 together to get the attribution 𝐴𝑖 .
Attribute stage transitions to touchpoints: This is done by backpropagating relevance 𝑅𝑖 that was computed above, all the way
down to the touchpoints of 𝑆𝑖 i.e. (𝑧𝑖,1, . . . , 𝑧𝑖,𝑚𝑖 ) 5 . We use the dense
layer propagation rule from Definition B.1 followed by the propagation rule for dilated convolutional layers and skip connections
outlined in Definitions B.2 and B.3 (Appendix B) respectively. Propagating relevance of just one of the 𝑆𝑖 (i.e. 𝑅𝑖 ) will only attribute
credit of the 𝑖 𝑡ℎ stage transition to the embeddings ∈ R𝑝+𝑒𝑞 of input
touchpoints in 𝑆𝑖 . Similar to the stage transition attribution, we
clip all the negative co-ordinates of these relevance vectors to 0
and normalize the positive ones to sum up to 𝐴𝑖 . Finally, we add
these modified co-ordinates for each touchpoint 𝑧𝑖,𝑗 in 𝑆𝑖 and get
it’s attribution score 𝐴𝑖,𝑗 relative to the 𝑖 𝑡ℎ stage transition.
Attribute conversion to touchpoints: To calculate this, at each
touchpoint we accumulate the relative attributions that were obtained for the different stage transitions as described above. The
accumulated scores thus obtained are interpreted as attribution of
conversion to all the touchpoints.
Attribute conversion to channels: Once we have the touchpoint
level attribution scores, for each journey, we accumulate the attributions of all touchpoints that occur via the channel and obtain channel level attribution scores (for each journey). We also aggregate
this over all the journeys to obtain aggregate channel attributions.

4

OUR DATASETS

In Section 5, we conduct experiments on two real world B2B customer journey datasets. The first one (called Dataset 1) is from a
Fortune 500 software company that sells marketing automation
software to its customers. The second dataset (Dataset 2) is from a
leading global technology company that provides enterprise marketers a platform to enhance their visual brand content at scale.
Dataset 1 contains about ∼55K customer journeys that occurred
between December 2010 and August 2019. We use ∼44K of these
for training our models, ∼5.5K for validation/model-selection and
the remaining (∼5.5K) as test data on which we report our metrics.
Dataset 2 contains about ∼16K customer journeys that occurred
between January 2000 and August 2020. We use ∼10K of these for
training our models, ∼3K for validation/model-selection and the
remaining (∼3K) as test data. In both our datasets, the number of
touchpoints per journey (called journey-length) varies from as small
as 5 to values in 1000s. Each touchpoint contains information about
the channel through which it occurred along with the timestamp at
which it occurred. Total number of channels in Dataset 1 is 53 and
that in Dataset 2 is 38. Apart from the channels and timestamps, we
also have access to some other supplementary features which help
us identify interactions where the stage transitions happened. The
current dataset has 4 such stage transitions; (a) Customer-Known,
4 it

contains relevance of both the co-ordinates of 𝑌𝑖
we only propagate till output of the embedding layer
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(b) Lead-Created, (c) Opportunity-Created, and (d) Journey-Closed.
These are explained in detail in Section 1. We create features for
each interaction containing information about its channel, time
taken from previous interaction and whether stage transition happened during this interaction (also which one). This information can
be used by our Stage-TCN model to separately represent each stage
transition with a TCN. For the baseline models (which does not
create such separate representations), this information is provided
at each interaction directly to make sure that all models receive the
same information and our model does not have any advantage in
terms of data access.

5

EXPERIMENTS AND RESULTS

In this section, we conduct two kinds of experiments. The first compares accuracy metrics of our conversion model, Stage-TCN with
many of the recent baselines mentioned in Section 2 demonstrating
that our conversion model is the most accurate with respect to
the metrics used. In our second experiment, we compute attribution scores as described in Section 3 and use perturbation based
techniques (Appendix C) to provide quantitative insights into why
our touchpoint, channel and stage transition attribution scores are
very reliable and better than the baselines. We also supplement our
results with various insights about attributions for different stage
transitions and channels relative to these transitions, providing
qualitative justification as to why a separate representation of each
stage transition is very useful. Here is a list of baseline models we
compare Stage-TCN with:
• LR is a Logistic Regression model proposed in [13]. We use
channel frequencies and number of interactions preceding
each stage transition as features. The attribution scores are
obtained at channel-level using model coefficients.
• AMTA is the Additional Multi-Touch Attribution [8] model
that uses Survival Analysis to model the effect of channel
interactions (originally ad exposures) on conversion.
• ARNN is a sequence-based model [11] that models conversion using an RNN with an attention layer. The attention
weights are used as the attribution score for each touchpoint.
• LRATT is a sequence-based model [18] that learns Logistic
Regression based global attention weights that are used as
attention over a Bi-RNN sequence model.
We create features for each touchpoint as described in Section
4. We build upon the code released by [11]6 and [18]7 to evaluate
these baselines. All the models were trained on Tesla V100-SXM2
GPUs (16GB /32GB memory) with Intel Xeon CPU E5-2686.

5.1

Conversion Model Accuracy

Let 𝑋 1, . . . , 𝑋𝑛 denote the sequence of touchpoints and 𝑌 denotes
the eventual label, we model the probability 𝑃 (𝑌 = 1|𝑋 1, . . . , 𝑋𝑛 )
as a function of 𝑋 1, . . . , 𝑋𝑛 using the baseline models and our technique described in Section 3. We tune the hyperparameters of our
models by searching over a random grid of parameters containing 100 settings each and training the model for each of these
settings on the training data. For each of the models the best hyperparameters are selected using the AUC-ROC (Area under ROC
6 https://github.com/rk2900/deep-conv-attr
7 https://github.com/joey1993/Global-Attention-RNN
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Models
LR
AMTA
ARNN
LRATT
Stage-TCN (Ours)

Dataset 1
AUC-ROC
0.68
0.67
0.74
0.66
0.79

Accuracy
0.67
0.63
0.67
0.60
0.72

Dataset 2
AUC-ROC
0.64
0.68
0.77
0.78
0.89
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Accuracy
0.77
0.77
0.77
0.59
0.85

Table 1: Accuracy results on Dataset 1 and Dataset 2
(a) Dataset 1

curve) score on the validation data. We use the following metrics
for comparison; (a) AUC-ROC score on the test data, and (b) Accuracy score i.e. number of correctly predicted labels in the test data.
To compute accuracy (on validation data) we need to threshold
the conversion probabilities. We maximize accuracy for thresholds
in set {0.01, 0.02, . . . , 0.99}. Tables 1 and 1 show the performance
of all the models for Datasets 1 and 2 respectively, computed on
the test data. As can be seen from the tables, Stage-TCN clearly
outperforms all the baseline models on both the datasets in terms
of AUC-ROC and Accuracy.

5.2

Validation of Attribution Scores

Touchpoint Attributions: For each converted journey, our method
outputs attribution scores of each touchpoint depicting their relative8 contribution to conversion. We validate these systematically
by computing AOPC scores described in Appendix C. The main
idea is to successively delete touchpoints in decreasing order of
their attribution scores and accumulate the change in conversion
probabilities (using an accurate conversion model). If attribution
scores are correct representations of a touchpoint’s influence on
conversion, then deleting highly influential touchpoints should
create a significant drop in conversion probability. Since StageTCN provides the best accuracy results, we use it as the conversion
model while calculating AOPC scores for baselines as well. Figures
2a and 2b depict the AOPC scores vs. number of touchpoints deleted
(called perturbation size) of our attribution method compared with
the attributions provided by the baselines9 ARNN and AMTA.
As mentioned earlier, LR and LRATT do not provide attribution
scores for touchpoints and therefore we do not compare them here.
Since we wish to plot AOPC for reasonably large perturbation size
(∼ 20), we restrict our datasets to converted journeys with lengths
greater than 50. All scores were computed on the respective test
datasets. We would like to note that while test data from Dataset 1
had sufficiently large number of such10 journeys (∼700), the one
from Dataset 2 had only 35 such journeys. As can be seen from
Figures 2a and 2b, on both datasets, the AOPC scores of the ordering
obtained from our attribution method is significantly higher compared to that obtained from ARNN and AMTA indicating that we
do a much better job of attributing conversion credit to touchpoints.
Channel Attributions: In this analysis, for each model we first
compute the aggregate attribution scores of different channels towards conversion by traversing each journey and accumulating
attributions of touchpoints that occur via any given channel. Then,

(b) Dataset 2

Figure 2: AOPC vs. Perturbation for touchpoint attributions
for each channel, we aggregate across all the journeys11 and denote them as attributions of the channels towards conversion. We
compute AOPC curves to validate these attributions by creating the
counterfactual situation where we delete all touchpoints that occur
from the top channels (according to the above aggregate attributions) via and accumulate the change in conversion probabilities.
Similar to the touchpoint attribution analysis, to compute these
AOPC scores we again use Stage-TCN as the conversion model due
to it’s high accuracy. Figure 3a depicts the AOPC scores vs. number
of channels deleted (called perturbation size) of our method compared with the attributions provided by baselines12 ARNN, AMTA,
LRATT and LR on Dataset 1. As can be seen from Figure 3a, the
AOPC scores of the ordering obtained from our attribution method
is strictly better compared to the orderings obtained from the baselines. For smaller values of perturbation, AOPC scores of the AMTA
model comes close to ours, while for larger perturbations, we are
clearly better. In Dataset 2, unfortunately, most journeys have very
few channels and therefore larger perturbations lead to deletion of
quite a lot of touchpoints leading to highly unreliable AOPC scores.
Therefore, we only show the above plot for Dataset 1.

(a) AOPC vs. perturbation size

(b) Top 5 channels

Figure 3: Plot on left shows AOPC score vs. perturbation size
for channel attributions and the bar chart on right illustrates
aggregate channel attributions for top channels
Since the AOPC scores only care about the ranking of channels
(decreasing order of attribution scores), our comparisons above do
not capture the actual values of these scores. In order to compare
the actual scores, we pick 5 channels that were among the top ones
according to our Stage-TCN based attribution method and compare
their aggregate attribution scores across different models. Results
are shown in Figure 3b.

8 relative

to other touchpoints in the journey
plot the AOPC scores relative to AOPC of ARNN
10 converted and with length greater than 50
9 we

11 and
12 we

normalize with respect to the other channels
plot the AOPC scores relative to AOPC of ARNN
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Stage Transition
Customer Known
Lead Created
Opportunity Created
Journey Closed

Attribution
2.7%
1.4%
84.3%
11.6%

Stage Transition
Customer Known
Lead Created
Opportunity Created
Journey Closed

Email
3%
79%
3%
0%
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Direct
81%
1%
6%
75%

Figure 4: Table on the left contains aggregate stage transition
attribution scores and the one on the right shows relative
attribution of popular channels

Stage Transition Attributions: Unfortunately, none of the baseline models provides attribution scores for stage transitions and
therefore for this analysis we only highlight insights about stage
transition attribution scores obtained from our Stage-TCN model.
Recall from Section 3 that for each converted journey, our attribution method outputs attribution scores of each stage transitions
depicting their relative13 contribution to conversion. We first aggregate these over all the converted journeys (in test data) to get
aggregate attribution scores for each stage transition. In the left
table of Figure 4, we show these aggregate attribution scores for
Dataset 1. It clearly shows that at the aggregate level, the “Opportunity Created” stage transition contributes most to conversion
(according to our technique), followed by “Journey Closed”. The
first two stage transitions i.e. “Customer Known” and “Lead Created” have much lower contributions which is understandable since
they are further from conversion. However, we would like to note
that, when we dig deeper into the attribution scores (at journey
level) for these stage transitions, we observe that in more than 14%
(9% respectively) of converted journeys “Customer Known” (“Lead
Created” respectively) gets more than 10% attribution. Alternatively,
in more than 24% (73% respectively) of converted journeys “Opportunity Created” (“Journey Closed” respectively) gets less than 1%
attribution. This implies that while at the aggregate level, the last
two stage transitions dominate significantly, for many converted
journeys they do not contribute much as all. Similarly, even though
the first two stage transitions have very low attributions at the aggregate level they have significant attributions for a large chunk of
converted journeys. This illustrates that our attribution mechanism
is accounting for contributions of all stage transitions as we would
desire in the B2B MTA application.
Attributions Relative to Stage Transitions: Using our method described in Section 3, we also compute attribution scores of touchpoints relative to stage transitions. By accumulating relative attributions of touchpoints from the same channel (within a journey)
we also obtain attribution scores for channels relative to stage transitions. By aggregating over all converted journeys, we also get the
aggregate attribution scores of channels relative to stage transitions.
In the right table of Figure 4, we present these aggregate relative
attribution scores (towards the different stage transitions) for 2 very
influential channels in Dataset 1 and show that different channels
can be important for different transitions. As can be seen, channel
“Email” has very high attribution score relative to the “Lead Created”
stage transition and no contribution to “Journey Closed”. Similarly
the channel “Direct” (direct contact) contributes significantly both
to “Customer Known” and “Journey Closed” stage transitions.
13 relative

to other stage transitions
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Multi-touch Attribution for Complex B2B Customer Journeys using Temporal Convolutional Networks

A

TEMPORAL CONVOLUTIONAL NETWORKS
(TCN)

TCNs were recently introduced as an architecture for convolutional
sequential prediction [9, 10]. They have been successfully applied in
applications such as action segmentation [9] and have also shown
strong performance on tasks such as music and language modeling
by outperforming recurrent architectures such as LSTMs and GRUs.
The goal in a sequence modeling task is to build a neural network
that takes a temporal sequence (𝑥¯1, . . . , 𝑥¯𝑛 ) 14 as input along with
corresponding outputs 𝑦1, . . . , 𝑦𝑛 , and outputs a sequence 𝑦ˆ1, . . . , 𝑦ˆ𝑛
as prediction for the desired outputs while satisfying the causal
constraint that is for all 𝑖 ∈ {1, . . . , 𝑛}, 𝑦𝑖 only depends on the “past”
i.e. on inputs 𝑥¯1, . . . 𝑥¯𝑖 and not on any future inputs 𝑥¯𝑖+1, . . . , 𝑥¯𝑚 .
To achieve this, TCNs use 1D fully convolutional networks with
“causal convolutions”, which convolve output at time 𝑖 only with
elements at time < 𝑖, in the previous layer. In general, these causal
convolutions will not be able to look back very long in the past
and therefore dilated convolutions [15] are used, which can have
exponentially large receptive fields [16]. The dilated convolutional
operation on a 1D sequence 𝒙 ∈ R𝑛 using filter 𝑓 : {0, . . . , 𝑘 − 1} at
element 𝑠 can be defined as
(𝒙 ∗ 𝑓 )(𝑠) =

𝑘−1
∑︁

𝑓 (𝑖)𝒙𝑠−𝑑𝑖

(2)

𝑖=0

where 𝑑 is the dilation factor, filter size is 𝑘 and 𝑠 − 𝑑𝑖 depicts past
direction. By increasing the dilation factor 𝑑 (common practice is
to increase it exponentially with depth i.e. 𝑑 = 𝑂 (2𝑖 ) at layer 𝑖) and
choosing a large filter size 𝑘, we can increase the receptive field
of the TCN and therefore allow for an extremely large effective
history. A typical TCN will have many (say 𝐿) layers of such dilated
convolutions. Inputs and outputs to each layer have the same length
by using the same padding. Figure 5 contains an illustration of
TCN with two hidden layers of dilated convolutions and a TCN
block with a residual connection. Some advantages of TCNs are parallelization while training and evaluation, flexibility in receptive
field size to have better control on model’s memory, more stable
gradients compared to RNNs since back-propagation is not in the
temporal direction, low memory requirement, etc.

B

LAYER-WISE RELEVANCE PROPAGATION

Layer-wise relevance propagation (LRP) [2] is a very popular technique of explaining neural network predictions and has been shown
to be quantitatively and qualitatively better at explaining predictions of deep neural networks as compared to other methods [12].
For each input’s prediction, the predicted quantity gets decomposed
into “relevance scores” of hidden nodes at each layer (including the
input layer). Then, for each layer 𝑙, these scores are interpreted as
contribution of nodes at layer 𝑙 towards prediction. Following the
notation in [2], we denote the relevance score of node 𝑑 at layer 𝑙
(𝑙)
(𝑙)
as 𝑅𝑑 . The first condition that 𝑅𝑑 s are expected to satisfy is that
at each layer 𝑙, they sum up to the prediction output, i.e.
∑︁
(𝑙)
¯ =
𝑓 (𝑥)
𝑅𝑑
𝑑 ∈𝑙
14 by
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temporal we mean ordered in time i.e. 𝑥¯1 happens before 𝑥¯2 and so on

Figure 5: Temporal Convolutional Network
(𝑙,𝑙+1)

These scores can be further broken into messages 𝑅𝑖←𝑗 sent from
node 𝑗 at layer 𝑙 + 1 to node 𝑖 at layer 𝑙. For node 𝑖 on layer 𝑙, sum
of all messages coming from nodes having 𝑖 as an input, equals it’s
relevance. Similarly for node 𝑗 on layer 𝑙 + 1, it’s relevance can be
written as sum of all the messages going from 𝑗 to it’s input nodes.
∑︁
(𝑙)
(𝑙,𝑙+1)
𝑅𝑖 =
𝑅𝑖←𝑗
(3)
𝑗:𝑖 is input for 𝑗
(𝑙+1)

𝑅𝑗

=

∑︁

(𝑙,𝑙+1)

𝑅𝑖←𝑗

(4)

𝑖:𝑖 is input for 𝑗

To calculate relevance of each node in the network, we need to
set a rule for relevance propagation. This is done in a backward
fashion and amounts to deciding a rule to break down relevance
(𝑙,𝑙+1)
of a node 𝑅𝑙+1
into the messages 𝑅𝑖←𝑗 . Once this is done for
𝑗
all nodes at a given layer 𝑙 + 1, the messages are appropriately
summed (Equation 3) at nodes in layer 𝑙 and their relevances are
computed. At the output node relevance is assumed to be equal to
the prediction 𝑓 (𝑥) of the network. Using the propagation rules,
this is back-propagated to the lower layers all the way to the inputs.
Note that for any input node 𝑖 and a hidden node 𝑗 in the network,
such that 𝑖, 𝑗 are connected by a path, we can think of relevance of
𝑖 towards output of 𝑗 as accumulation of messages on paths from
𝑖 to 𝑗. When 𝑗 is the output node, we get relevance of inputs on
the output prediction. For different kind of nodes, one can choose
different propagation rules. As an example, for node 𝑗 at layer 𝑙 + 1
Í
computing a linear function 𝑧 𝑗 = 𝑖 𝑧𝑖 𝑗 + 𝑏 𝑗 15 of it’s inputs 𝑧𝑖 𝑗 s, a
possible decomposition is
𝑧𝑖 𝑗 (𝑙+1)
(𝑙,𝑙+1)
𝑅𝑖←𝑗 =
𝑅
𝑧𝑗 𝑗
Next, we outline a few propagation rules used in Section 3.
Definition B.1 (LRP for dense layer). Consider a dense layer
calculating 𝑌 = 𝑊 𝑎¯ + 𝑏, where 𝑎¯ is the vector of activations from
previous layer and 𝑊 is the weight matrix of the dense layer. Given
relevance vector 𝑅¯ comprising of relevances of this layer’s output, we
15𝑏

𝑗

is the bias term
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propagate it to inputs from the previous layer as follows.
𝑧 = 𝑊 𝑎¯ + 𝑏 + 𝜖,

𝑠=

𝑅¯
,
𝑧

metric called area over the MoRF perturbation curve (AOPC)

𝑐 = 𝑊𝑇𝑠

𝐴𝑂𝑃𝐶 =

𝐿
1 ∑︁
(0)
(𝑘)
⟨
𝑓 (𝒙 𝑀𝑜𝑅𝐹 ) − 𝑓 (𝒙 𝑀𝑜𝑅𝐹 )⟩𝑝 (𝒙)
𝐿+1
𝑘=0

¯ we
and relevance to be propagated is 𝑅 = 𝑎 ∗ 𝑐. Note that in 𝑅/𝑧
perform component-wise division and ∗ denotes component-wise multiplication.
Definition B.2 (LRP for dilated convolutional layer). Using the same notation as above, LRP of dilated convolutional layer is
defined as
¯ 𝑘𝑒𝑟𝑛𝑒𝑙 = 𝑊 ) + 𝑏 + 𝜖,
𝑧 = 𝐶𝑜𝑛𝑣 (𝑎,

𝑠=

𝑅¯
,
𝑧

𝑐 = 𝐶𝑜𝑛𝑣_𝑏𝑝 (𝑓 𝑖𝑙𝑡𝑒𝑟 = 𝑤, 𝑔𝑟𝑎𝑑𝑠 = 𝑠)
and relevance to be propagated is 𝑅 = 𝑎 ∗ 𝑐. Note that 𝐶𝑜𝑛𝑣 is the
convolution operator and 𝐶𝑜𝑛𝑣_𝑏𝑝 is the backward propagation of
convolution.
Definition B.3 (LRP for skip connection). Output of a skip
connection is 𝑌 = 𝑈 + 𝐻 (𝑈 ) where 𝐻 is a deep network and 𝑈 is an
input. Writing 𝐻 (𝑈 ) as 𝑉 and interpreting element-wise addition as
a special case of Dense layer and applying LRP for dense layer (with
𝜖 = 0) defined above, relevances of 𝑈 and 𝑉 are given as
𝑅(𝑈 ) =

𝑈 ∗ 𝑅(𝑌𝑜𝑢𝑡𝑝𝑢𝑡 )
,
𝑈 +𝑉

𝑅(𝑉 ) =

𝑉 ∗ 𝑅(𝑌𝑜𝑢𝑡𝑝𝑢𝑡 )
𝑈 +𝑉

where ∗ is the element-wise product of vectors.

C

REGION PERTURBATION

In this section we describe the region perturbation technique developed in [12] which extends a similar technique from [2]. We adapt
the description in [12] to our situation i.e. for evaluation of attribution mechanisms for B2B customer journeys. Let a journey be given
as a time ordered sequence of touchpoints 𝒙 = (𝑥¯1, . . . , 𝑥¯𝑛 ) and
O = {¯𝑟 1, . . . , 𝑟¯𝐿 } be a set of subsets of the set {𝑥¯1, . . . , 𝑥¯𝑛 }. Further,
for every 𝑟¯𝑖 ∈ O, let ℎ𝑖 = H (𝒙, 𝑓 , 𝑟¯𝑖 ) be a heatmapping function
(computed using the attribution methodology) derived from a class
discriminant 𝑓 used for classification. This heat mapping function
indicates how important the subset 𝑟¯𝑝 of touchpoints is for representing the eventual predicted label of the journey. Without loss of
generality, we assume that the heatmap values are in decreasing
order i.e. ℎ 1 > . . . > ℎ𝐿 . Analogous to [12], we define a perturbation
process known as the most relevant first (MoRF) process by the
following recursive formula
(0)

𝒙 𝑀𝑜𝑅𝐹 = 𝒙
(𝑘)

(5)

(𝑘−1)

∀1 ≤ 𝑘 ≤ 𝐿 : 𝒙 𝑀𝑜𝑅𝐹 = 𝑔(𝒙 𝑀𝑜𝑅𝐹 , 𝑟¯𝑘 )
(𝑘)

where an ordered sequence of touchpoints 𝒙 𝑀𝑜𝑅𝐹 is created by
using a function 𝑔 that removes the touchpoints in set 𝑟¯𝑘 from the
(𝑘−1)
sequence 𝒙 𝑀𝑜𝑅𝐹 . Note that relevance (heatmap values) of the 𝑟¯𝑖
are assumed to be in decreasing order and therefore most relevant
subset is removed first, then the second most relevant is removed
and so on. In order to compare different attribution methodologies
(and the heat maps they generate), similar to [12], we define the

where ⟨.⟩𝑝 (𝒙) denotes average over all the journeys in the dataset.
When O is ordered in decreasing order of relevance (i.e. the attribution based heatmap values ℎ𝑝 ), we would expect AOPC to be
large. In the experiments in [12], LRP seemed to have significantly
higher AOPC compared to baselines such as random ordering of O,
deconvolution and sensitivity, and therefore is argued to be a much
better explanation mechanism. More details can be found in [12].

